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ABSTRACT

INTEGRATING MACHINE LEARNING AND PHYSIOLOGICAL
MODELING TOOLS FOR THE ASSESSMENT OF VOCAL FUNCTION
USING NECK SURFACE ACCELERATION

Emiro Jose Ibarra Sulbaran, MSc.

Doctor of Philosophy
Universidad Técnica Federico Santa Maria
Valparaiso, Chile, 2024

Dr. Matias Zannartu Salas, Chair

This thesis is dedicated to advancing the ambulatory assessment of vocal func-
tion by utilizing a neck-surface accelerometer attached directly to the skin surface
of the neck. The motivation lies in the fact that a fully developed ambulatory
method, capable of precisely identifying the underlying pathophysiological char-
acteristics of both normal and pathological vocal functions, could revolutionize
clinical practices in monitoring, evaluating, and treating common voice disorders.
Accordingly, this work exploits the advantages of a low-order voice production
model to introduce a non-invasive technique for estimating relevant vocal func-
tion metrics, such as subglottal pressure, vocal fold collision pressure, and intrin-
sic laryngeal muscle activation of the cricothyroid and thyroarytenoid muscles,
based on signals from an accelerometer sensor. In the first stage, a Bayesian
framework based on a constrained extended Kalman filter is proposed to link a
low-order voice production model with either a glottal area waveform extracted
from high-speed video recordings or glottal airflow estimated from Rothenberg
mask measurements. The results provide new insights into the capacity of the
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selected voice production model to replicate different phonation conditions and
highlight the feasibility of using this method to estimate clinical measures that are
difficult to ascertain in a clinical setting. The second stage of the thesis focuses on
an alternate solution: a neural network trained exclusively with simulations from
a voice production model. This nonlinear regressor maps seven input features,
which can be extracted from an accelerometer signal, to the target measures of
vocal function. The efficacy of this method, particularly in terms of subglottal
pressure, was validated through in vivo recordings, which included synchronous
measurements of oral volume velocity, intraoral pressure, microphone, and ac-
celerometer. This method was applied to healthy and disordered voices (unilateral
vocal fold paralysis and both phonotraumatic and nonphonotraumatic vocal hy-
perfunction). Participants were prompted to articulate /p/-vowel syllable strings,
varying loudness, vowels, pitch, and voice quality. The neural network, trained
with synthetic data, demonstrated subglottal pressure estimation comparable to
that of previous studies for subjects without voice disorders. However, this non-
linear mapping was found to be less robust in cases of pathology. In the search
for more accurate subject-specific models, the final research stage focuses on re-
fining the neural network regressor, initially trained solely with simulations from
a synthetic voice production model. This refinement is carried out by employing
a domain adaptation strategy from synthetic to in vivo laboratory data, result-
ing in an improved estimate of subglottal pressure. This method yielded a set of
subject-specific models that provided the most accurate estimation of subglottal
pressure to date for both normal and disordered voices using an accelerometer.
Additionally, through a case study—which, alongside the previously mentioned in
vivo synchronous measurements, also incorporates fine-wire laryngeal electromyo-
graphy—it is demonstrated that the performance of the subject-specific regressor
in estimating subglottal pressure is maintained while concurrently estimating mus-
cle activation of the cricothyroid and thyroarytenoid muscles. Overall, this thesis
advances the field of vocal function assessment through a series of significant
contributions. The proposed Bayesian framework reduces the need for multiple
observations while yielding robust and reliable estimates of features that are diffi-
cult to measure in clinical practice. It also innovatively combines machine learning
techniques with the voice production model to estimate physiologically relevant
features such as subglottal pressure, vocal fold collision pressure, and laryngeal
muscle activation from neck-surface accelerometers. Furthermore, this work in-
troduces a subject-specific nonlinear regression enhanced by transfer learning,
significantly improving the estimation of subglottal pressure from neck-surface vi-
bration signals, with promising potential for application to other vocal function
parameters.

Vil



Contents

LIST OF TABLES . . . . . . . . . . o . XV
LIST OF FIGURES . . . . . . . .. . .. XX
ABBREVIATION . . . . . . XX
1 Introduction 1
1.1 Motivation . . . . . . . ..o 1
1.2 Goals. . . . . . 6
1.2.1 General Aim . . . . . ... 6
1.2.2  Specific Aims . . . . . ..o 6
1.3 Hypotheses . . . . . . . . .. 7
1.4 Overview of the proposed methods . . . . . . .. ... ... ... 9
1.5 Scientific contributions . . . . . . .. ..o 11
1.6 Publications . . . . . . ..o 13
1.6.1 Journals Papers. . . . . .. .. ... ... ... ... ..... 13
1.6.2 Journals papers in review . . . . .. ... ... 14
1.6.3 Conferences . . . . . . . . ... 15



2 Background 18

2.1 Inverse methods for vocal function estimation . . . . .. ... .. 18
2.1.1 The optimization-based voice inversion methods . . . . . . . . 19
2.1.2 Bayesian inference from voice production model . . . . . . . . 22
2.1.3 Machine learning tools and voice production model . . . . . . 28
2.1.4  Linear regression models . . . . . . ... .. 000 30

2.2 Voice production model . . . . . . .. ... oL 33
221 Vocal foldmodels. . . . . ... .. ... 34
2.2.2 TBCM controlled with five intrinsic laryngeal muscles . . . . 37
2.2.3 Interactions at the glottis and acoustic wave propagation . . . 41

2.3 Chapter conclusions . . . . . . . . ... ... ... ... ... .. 42

3 Estimation of vocal function measures using constrained ex-

tended Kalman filter 45
3.1 Discrete state-space model of phonation . . . ... ... .. ... 46
3.1.1 Glottal area waveform as observation . . . . . . .. ... ... 48
3.1.2  Glottal airflow as observation . . . . . ... ... ... .... 51
3.2 Kalman filter . . . . . . ... oo 52
3.2.1 Extended Kalman filter . . . . . . . ... ... ... . .... 54
3.2.2  Constrained extended Kalman filter . . . . . . ... ... .. 5%)
3.3 Laboratory recordings . . . . . .. ... ... L. 59

ix



3.3.1 Dataset 1 . . . . . .. 60

3.32 Dataset 2 . . . ..o 63
34 Results. . . .. . 65
3.4.1 Experiment 1 . . . . . . .. . ... 65
3.4.2 Experiment 2 . . . . . ... 71
3.4.3 Experiment 3 . . . ... .. L 7
344 Experiment 4 . . . .. ..o L 82
3.5 Chapter conclusions . . . . . . .. . ... ... ... .. 89

Estimation of vocal function from an accelerometer using a

neural network 91

4.1 Proposal scheme for vocal function estimation from accelerometer 92

4.2 Voice production model-based dataset . . . . . . . ... ... ... 95
4.3 Laboratory recordings with reference to subglottal pressure . . . . 96
4.3.1 Dataset 3 . . . . ... 97
4.3.2 Dataset 4 . . . . .. 101
4.4 Neural network architecture and training . . . . . . . . ... ... 104
4.5 Results. . . . . . o 107

4.5.1 Estimation of subglottal pressure in synthetic and laboratory

Dataset 3 . . . . . 108



4.5.2  Vocal fold collision pressure and laryngeal muscle activation

estimation . . . . . . ..o 117
4.5.3 Subglottal pressure estimation on pathological cases. . . . . . 118
4.6 Chapter conclusions . . . . . . . . .. ... 121

5 Transfer learning for improving neural network estimation from
a neck-surface accelerometer 125
5.1 Proposal transfer learning scheme . . . . . . . . .. ... ... .. 126

5.2 Transfer learning from simulated voice production to in vivo record-

INGS . .« .« oo 128
5.3 Laryngeal EMG Dataset 5: A casestudy . . . . .. .. ... ... 130
5.4 Neural network architecture and fine-tuning strategy . . . .. .. 137
5.5 Results . . . . . .o 140

5.5.1 General neural network with transfer learning for subglottal
pressure estimation . . . . . . . ... ... 141

5.5.2  Subject-specific neural network for subglottal pressure estimation148

5.5.3 Subject-specific neural network for muscle activations estimation152

5.5.4  Subject-specific neural network for subglottal pressure and mus-

cle activations estimation . . . . . . . . . ... ... ... 156
5.6 Chapter conclusions . . . . . . . . .. .. ... ... ... 160
6 Conclusions 164

x1



List of Tables

3.1

3.2

3.3

3.4

3.5

RMSE between CEKF model estimations and measurement-based
observations for A, and U, for a male from Dataset 1 when glottal

area waveform is used as the observation state. . . . . . . . . . ..

Mean (standard deviation) of muscle activations (acr, ara), sub-
glottal pressure (Ps), peak of VF collision pressure (P.), estimated
by the CEKF for a male from Dataset 1 when glottal waveform is

used as the observation state. . . . . . . . .. ... ... .. ..

RMSE between CEKF model estimations and measurement-based

observations for A, for the subjects in Dataset 2. . . . . . .. ..

Mean (standard deviation) of muscle activations (acr, ara), sub-
glottal pressure (Ps) and peak of VF collision pressure (P,), for the

three subjects from Dataset 2, as estimated by the CEKF.

RMSE between CEKF model estimations and measurement-based
observations for A, and U, for a male from Dataset 1 when glottal
airflow is used as the observation state. . . . . . . . . . .. .. ..

xii

70

72

76

77



3.6

3.7

3.8

4.4

4.5

4.6

4.7

Mean (standard deviation) of muscle activations (acr, ara), sub-
glottal pressure (Ps), peak of VF collision pressure (P.), estimated
by the CEKF for a male from Dataset 1 when glottal airflow is used

as the observation state. . . . . . . . . . ... .. ... ..

RMSE between CEKF model estimations and measurement-based

observations for U, for the subjects in Dataset 3. . . . . ... ..

Mean (standard deviation) of muscle activations (acr, ara), sub-
glottal pressure (P;) and peak of VF collision pressure (P.), for the
three subjects from Dataset 3, as estimated by the CEKF. Loudness

intensities levels: 1: Soft, 2: Comfortable, 3: Loud. . . .. .. ..

MAE and RMSE for the estimated P; as obtained using the pro-
posed NN regression model, compared with reference measures from

synthetic and laboratory test data in Case I. . . . . . . . ... ..

MAE and RMSE for the estimated P; as obtained using the pro-
posed NN regression model, compared with reference measures from

synthetic and laboratory test data in Case II. . . . . . . .. ...

Comparison of the estimated P, using the proposed NN regression

model with those obtained in previous studies. . . . . . . . . . ..

Assessment of estimated vocal measures P,, P., ara, and acr using

synthetic dataset. . . . . . . . . ... ... ... L.

83

87

38

112

113

116



4.8

5.2

5.3

5.4

5.9

5.6

RMSE and MAE error metrics for subglottal pressure estimation
using a neural network with two hidden layers and four neurons in

Dataset 4. . . . . . . 120

Hyperparameters search space for the baseline model. . . . . . . . 139

Subglottal pressure estimation errors metrics for a neural network
training using random initialization and transfer learning (TL) strat-

egy with sequential frozen layers (FL) in Dataset 3. . . . . . . .. 143

Error metrics for general subglottal pressure estimation using neu-
ral network training with and without transfer learning (TL) across
four participant groups: Control, Phonotraumatic Vocal Hyper-
function (PVH), Nonphonotraumatic Vocal Hyperfunction (NPVH),

and Unilateral Vocal Fold Paralysis (UVFP) in Dataset 4. . . . . 147

Error metrics for subglottal pressure estimation using subject-specific
neural network training with and without transfer learning (TL)
across four participant groups: Control, Phonotraumatic Vocal
Hyperfunction (PVH), Nonphonotraumatic Vocal Hyperfunction

(NPVH), and Unilateral Vocal Fold Paralysis (UVFP) in Dataset 4. 150

Error metrics for muscle activation estimation from a subject-specific
neural network for pitch glides of vowels /a/ and /i/ in Dataset 5. 154

X1v



5.7 Error metrics for subglottal pressure and muscle activation esti-
mation from a subject-specific neural network for plosives /pae/

phonatory tasks in Dataset 5. . . . . ... ... ... ... .. ..

XV



List of Figures

2.1 General scheme of optimization-based voice inversion methods. . . 20
2.2 General scheme of the Extended Kalman Filter for voice inversion. 27

2.3 Scheme of combined low-order vocal fold model and LSTM network. 29

2.4 Three-dimensional representation of the body cover model. . . . . 35
2.5 Schematic of the triangular body-cover model of the vocal folds . 38
3.1 Muscle activation map . . . . . . . ... ... 58
3.2 High-speed video measurement and data acquisition system . . . . 61

3.3 Pre-processing example from High-Speed Video Dataset 2 for ob-

taining GAW (Observed state). . . . .. ... .. ... .. .... 64

3.4 CEKF model estimations for a male from Dataset 1: vowel /a/ and

/i/ signals using the glottal area as observation state . . . . . .. 67

3.5 CEKF model estimations for a male from Dataset 1: analysis of
the three middle segments of /pee/ strings signals using the glottal
area as the observation state . . . . . . .. ... ... L. 68

Xvi



3.6

3.7

3.8

3.9

3.10

3.11

3.12

3.13

4.1

CEKF model estimations for subject M0O1 from Dataset 2: sus-
tained vowel in low and high pitch levels. . . . . . . .. ... ...
CEKF model estimations for subject M03 from Dataset 2: sus-
tained vowel in low and high pitch levels. . . . . . . .. ... ...
CEKF model estimations for subject M04 from Dataset 2: sus-
tained vowel in low and high pitch levels. . . . . . . . ... . ...
CEKF model estimations for a male from Dataset 1: vowel /a/ and
/i/ signals using the glottal airflow as observation state . . . . . .
CEKF model estimations for a male from Dataset 1: analysis of
the three middle segments of /pae/ strings signals using the glottal
airflow as the observation state . . . . . ... ... .. ... ...
CEKF model estimations for subject NFO1 from Dataset 3: a seg-
ment of /pae/ string in three loudness levels. . . . . . .. ... ..
CEKF model estimations for subject NF02 from Dataset 3: a seg-
ment of /pae/ string in three loudness levels. . . . . . . . . .. ..
CEKF model estimations for subject NF03 from Dataset 3: a seg-

ment of /pae/ string in three loudness levels. . . . . . . . ... ..

A schematic of the proposed method for the ambulatory vocal as-
sessment based on processing the neck skin acceleration signal and

a regression neural network. . . .. . ...

73

74

5

79

80

84

85

86



4.2

4.3

4.4

4.5

4.6

4.7

5.1

5.2

5.3

5.4

5.5

An example of the repeated /pae/ gesture for one female participant

in Dataset 3.. . . . . . .

An example of the repeated /pae/ gesture with descending loudness

for one male participant in Dataset 4. . . . . . . . ... ... ...
A schematic for the proposed training procedure. . . . . . . . ..

Normalized histogram illustrating vocal features from the clinical

dataset and synthetic dataset. . . . . . . ... ...

Mean Squared Error (MSE) versus epoch for training and validation

across two neural network architectures. . . . . . . . . ... ...

Comparison of laboratory-estimated subglottal pressure with cor-

responding estimates from the trained neural network. . . . . ..

Scheme of the transfer learning procedure. . . . . . . . .. .. ..

EMG signal processing before normalization for right TA during

comfortable /pae/. . . .. ..o

Percentile 95% for the amplitude of envelope EMG signals for right

99

104

106

108

110

115

127

134

135

Microphone and normalized EMG signals during comfortable /pse/. 138

XVviii



5.6

5.7

5.8

5.9

5.10

5.11

5.12

5.13

5.14

Comparison between laboratory-estimated subglottal pressure and
the corresponding estimates from the trained neural network, for
previous results and using transfer learning. . . . . . ... .. .. 144
Mean squared error (MSE) versus epochs for the re-training and
validation of a neural network with one layer frozen, across 10 folds. 145
Comparison of RMSE in general P, estimation among three methods. 149
Comparison of the mean RMSE for the best fold of subject-specific
neural network estimation among three methods. . . . . . .. .. 151
Mean squared error (MSE) versus epochs for the re-training and
validation of a neural network with one layer frozen, across tasks. 153
Comparison between laboratory-measured normalized muscle acti-
vations and the corresponding estimates from subject-specific NN. 155
Normalized muscle activation obtained from laboratory measure-
ments and estimated from subject-specific NN, from phonatory task
pitch glides vowel /a/. . . . . . ... oo L 157
P, and normalized muscle activation obtained from laboratory mea-
surements and estimated from subject-specific NN, for plosive /pae/
task in comfortable loud and normal pitch. . . . . . . .. ... .. 159
P, and normalized muscle activation obtained from laboratory mea-
surements and estimated from subject-specific NN, for plosive /pae/
task descending loudness with normal pitch. . . . . . ... . . .. 160

XixX



ACC
ACFL
ANOVA
BCM
CEKF
CT
EGG
EKF
EMG
GAW
GVV

H, — H,
HPF
HSV
HSD

IA

IBIF
IOP

LCA

ABBREVIATIONS

Neck-skin ACCelerometer (sensor or signal)
Alternating Current Flow or AC-flow
Analysis of Variance

Body-Cover Model

Constrained Extended Kalman Filter
Cricothyroid muscle
Electroglottography

Extended Kalman Filter
Electromyography

Glottal Area Waveform

Glottal Volume Velocity

Harmonic 1 to Harmonic 2 ratio
High Pass Filter

High-Speed Videoendoscopy
Honestly Significant Difference
Interarytenoid

Impedance-Based Inverse Filtering
Intra-Oral Pressure

Lateral Cricoarytenoid muscle

XX



LIG
LPF
LSTM
MAE
MAP
MAPE
MIC
MFDR
MSE
MUC
NN
NPVH
0Q
ovv
PCA
PGO
PVH
RMS
RMSE

SD

Ligament

Low Pass Filter

Long Short-Term Memory

Mean Absolute Error

Maximum Posterior

Mean Absolute Percentage Error
Microphone

Maximum Flow Declination Rate
Mean Squared Error

Mucosa

Neural Network
Non-Phonotraumatic Vocal Hyperfunction
Open Quotient

Oral Volume Velocity

Posterior Cricoarytenoid muscle
Posterior Glottal Opening
Phonotraumatic Vocal Hyperfunction
Root Mean Squared

Root Mean Squared Error

Standard Deviation

xx1



SPL
SQ

TA
TBCM
TL
UVFP
VF

VH

Sound Pressure Level

Speed Quotient

Thyroarytenoid muscle
Triangular Body-Cover Model
Transfer Learning

Unilateral Vocal Fold Paralysis
Vocal Fold

Vocal Hyperfunction

xxil



Chapter 1

Introduction

1.1 Motivation

Laryngeal voice disorders significantly affect various aspects of life, including
communication, financial stability, social interactions, work-related functions, and
psychological well-being [1]. These disorders are prevalent globally and pose a
significant occupational health concern. They affect approximately 7.7% of the
adult population annually [2]. In the United States, roughly 30% of adults have
experienced these disorders at some point in their lives [3]. Specifically, in Chile,
approximately 75% of school teachers encounter voice-related problems, ranking
these disorders as the second most common occupational health issue among the
working-age population [4]. This high prevalence underscores the urgent need for
effective management and intervention strategies for voice disorders, especially in

professions that place high demands on vocal use.

Several prevalent vocal pathologies are usually preceded by detrimental pat-
terns of daily behavior and abuse of voice, known as vocal hyperfunction (VH)
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[5]. VH manifests in two forms: Phonotraumatic VH (PVH), associated with
the formation of benign vocal fold lesions, and non-phonotraumatic VH (NPVH),
which causes dysphonia and vocal fatigue without vocal fold (VF) tissue trauma
or other conditions affecting phonation [6]. While the general concept of VH is
widely accepted and applied in clinical practice, the underlying etiological and
pathophysiological mechanisms remain unclear. This lack of clarity hinders its

effective prevention, diagnosis, and treatment [5, 7).

Substantial evidence indicates that key clinical assessment measures, including
subglottal pressure (P;), vocal fold collision pressure (F,), and laryngeal muscle
activation, are essential for comprehensively understanding the characteristics and
behaviors of various voice pathologies. For instance, Espinoza et al. demonstrated
that measurements of P, can effectively distinguish patients with vocal hyperfunc-
tion from vocally typical control speakers [8]. Similarly, research by Zeitels et al.
revealed that significant changes in P; serve as indicators of post-surgical outcomes
in patients with unilateral vocal fold paralysis (UVFP) [9] and laryngeal cancer
[10]. Chhetri et al. found that in laryngeal dystonia, intrinsic laryngeal muscles
exhibit hyperfunction, while in conditions like paresis and paralysis, they are hy-
pofunctional [11]. Furthermore, Hillman et al. concluded that trauma-induced
vocal fold lesions in PVH, such as nodules and polyps, often result from compen-
satory behaviors leading to increased vocal fold collision pressures [5]. They also
noted that NPVH involves excessive activity of laryngeal muscles [7]. This com-

2



pilation of research underscores the multifaceted nature of voice pathologies and
highlights the pivotal role of clinical vocal function assessments in their diagnosis

and management.

Measuring vocal function features often requires cumbersome and invasive pro-
cedures, limiting their use in clinical settings. For example, subglottal pressure
can be measured using direct methods such as tracheal puncturing [12, 13, 14]
or by inserting miniature pressure transducers transorally (through the mouth)
to reach the vocal tract [15, 16, 17, 18], as well as indirect methods involving
esophageal balloons [19, 20]. Assessing vocal fold collision pressure necessitates
a miniature sensor at the glottis, which presents significant challenges including
the size of the probe, bandwidth, potential risks to vocal fold tissue, and patient
tolerance during the examination. Only a few studies have successfully gathered
contact pressure data in human subjects using this method [18, 21]. Addition-
ally, measuring laryngeal muscle activity requires intramuscular electromyography,
recorded using needles or hooked-wire electrodes [22, 23]. The infrequent use of
these techniques in clinical settings is generally due to their invasive nature and
the need for expensive and specialized equipment.

Ambulatory voice monitoring with a neck-surface accelerometer (ACC) en-
ables the assessment of daily vocal function and has demonstrated potential in
modifying vocal behaviors through ambulatory biofeedback [24, 25, 26, 27, 28].
Numerous features can be extracted from the recordings of the ACC signal, includ-
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ing phonation duration, sound pressure level (SPL) [29], fundamental frequency
(fo) [30], vocal vibration-dose measures [31, 32], spectral and cepstral measures
6, 33], subglottal pressure [34, 35, 36, 37, 38|, and aerodynamic measures [39, 40].
These measures have been utilized to differentiate daily voice use in patients with
vocal hyperfunction from matched controls [30, 40, 41] and to monitor changes
related to surgical and voice therapy treatments for hyperfunctional voice disor-
ders [42, 43]. The current classification accuracy using these parameters ranges

from 0.7 to 0.85.

On the other hand, recent lines of research have taken advantage of the physio-
logical relevance of the numerical voice production model to propose non-invasive
methods for estimating relevant measures that are difficult to obtain in clinical set-
tings. Prominent among these approaches are optimization-based voice inversion
methods [44, 45, 46, 47, 48, 49, 50], multi-parameter estimation frameworks based
on Bayesian estimation [51, 52, 53, 54, 55, 56, 57], and machine learning-based
methods [58, 59]. These prior studies have introduced schemes for incorporating
numerical voice production models into clinical practice to develop non-invasive
methods for estimating vocal function. However, these methodologies have yet to
be adapted to estimate vocal function from ambulatory sensors like accelerome-

ters.

It is argued that estimating relevant vocal function measures from long-term
recordings can effectively capture underlying phenomena associated with both

4



healthy and pathological voices [7, 8]. The neck-surface accelerometer sensor is
particularly valuable due to its non-invasive nature and the ability to be com-
fortably worn by speakers in various settings, including laboratories, clinical envi-
ronments, and ambulatory situations. Additionally, methods based on numerical
models present attractive alternatives, being suitable for representing a broad
spectrum of phonation conditions and facilitating access to measures that are
difficult to obtain experimentally. On one hand, Bayesian inference from the
low-order voice production model method has demonstrated promising results in
deriving vocal function parameters using in vivo measures from a case study [51].
On the other hand, machine learning techniques trained with a synthetic numer-
ical model offer significant advantages for voice assessment features by providing
accurate predictions and efficient implementations [59]. In this thesis, the benefits
of numerical modeling of voice production are leveraged in two distinct contexts:
within a Bayesian inference framework and through the use of machine learning
tools. The aim is to predict relevant clinical parameters, such as subglottal pres-
sure, vocal fold collision pressure, and intrinsic laryngeal muscle activation. The
overarching goal of this work is to propose a non-invasive method for estimat-
ing vocal function in both normophonic and disordered voices, which could be

applicable in various settings, from clinical to ambulatory.



1.2 Goals

1.2.1 General Aim

To develop frameworks based on a low-order voice production model to esti-
mate advanced vocal function features from neck-surface vibrations in both normal

and disordered voices.

1.2.2 Specific Aims

1. To investigate the capabilities of a low-order voice production model for
mimicking the behavior of vocal function as observed in laboratory mea-

surements in a Bayesian framework.

2. To evaluate the inverse mapping between accelerometer-based features and
vocal function measures, such as subglottal pressure, vocal fold collision

pressure, and intrinsic laryngeal muscle activation using a neural network.

3. To determine if domain adaptation methods that combine numerical models
and clinical data can improve the performance of neural network mappings
for assessing vocal function using an accelerometer sensor.
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1.3 Hypotheses

e Hypothesis 1: If constraints derived from prior physiological knowledge
of the phonation process are incorporated into the Bayesian framework of a
low-order voice production model, then this model will estimate vocal func-
tion using only single observation measurements with accuracy comparable
to that of recent Bayesian inference models, which required two observation
measurements. This approach will enable the estimation of vocal functions
that are difficult to obtain in clinical scenarios using laboratory measure-

ments, without the need for simultaneous or multi-sensor recordings.

e Hypothesis 2: If a nonlinear regressor that maps features extracted from
accelerometer signals to vocal function parameters (such as subglottal pres-
sure, vocal fold collision pressure, and intrinsic laryngeal muscle activation)
is trained using data from a numerical low-order voice production model, it
will estimate subglottal pressure from accelerometer data with a root mean
squared error (RMSE) that is lower than that obtained by a linear regression
model in normal and pathological voices. The accuracy will be estimated
using reference values of subglottal pressure, obtained from intraoral pres-
sure waveforms during /p/-vowel syllables [34, 35]. This evaluation will
assess the performance of the nonlinear regressor in comparison to reported
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methods in the literature, aiming to confirm the proposed method is feasible
as a non-invasive approach for assessing vocal function in both clinical and

ambulatory settings.

e Hypothesis 3: If a nonlinear regression model, initially trained on simu-
lated data from numerical voice production models to estimate vocal func-
tion parameters, is fine-tuned with individual laboratory recordings, it will
significantly enhance the accuracy of estimating vocal function parameters
from neck-surface vibration recordings. The efficiency of this approach will
be quantified by comparing the regressor estimations of subglottal pressure
with reference values obtained from intraoral pressure waveforms during /p/-
vowel syllables, using RMSE for comparison. Mean squared error (MSE) will
be analyzed across training and validation epochs to check for overfitting.
This subject-specific tuning is expected to offer superior accuracy in sub-
glottal pressure estimation compared to all current methods reported in the
literature. Additionally, the validation of this subject-specific method will
extend to estimations of two intrinsic laryngeal muscle activations through
in vivo laboratory recordings, which include measurements of laryngeal elec-
tromyography (EMG) from a man.
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1.4 Overview of the proposed methods

The general aim of this research hinges on the ability of the selected voice pro-
duction model to replicate behaviors observed in laboratory recordings. A method
that efficiently used a low-order model to estimate subglottal pressure, vocal fold
collision pressure, and laryngeal muscle activation was the Bayesian framework
with an extended Kalman filter (EKF) [51]. This framework successfully inferred
vocal function measures, along with their corresponding confidence intervals, in
an in vivo case involving simultaneous high-speed videoendoscopy (HSV) and oral
volume velocity (OVV) recordings. However, the requirement for multiple simul-
taneous recordings limits their practical applicability. Consequently, the initial
goal of this study is to develop a Bayesian framework capable of estimating vocal
function using either HSV or OV'V as the sole observational input. In this context,
a constrained Bayesian scheme is proposed that effectively integrates physiologi-
cal knowledge about subglottal pressure and intrinsic laryngeal muscle activation
within the speech range. This new proposal was applied to laboratory datasets
without simultaneous recordings of phonation in subjects with no voice disorders.
This novel approach facilitated a qualitative study of the lumped-element model
in contexts of normal voices, encompassing variations in pitch and loudness.

The method for achieving an optimal nonlinear mapping between ACC-based
features and vocal function parameters, such as subglottal pressure, vocal fold
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collision pressure, and laryngeal muscle activation, involves training a neural net-
work (NN) with a thousand simulations from a low-order voice production model
proposed in [60]. The ACC-based features include the amplitude of the unsteady
glottal airflow (ACFL), maximum flow declination rate (MFDR), open quotient
(0Q), speed quotient (SQ), spectral tilt measured as the log-magnitude difference
between the first and second harmonics (H; — Hs), f,, and SPL. The first six
features are computed from unsteady glottal airflow signal derived from the ACC
through the impedance-based inverse filtering (IBIF) proposed in [61, 40]. The
SPL can be directly computed from the root mean square (RMS) of the micro-
phone envelope signal, calibrated in pascals, or from the RMS magnitude of the
ACC signal, as detailed in [29]. Predictions generated by this scheme were val-
idated against numerical simulations. The estimates of subglottal pressure were
then compared with reference measurements of mean subglottal pressure derived
from the intra-oral pressure (IOP) sensor using the standard airflow interruption

technique in the laboratory, both in control and pathological cases.

To efficiently transfer network parameters learned from voice model simula-
tions, domain adaptation through transfer learning (TL) is proposed to establish a
more robust nonlinear mapping between accelerometer-based features and subglot-
tal pressure. For this purpose, the NN regression architecture that demonstrated
the best performance in estimating P, in the synthetic dataset was selected. TL
is then employed to fine-tune the NN weights, using cross-validation based on
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laboratory recordings. TL was applied in two scenarios: initially, by training a
single model to estimate subglottal pressure across multiple subjects, and subse-
quently, by developing a subject-specific neural network. In this latter approach,
TL adjusts the model parameters based on recordings from individual subjects.
Subsequently, the domain adaptation method was employed to adapt a subject-
specific NN to an in vivo laboratory case that includes measures of IOP and
fine-wire EMG of the cricothyroid (CT) and thyroarytenoid (TA) muscles, allow-
ing for preliminary validation of the method in terms of P, and the two muscle

activations.

1.5 Scientific contributions

In general, this work represents the first attempt to comprehensively adapt a
physiology-based low-order voice production model to diverse estimation methods,
aiming to advance clinical and ambulatory assessment of vocal function across a

population of normal and pathological subjects.

Firstly, the proposed Bayesian framework reduces the necessity for numerous
observations while yielding robust and reliable estimates of vocal function mea-
sures. This advancement enables the correlation of the low-order voice production
model with the laboratory recordings of a specific subject, even in the absence of
multi-sensor or simultaneous measurements.
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Then, the innovative approach integrating machine learning tools with a voice
production model provides, for the first time, the ability to access physiologically
relevant model-based features, such as subglottal pressure, vocal fold collision pres-
sure, and laryngeal muscle activation, directly from a neck-surface accelerometer

signal.

Finally, this work demonstrates that incorporating transfer learning into this
combined framework enhances the robustness of the nonlinear mapping for the in
viwo assessment of vocal function. The subject-specific NN approach proposed
in this work significantly improves the estimation of subglottal pressure from
neck-surface accelerometer signals, demonstrating effectiveness in both control and
pathological cases. This method represents an advancement in P; estimation over
previous techniques reported in the literature, thereby constituting a direct con-
tribution to the state-of-the-art. Furthermore, preliminary results are presented
that demonstrate the feasibility of extending estimations from the subject-specific

NN to additional vocal functions, such as intrinsic laryngeal muscle activations.

The ability to estimate subglottal pressure using only accelerometer-based fea-
tures, within short 50-ms time windows, highlights the potential of this approach
for application in laboratory, clinical, and ambulatory settings for monitoring vo-
cal function.
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Chapter 2
Background

This research is centered on utilizing a numerical low-order voice production
model to estimate vocal function measures, which are typically challenging to
assess in clinical settings. In this context, this chapter provides a detailed back-
ground of recent inverse methods that have leveraged the physiological relevance of
numerical voice production models for voice assessment purposes. This overview
aims to justify the selection of the voice production model and the methodology
employed in this research. Additionally, this chapter describes the theoretical

foundations underpinning the chosen voice production model.

2.1 Inverse methods for vocal function estima-
tion

Inverse modeling methods use actual results from measurements of observable
parameters to infer the actual input values of the model parameters [62]. Previous
studies in voice research have employed this technique to propose non-invasive al-
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ternatives for estimating relevant clinical features. These features include, among
others, subglottal pressure, vocal fold collision pressure, and intrinsic laryngeal
muscle activation. Some inverse methodologies are based on lumped or finite el-
ement models of voice production and include optimization-based voice inversion
[44, 45, 46, 48, 50, 49, 47], Bayesian estimation [51, 56, 55, 54, 63, 52, 57], and ma-
chine learning tools [58, 59, 64]. In contrast, other successful methodologies are
directly based on the correlation between measurements and target parameters

(65, 34, 35, 36, 37, 38]. Detailed descriptions of each of these methods follow.

2.1.1 The optimization-based voice inversion methods

The optimization-based voice inversion method estimates vocal function prop-
erties by adjusting the parameters of a voice production model, aiming to mini-
mize the difference between experimental and simulated signals, as exemplified in
Figure 2.1.

Dollinger et al. [44, 45] implemented the first fully automatic optimization
method. They utilized the Nelder—-Mead algorithm to optimize the parameters of
a two-mass spring-coupled model, replicating human vocal fold dynamics recorded
by HSV during sustained phonation. Their method involved varying three param-
eters (vibrating mass, stiffness, and subglottal pressure) to minimize discrepancies
in the periodic oscillatory components between trajectories of the model and those

extracted from HSV recordings.
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Figure 2.1: General scheme of optimization-based voice inversion methods, adapted

from [46].

Afterward, Dollinger et al. [46] expanded their optimization-based voice in-
version method to analyze age and gender-related differences, utilizing vocal fold
dynamics recorded with high-speed endoscopic imaging. They adapted the nu-
merical two-mass model to match the recorded vocal fold dynamics, employing
three different optimization algorithms: Nelder—-Mead, Particle Swarm Optimiza-
tion, and Simulated Bee Colony, in combination with three cost functions. This
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optimized parameterization effectively quantified biomechanical differences in dy-
namic symmetry, subglottal pressure, vocal fold masses, and stiffness across gender
(male-female) and ages.

The optimization process was also successfully employed using a genetic al-
gorithm. For example, Schwarz et al. [48] utilized a genetic algorithm to adjust
the parameters of a biomechanical model of the vocal folds, aiming to replicate
the trajectories in patients with unilateral vocal fold paralysis. Similarly, Tao et
al. [50] employed this inversion procedure to extract mass, spring, and damper
constants from high-speed videos. Then, Pinheiro et al. [49] combined genetic
algorithms with a quasi-Newton method to optimize these same parameters from
the glottal area time series extracted from HSV, successfully reproducing vocal
fold dynamics in three subjects without voice disorders.

Recently, Gomez et al. [47] implemented a lumped-mass model in an inverse
problem to match experimental trajectories of exr wivo porcine larynges. They
tested three optimization algorithms: Nelder-Mead, particle swarm optimization,
and genetic algorithms. The results showed that the model successfully replicated
the porcine vocal fold dynamics. Additionally, they compared the subglottal pres-
sure estimated from the optimization process with experimental measurements,
observing an average absolute error of 2.90 cm H5O.

These studies have shown that low-order voice production models can mimic
the oscillatory dynamics of vocal folds. They represent initial efforts using nu-
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merical VF models to estimate relevant laryngeal parameters such as subglottal
pressure. However, validating these methods in clinical or laboratory settings has
been limited due to the lack of simultaneous HSV and subglottal pressure mea-
surements. Another major limitation is the necessity for extensive simulations in
the voice inversion process to find the optimal solution. Given these challenges,

these methods fall outside the aims of this research.

2.1.2 Bayesian inference from voice production model

The Bayesian frameworks are statistical inference approaches wherein all pa-
rameters and measurements are treated as random variables. The principal ob-
jective of these frameworks is to examine how uncertainty propagates from the
observations to the model parameters. Bayesian estimation theory is used to es-
timate the probability density function of a random signal, facilitating statistical
inference [66]. This involves assuming an unknown random variable X that pro-
duces noisy data Y, with the aim of determining P(X|Y’), the probability of X

given Y. This process is formalized as:

~

X = argm}zgxP(X|Y) (2.1)

where X represents the estimated value of X. Bayes’ theorem elucidates this
further:
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PY|X) - P(X)

PXIY) = =555

(2.2)

In Bayesian terms, P(X) is known as the prior information, P(X|Y’) as the
posterior, P(Y|X) as the likelihood, and P(Y") as the evidence.

Cataldo et al. [67] introduced Bayesian inference to the voice production
model. They utilized a particle filter methodology to reconstruct the posterior
distributions of reduced-order model parameters from synthetic observation data.
Subsequently, in [68], they presented two experimental validations using data from
one subject with a normal voice and another with vocal fold pathology. They com-
pared the probability density function of fundamental frequency between model
simulations and the experimental data, achieving high similarity. Following this,
Hadwin et al. [56] expanded the particle filter method to estimate non-stationary
model parameters using synthetic data. This work marked the first implemen-
tation of particle filters for estimating time-varying parameters in a low-order
voice production model. They showed that this non-stationary technique im-
proves model-based estimations and reduces uncertainty, even when estimating
time-invariant parameters. However, this approach came with an increased com-
putational effort.

In a recent study, Drioli et al. [52] employed a particle filtering scheme to
estimate the parameters and states of a biomechanical model using high-speed
video endoscopic data. They linked the displacement of vocal fold edges in a low-
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dimensional glottal model with asymmetry in the left/right plane to information
extracted from an HSV-based digital kymogram. To reduce the computational
limitations of the method, they updated the model parameters at each glottal cy-
cle and computed the state of the model only at the sampling rate. This approach
achieved higher computational efficiency without significantly compromising the
effectiveness of parameter estimation. The method was validated with record-
ings featuring different types of phonations. The results demonstrated that the

Bayesian inference of vocal fold motion closely matched the video recordings.

Hadwin et al. [55] implemented another Bayesian technique, proposing the
EKF-based approach for estimating non-stationary vocal fold parameters. They
inferred the evolution of the cricothyroid muscle activation parameter over time
from simulated noisy glottal area measurements, demonstrating computational
efficiency while maintaining accuracy compared to particle filters. However, this
initial study was limited to using only synthetic signals. Consequently, Deng et al.
[63] investigated the effects of HSV imaging variables — frame rate, spatial reso-
lution, and viewing angle — on the uncertainty of the estimates. They recorded
the trajectories of a physical VF model controlled by the symmetric body-cover
model. From these videos, they estimated subglottal pressure and cricothyroid
activation using glottal area waveforms. Their findings revealed that an offset
in viewing angles leads to biased parameter estimates due to underestimation of
glottal width. Furthermore, the frame rate and spatial resolution directly affected
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the uncertainty of the parameter estimation.

On the other hand, Hadwin et al. [54] applied an EKF-based methodology to
a two-dimensional finite element model of the VF, using HSV recordings of self-
oscillating silicone VFs as observation data. They demonstrated that Bayesian
estimation from finite element modeling is an effective tool for estimating the
material properties of vocal folds from high-speed video recordings. More recently,
they examined the impact of flow model selection on the accuracy and uncertainty
of parameter estimates in their finite element model [53]. Although these studies
showed the feasibility of integrating the finite element model of the VF into the

Bayesian framework, they are constrained by high computational costs.

Recently, the EKF-based method was further developed by Alzamendi et al.
[51], who incorporated the symmetric three-mass body-cover model with poste-
rior glottal opening and a three-way interaction among tissue, flow, and sound.
In this method, the model state vector to be inferred included the positions and
velocities of the upper, lower, and body masses, posterior glottal opening, nor-
malized activation levels for the CT and TA muscles, subglottal pressure, and
the vocal fold contact pressure. The observation vector consisted of the glottal
area waveform (estimated from image segmentation from HSV) and the glottal
volume velocity (measured via inverse filtering of oral volume velocity using a
circumferentially vented Rothenberg mask). This setup is schematized in Figure
2.2. Alzamendi et al. validated this method by comparing non-stationary estima-
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tions of subglottal pressure with measurements obtained from repeated consecu-
tive /pae/ syllable pronunciations using an intraoral pressure sensor in a subject
without voice disorders. This proof-of-concept illustrated that a Bayesian frame-
work with a lumped-element model of phonation can successfully integrate data
from HSV and glottal airflow signals to produce meaningful estimates of clinically
relevant variables that are difficult to measure directly. Subsequently, Mehta et
al. [18] applied this method to estimate subglottal and vocal fold collision pres-
sures, comparing them with measurements obtained using a transoral dual-sensor
in an individual with a hemilaryngectomy. The study exhibited good agreement

between the model-based estimations and the sensor measurements.

The promising results of the EKF method open an avenue for applying the
numerical lumped-element voice production model in clinical settings. However,
its optimal performance was achieved using an observation vector that includes
recordings of both the glottal area waveform and the glottal volume velocity.
This requirement poses challenges for research and experimental validation in
individuals with typical and disordered phonation due to the limited availability
of datasets featuring simultaneous HSV recordings and multi-parametric sensor
data.

In this research, prior efforts [51] were revisited and a constrained extended
Kalman filter (CEKF) scheme that integrates a priori physiological information
was proposed. This approach aims to reduce the required observations while still
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Figure 2.2: General scheme of the Extended Kalman Filter for voice inversion, adapted

from [69].

providing robust and reliable estimates of vocal function measures, as detailed in
Chapter 3. A specific goal of this research is to explore the feasibility of using
CEKF-based subject-specific simulations to access clinically challenging features,
such as muscle activation and vocal fold collision pressure, from solely glottal
volume velocity observations via inverse filtering of oral volume velocity measured
using a circumferentially vented Rothenberg mask.
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2.1.3 Machine learning tools and voice production model

These approaches combine machine learning tools and a numerical voice pro-
duction model to create a regression model that can predict vocal function mea-
sures. This regression model is trained using simulated data from a numerical
voice production model and directly maps voice production output to the physi-

ological parameters of the vocal system.

Gomez et al. [58] introduced this method using a long short-term memory
network (LSTM) to estimate subglottal pressure from vocal fold trajectory record-
ings obtained via HSV. The scheme is illustrated in Figure 2.3. They trained the
network exclusively with synthetic data from a numerical two-mass VF model.
Then, they tested it using experimental data from 288 high-speed ez vivo video
recordings of porcine vocal folds. The results showed that their network achieved
performance similar to that of an optimization-based voice inversion method [47]

in predicting subglottal pressure from HSV in excised porcine vocal folds.

Recently, Zhang [59] utilized data generated from a three-dimensional contin-
uum model of voice production [70] to train neural networks for estimating vocal
fold geometry, stiffness, position, and subglottal pressure. In contrast to Gomez et
al. [58], who used vocal fold trajectory data to train their neural network, Zhang
employed extracted features of voice production as inputs for network training.
He hypothesized that carefully selected features would enable the network to ac-
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Figure 2.3: Scheme of combined low-order vocal fold model and LSTM network [47].

curately capture the relationship between model control parameters and voice
production. This method was validated using voice feature data extracted from
an excised human larynx, achieving reasonably good estimation accuracy. Later,
Zhang [64] explored the potential for improving the estimation accuracy of physi-
ological control parameters by including voice outcome features that characterize
vocal fold vibration. He also identified voice feature sets that optimize estimation
accuracy and robustness against measurement noise. However, this subsequent

study relied solely on synthetic data.

This emerging method is beginning to capitalize on the advantages of numer-
ical voice production models for training processes. Such models are beneficial
as they can represent a wide range of conditions and provide access to relevant
measures that are difficult to obtain experimentally. Once trained, machine learn-
ing methods for voice inversion could estimate relevant vocal function parameters
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without generating new model simulations, making this methodology computa-
tionally more efficient than those previously described. In this context, this tech-
nique aligns with the overarching goal of this research proposal. The aim is to
develop a new framework based on this methodology for in vivo estimation of vo-
cal function, utilizing airflow-based features derived from inverse filtering of neck

surface acceleration.

2.1.4 Linear regression models

The intraoral pressure measurement during controlled speech gestures is the
most common indirect and noninvasive method for subglottal pressure assessment.
This technique involves using the production of a bilabial stop consonant to esti-
mate subglottal pressure during the production of an adjacent vowel (e.g., a string
of /p/ + vowel syllables). During a sufficiently long consonant, this anatomical
configuration leads to pulmonary pressure equalization above and below the glot-
tis, thus allowing for the indirect estimation of subglottal pressure from a pressure
measurement in the oral cavity [71, 72]. Subglottal pressure estimated through
this method has been utilized to develop linear regression models based on vari-
ables such as sound pressure level [65] or subglottal neck-surface vibration [38].

Bjorklund and Sundberg [65] employed regression analysis to determine the
relationship between subglottal pressure and sound pressure level. They measured
oral pressure during the /pze/ sound, with gradually increasing or decreasing vocal
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loudness, produced by sixteen female and fifteen male healthy voices. The results
indicated that SPL mostly has a logarithmic relationship to subglottal pressure,
with an average correlation of 0.83. These results align with earlier research by
Titze et al. [31], who developed an empirically derived, straightforward formula

to calculate subglottal pressure:

P,[kPa] = 0.14 + 0.06 (ff° ) +1005575%%) (2.3)

oN

This formula uniquely requires measurements of SPL and the fundamental
frequency; f,n represents the nominal speaking f, value, which is 120 Hz for
males and 190 Hz for females.

Other researchers have explored the relationships between accelerometer signal
properties and subglottal pressure. Fryd et al. [38] were pioneers in identifying
and quantifying the relationship between subglottal pressure and subglottal neck-
surface vibration. They conducted experiments using simultaneous recordings of
intraoral air pressure, neck-surface acceleration, and radiated acoustic pressure
from ten vocally healthy speakers. The participants produced repetitions of three
different /p/—vowel gestures at three pitch levels in the modal register, ranging
from loud to soft. Then, using the subglottal pressure estimated indirectly from
the intraoral air pressure signal, they performed subject-specific linear regressions
to map the amplitude of the ACC signal to subglottal pressure. This analysis
revealed a high degree of correlation between these features.
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Subsequently, several studies have investigated the relationship between the
magnitude of neck-surface vibration and intraoral estimates of subglottal pressure
in various voice conditions, encompassing a broad cohort of healthy and pathologi-
cal speakers. For instance, the study by Mckenna et al. [37] involved twelve vocally
healthy adults who produced strings of /pee/ syllables in three intensity condi-
tions while increasing vocal effort. They discovered that the relationship between
ACC-signal amplitude and subglottal pressure varied across different intensities in
some individuals. In a related study, Marks et al. [36] observed significant changes
in this relationship when speakers produced nonmodal phonation. Furthermore,
in a subsequent study, Marks et al. [35] applied this method to participants with
voice disorders such as PVH, NPVH, and UVFP. Their findings indicated that
the relationship between ACC signal magnitude and subglottal pressure was sta-
tistically different in patients with voice disorders compared to vocally healthy

controls.

The observed variation in the baseline regression line between accelerome-
ter RMS level and subglottal pressure, especially for higher vocal efforts, modal
phonation, and pathological voices, highlighted the need to incorporate other
ACC-derived predictors to enhance the robustness of the method. In this con-
text, Lin et al. [34] developed a subject-specific stepwise regression model. This
model combined ACC RMS with cepstral peak prominence, f,, and glottal air-
flow measures [61]. This newly proposed method was validated with twenty-six
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vocally healthy adult speakers during non-modal phonation, leading to a 25%
improvement in subglottal pressure estimation.

These research efforts represent the initial attempts to estimate relevant vocal
function measures using accelerometer data. Their findings demonstrated a strong
correlation between subglottal pressure and signals from the ACC sensor. These
results support the second hypothesis of this research proposal, which posits the
potential to access vocal function measures from features derived from neck surface
acceleration. This work aims to explore whether this correlation can be extended

to other relevant parameters, such as VF collision pressures or muscle activation.

2.2 Voice production model

Several numerical implementations have been proposed in the literature to
mimic voice production. These models vary in their physiological accuracy, the
complexity of mathematical formulation, and computational requirements [73, 74,
75]. Among these, lumped element models stand out for their utility in reproduc-
ing VF behavior related to voice production [76, 77, 78, 79], generating natural-
sounding voices [80, 81|, and modeling vocal fold pathologies [82]. These mod-
els typically consist of non-linear mechanical components such as coupled mass-
spring-damper systems [76] and incorporate aspects like biomechanical properties
of vocal fold tissues [83], transversal mucosal wave dynamics [73], aeroacoustic
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interactions [84], glottal geometry [85], and laryngeal muscle control [86]. This
research focuses on this particular numerical voice production model due to its
ability to effectively balance computational efficiency with physiological relevance.

In this research, two types of lumped element models were utilized. First is
the symmetric three-mass body-cover model (BCM) with posterior glottal opening
[82], selected for its simplicity and suitability for the proposed Bayesian frame-
work. The second model is the Triangular Body-Cover Model (TBCM) of the
vocal folds, which includes coordinated activation of the five intrinsic laryngeal
muscles [60]. This model is more physiologically representative and aligns with

the objective of estimating intrinsic laryngeal muscle activity.

2.2.1 Vocal fold models

Story and Titze extended the classic two-mass model of the vocal fold [77] to
develop the BCM [78]. The BCM incorporates a third mass to provide a more
realistic representation of the body-cover vocal fold structure. The two cover
masses are laterally coupled to a body mass through nonlinear springs and viscous
damping elements. The body mass, representing muscle tissue, is laterally coupled
to a rigid wall, using a similar configuration of a nonlinear spring and a damping
element. Further developments were made by Zanartu et al. [82], who expanded
the BCM by incorporating a posterior glottal opening (PGO), as is illustrated
in Figure 2.4. Their research focused on examining the effects of the PGO on
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tissue dynamics, energy transfer, acoustic interactions, and glottal aerodynamics.
These enhancements have significantly improved the representation of vocal fold

physiology in the model.
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Figure 2.4: Three-dimensional representation of the body cover model showing the

posterior glottal opening, the vocal fold masses, and the membranous area [82].

Subsequently, Galindo et al. [85] proposed the TBCM. This model consists
of three interconnected mass systems, each representing a distinct element of
the body-cover systems as detailed in [78]. Configured in a triangular anatom-
ical shape, the TBCM mirrors the structure of the glottis [87]. Furthermore, it
advances the vocal fold collision model by introducing a gradual, zipper-like in-
complete glottal closure. This enhancement is crucial for accurately describing
the time-varying vocal fold collision pressure during phonation, providing a more

comprehensive understanding of vocal mechanics.
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The equations of motion for the three masses within these lumped models are
derived based on the interaction between the coupling forces, which link the masses
together, and the external driving forces acting on each mass. These equations

are formulated as follows:

Fu = muii'u:F]g’u"—Fd,u_ch+Fe,u+FCol,u> (243)
F = ma=Foi+Fii+ Fre + Fei + Feot, (2.4Db)
Fy = mydp=Fro+ Fop— [Frou+ Fau+ Fei+ Fail, (2.4c)

where m represents mass and its subscripts u, [, and b denote the upper, lower,
and body masses, respectively. z indicates the medial-lateral displacement over
time, and F' is the force component for each block. Force subscripts k, d, e, and
kc correspond to the mechanical forces produced by the springs, dampers, flow
pressures, and elastic coupling between the upper and lower masses, respectively.
An additional spring force, F, is introduced during vocal fold collision to capture
the effects of impact among opposite upper and lower cover masses. The detailed
definitions of these forces for the BCM can be found in [78], and for the TBCM
in the appendix of [85].

Both the BCM and the TBCM are regulated through muscle activation based
on the empirical rules introduced by Titze and Story [83]. The normalized activa-
tion levels of the cricothyroid (acr), thyroarytenoid (ara), and lateral cricoary-
tenoid (arc4) muscles are utilized to control the mechanical properties of the VF
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models including linear stiffness, mass distribution, glottal convergence, thickness,

and depth.

2.2.2 TBCM controlled with five intrinsic laryngeal mus-

cles

Alzamendi et al. [60] proposed a multi-physics scheme featuring a low-order
model of the vocal folds, which facilitates the coordinated activation of all five
intrinsic laryngeal muscles: CT, TA, lateral cricoarytenoid (LCA), interarytenoid
(IA), and posterior cricoarytenoid (PCA). This approach expands on previous
research that established rules for controlling low-order models [83], vocal fold
posturing [86], and the TBCM of the vocal folds [85]. Figure 2.5 provides a
schematic of the TBCM model. This model also enables the investigation of the
role of antagonistic muscle pairs in phonation, particularly in scenarios of normal
and poorly regulated muscle activation, as is hypothesized to occur with NPVH
[7].

This model is based on the understanding that the intrinsic musculature, along
with the passive contribution of the vocal ligament (LIG) and VF mucosa (MUC),
produces the stress imbalances responsible for the movement and deformation
of laryngeal structures [88, 89, 90]. Accordingly, the internal stress resulting
from muscle activation is represented by normalized muscle activity, ranging from
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Figure 2.5: Schematic of the triangular body-cover model of the vocal folds [60].

0 < a < 1, fori e {LCA, TIA, PCA, CT, TA}. Coordinated movements
of translation and rotation about the fixed cadaveric cricoarytenoid joint center
(xcas,Yoas), mimic the complex movements of arytenoid accommodation. Let
(&, 1) and 0 respectively represent the Cartesian displacement coordinates and
the angle of rotation of the right arytenoid cartilage relative to the cricoarytenoid
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joint center. The equations of motion are as follows:

1

£ = M, Z ;i by — k. § — dy€ (2.5a)
1€L
. 1 .
Y = M Z Bil; — k’yw - dy@D (2-5b)
@ ier
; 1 .
6 = A ;71? — K0 — 66 (2.5¢)

where F; represent the forces, and «y;, f5;, and ~; are the directional cosines for the
Cartesian displacements and the directional moment arm, applicable to laryngeal
tissue Z = {LCA, TA, PCA, CT, TA, LIG, MUC}. Moreover, the parameters
M, and I, denote the mass and moment of inertia of the arytenoid cartilage,
respectively; k,, k,, and s are the translational and rotational stiffnesses, while
d., d,, and ¢ are the translational and rotational damping coefficients, respectively.

As the vocal process is structurally linked to the arytenoid cartilage, the Carte-

sian coordinates of the vocal process position (zgz, yo2) are computed as follows

86]:

To2 = Teas— (Toas — To) cos O + yoassinf + &, (2.6a)

Yoo = Yoas(l —cos) — (xoas — To)sinb + ¢ + Lo(e, + €). (2.6Db)

where xq represents the cadaveric horizontal position of the vocal process, L
denotes the rest length, €, and ¢, correspond to the rotational and translational
movements around the cricothyroid joint, respectively.

Based on VF adduction and the symmetry along the midsagittal plane, the
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glottal area for the upper (A,) and lower (A;) cover masses in this model are

calculated as follows:

A, = 2(1— au)Ly(Zu + 0.5(1 + o) zon), (2.7a)

Ay = 2(1— ) Ly(Z + 0.5(1 + ay)woa), (2.7b)

where 2, = v, — 2,0 and Z; = x; —x; o are block displacements relative to the rest
positions, and L, is VF length. Additionally, o, and oy are the proportions of mass
length for the upper and lower blocks undergoing collision at the solution time,
where 0 < a,,aq < 1. As a result, the area for the membranous glottal opening is
Anmco = min{A4,, A;}. Also, the model simulates the effects of laryngeal posture
on the posterior cartilaginous portion of the glottis, assuming that the area of the

posterior glottal opening has a trapezoid shape [88]. Thus:

Apco = max{0, min{(zp1 + zo1), (Tp2 + To2) }(Yo2 — ¥p)}, (2.8)

where z,, is the posterior wall half-width at the bottom, x,» is the posterior wall
half-width at the top, and y, is the posterior wall position along the longitudinal
axis. The total glottal area comprises both the membranous and the cartilaginous

parts:

Ay = Anico + Apco- (2.9)

In addition to controlling intrinsic muscle activation, the model facilitates the
adjustment of aerodynamic lung pressure, denoted as Pr. The aerodynamic forces

40



exerted on the vocal fold cover layer are computed using the resulting subglottal

pressure Py, and supraglottal pressure, P,, according to [91].

2.2.3 Interactions at the glottis and acoustic wave propa-

gation

The three-way interaction between sound, flow, and VF tissue is critical to
accurately capture the physics of human phonation. For this purpose, glottal air-
flow was computed from the acoustic driving pressures impinging on the combined
membranous and posterior portions of the glottal area, as detailed in [92, 88, 82].
The simulation of time-varying acoustic wave propagation was achieved using the
wave reflection analog scheme. In this scheme, the subglottal and supraglottal
tracts were modeled as a series of short uniform acoustic cylinders with variable
cross-sectional areas. The effects of the boundary condition at the lips were ap-
proximated by including an inertive radiation impedance, producing the reflected
pressure wave and the radiated sound wave, P,,;. Losses from viscosity, moving
walls, and other factors are accounted for by an exponential attenuation factor
in the propagation through these cylindrical sections [93, 79]. Additionally, vo-
cal tract area functions representing a typical male [94] and female [95] can be
selected, corresponding to vowels /i, 1, e, €, @&, A, a, 9, o, v, u/, along with a
representative subglottal tract [82].
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2.3 Chapter conclusions

This background review highlights the most innovative methodologies based
on voice production models reported in the literature for refining vocal function
assessment. Three relevant methodologies were identified: optimization-based
voice inversion, Bayesian estimation, and machine learning tools. The majority
of these methodologies have been primarily tested with synthetic and ex wivo
experimental data [47, 58, 56, 55, 54, 63, 59, 64]. Other research has utilized in
vivo data with HSV recordings [44, 45, 46, 48, 50, 49, 52|, as this method provides
the most direct link to the voice production model through the analysis of vocal
fold trajectories. However, this approach limits their possible application to only
clinical scenarios.

The optimization-based voice inversion methods have focused on linking the
low-order vocal fold model to the dynamic behavior observed in HSV, without
considering the three-way interactions between sound, flow, and vocal fold tissue,
thereby limiting their extension to aerodynamic or acoustic signals [44, 45, 46, 48,
50, 49, 47]. Additionally, the principal challenge of this approach is the compu-
tational cost, which is due to the high number of simulations required during the
voice inversion process. In this context, this methodology was excluded from the
research objectives.

Bayesian inference, based on the EKF [55], allows for computational efficiency
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in linking a low-order voice production model with combined HSV and airflow
measures, showing promising results in the clinical assessment of vocal function
[51]. In this context, it is aimed to study this technique under the hypothesis that
considering prior information about the phonatory process as a constraint would
extend its applicability in scenarios where multi-sensor recordings are not avail-
able. This approach points to measurements that could be obtained in ambulatory

scenarios, such as glottal airflow.

The framework combining machine learning tools with the voice production
model, as proposed by Zhang [59], shows promising results in estimating vocal
function parameters from acoustics and glottal flow waveforms. Although this
technique has not been validated in vivo, it represents a more direct approach to
achieving the primary objective of this thesis: proposing a non-invasive method
that improves the assessment of vocal function estimation, suitable for both clin-

ical and ambulatory settings.

On the other hand, subject-specific regression models [65, 34, 35, 36, 37, 3§]
reinforce the underlying hypothesis of this research: that advanced vocal function
metrics can be obtained through accelerometer data analysis. These methods
have revealed a significant correlation between subglottal pressure and ACC sensor
signals. However, the challenge lies in determining if this correlation extends to
additional vocal function features, such as vocal fold collision pressures or muscle
activation.
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In this chapter, the relevant aspects of selected low-order voice production
models are also presented. Their biggest advantage is highlighted: the effective
balance between computational efficiency and physiological relevance. The BCM
offers a simpler representation of the phonatory process [82]. Its implementation
requires fewer parameter settings, making it ideal for application in Bayesian infer-
ence. A more comprehensive model is the TBCM, controlled by five intrinsic mus-
cles [60], which better aligns with the interest in estimating muscle activation and
vocal fold collision pressure. The TBCM still has low computational demands, and
its complexity does not constitute a hindrance within a machine learning frame-
work. Once synthetic data is generated through multi-setting TBCM parameter-
ization, the nonlinear regression can be trained and tested without necessitating

new simulation settings for the TBCM.
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Chapter 3

Estimation of vocal function mea-
sures using constrained extended
Kalman filter

This chapter examines how Bayesian inference in the voice production model
can replicate vocal function behavior observed in laboratory measurements, thereby
aligning with the first aim of the research. In the previous chapter, the potential
of combining an extended Kalman filter with a muscle-controlled biomechanical
model of the vocal folds was described. This method has shown promise in es-
timating physiologically relevant measures of glottal function, such as subglottal
pressure, laryngeal muscle activation, and vocal fold collision pressure, using syn-
chronized recordings from calibrated high-speed videoendoscopy and oral airflow.
Building on this, a constrained extended Kalman filter scheme is introduced in this
research, which simplifies the experimental requirements by employing either the
glottal area waveform or glottal airflow as the sole observational input. This mod-
ified approach incorporates constraints based on physiological information about
subglottal pressure and muscle activation ranges observed in normal speech. Ac-
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cordingly, this chapter presents the theoretical foundations of the constrained
extended Kalman filter and their validation through four experiments using in
vivo laboratory recordings.The method and preliminary results (Experiment 1)
detailed in this chapter were presented in [96], and the remaining experiments are

currently being prepared for publication in a peer-reviewed journal.

3.1 Discrete state-space model of phonation

As in previous studies [51, 56, 55], a discrete state-space model is used to
describe the dynamics of VF oscillations, considering a symmetric BCM of vocal
fold described in Chapter 2, Subsection 2.2.1. It is assumed that the latent, time-
varying properties of glottal dynamics can be summarized at time t; by a state
vector, x;, while the clinical multi-sensor data are represented in an observation

vector, yx. Thus, the discrete state-space model takes the form [55]:

Xpt1 = f(Xp, Opsr, thrr) + Wt (3.1)

Ye = 9(Xk, Ok tk) + Vi, (3.2)

where subscript k£ denotes the index for time t;, with £ = 0,1,..., K. Here, f
is a nonlinear state transition function that describes the evolution of states x
for successive time steps, 6, is a vector of deterministic model parameters, uy is
the (unbiased) state noise vector with covariance matrix I'y, ¢ is the nonlinear
measurement function that relates the state x to the measurements y at time step
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tr, and vy is the zero-mean observation noise vector with covariance matrix I'y.

The state estimations of this dynamical system are derived from analyzing
measurements of an observable process as it evolves over time. Previous studies
have explored two different observation models [51]. Initially, the glottal area
waveform (GAW), obtained from HSV data, served as the sole clinical observation.
Subsequently, a combination of GAW and glottal airflow, the latter estimated
from OVV and denoted as U,, was incorporated into the observation vector. This
prior study underscored the importance of multi-sensor observations in generating

robust and reliable estimates of glottal variables.

However, simultaneously recording HSV and OVV in a clinical setting necessi-
tates specialized facilities. This includes an adapted Rothenberg mask to accom-
modate a flexible fiberscope, alongside careful management by a trained health
professional during endoscopy. The absence of such specialized capabilities limits
the collection of multi-sensor clinical data, thereby constraining the exploration

of the proposed Bayesian approach.

Consequently, one of the primary objectives is to examine the impact on esti-
mated phonation states when either GAW or Uy is the only clinical measurement
available. To this end, two distinct observation models have been developed,
which are detailed in the following sections.
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3.1.1 Glottal area waveform as observation

Assuming that the state vector consolidates the primary glottal variables that

characterize the voice production process:

Xk = (‘ru[k‘}v 'Uu[k]’ xl[k]v U Uf]’ xb[kj]’ Ub[k]’ APGO[H? P [k]7 aCT[kL aTA[k]v Pc[k], Uq[k])T ; (33)

x represents the positions of the upper (u), lower (1), and body (b) masses, while
v denotes their corresponding velocities. Apgo is the area of the posterior glottal
opening, P, denotes the subglottal pressure, and acr and ary are the normalized
activation levels for the cricothyroid and thyroarytenoid muscles, respectively.
Additionally, Pc refers to the VF collision pressure, and U, represents the glottal
airflow.

The state transition function in Eq. (3.1) is structured as follows: The motion
of the three body-cover masses is described by states (zq[k], va[k])” with o €
{u,1,b}. The equations for the dynamics of each mass are modeled by a truncated

Taylor series approximation [97]:

zolk + 11\ xa[k:]+ma[k]+%Fa(xk,9k+htk+l)) F]
( ) R ( valk] + mAaFi(Xkaek—H?tk-i-l) * o | (3.4)

where F, represents the net nonlinear force applied to mass «, arising from the
springs, dampers, collision forces, and the aerodynamic pressures on both the
sub- and supra-glottal tracts [97]. The errors in the motion equation, denoted
as [£., &, )T, are assumed to be jointly zero-mean Gaussian with a non-diagonal
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covariance matrix:

ATS  AT?
K.Q, = K, (ABQ 2 ) : (3.5)
T AT

K, represents a tuning parameter, and AT denotes the sampling period.

BCM parameters @ are controlled via normalized muscle activation levels acr,
ara and apca using a set of physiologically-inspired rules [83]. In this work, the
arca was set at 0.5 anchoring the VF to a “just touching” configuration [83]. The
activation levels acr and ars must be in the range of [0, 1] (from no activation

to full activation). They were modeled as unknown deterministic constants, with

transition rules:

(ZCT[]{? + 1] = aCT[k‘], (36)

aralk +1] = aralk]. (3.7)

Initial conditions acr[0] and ara[0] were selected using a grid-search process,
which aimed at minimizing the RMSE between the Kalman estimate and the
measured reference signal. The grid was constructed by varying acr[0] and ar4[0]
within the range of [0.1, 0.9], inclusive, with steps of 0.1, resulting in 81 simulation
cases. Simulations where the estimates converged to extreme values (0 or 1) were
discarded, as these muscle activation levels are not physiologically representative
of typical voices.

Area Apgo was assumed to be a constant geometric parameter. Consequently,
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the transition function became:
Apgolk + 1] = Apgolk], (3.8)

where the initial state, Apgo[0], is defined as the minimum value of the glottal
area obtained from HSV when available; otherwise, zero is assumed.

In turn, a random walk model [98] was considered for the subglottal pressure:

where {p, ~ N(0,0%,).

The nonlinear collision pressure P, was computed from the collision forces
introduced in the BCM [78] to account for the overlap of the left and right cover
masses during closure. The tissue-fluid-acoustic interactions at the glottis, as
described in Chapter 2, Subsection 2.2.3, are also considered. Consequently, the
glottal airflow Uy is estimated as a function of the glottal area A,, resulting from
VF' displacements, the subglottal pressure P,, and the acoustic pressure waves
impinging on the glottis [92, 78|. In the transition equation for the states P. and
Uy, additive zero-mean Gaussian noises {p, and {y,, respectively, were included

The state covariance matrix I'y, representing the model uncertainty and de-
grees of freedom in the state transition as detailed in Eq. (3.1), is structured as

follows:

I, = diag(K.Q,, K,Q,, K,Q,, JiPGO, op,, agcT, ol O, 0[2]9), (3.10)
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where 02 denotes the variance associated with the states in subscripts, and sub-
matrices K,Q, represent the uncertainty related to the positions and velocities
for each mass.

In this case, the observation vector is given by the glottal area (A,):
yi = Aglk], (3.11)

In this context, the measurement function, as defined in Eq. (3.2), is repre-
sented by the determination of the glottal area, employing a similar approach
to that used in the BCM. The A, is derived from the positions of the masses.
By assuming symmetrical dynamics for the left and right vocal folds, this area is

calculated as follows:
A, = max(0,z,0,), (3.12a)
A = max(0,x,0,) (3.12b)

where A, and A; represent the upper and lower glottal areas, respectively, and ¢,

is the effective length of the glottis. Consequently, the total glottal area is:

A, = min{A4,, A}, (3.13)

3.1.2 Glottal airflow as observation

In this case, the glottal airflow is the observation state instead of the glottal

area, therefore the state vector is:
Xy = (xu[k],vu[k:],xl[k],vl[k],xb[k},vb[k],Apgo[k;],Ps[k:],ac;p[k],aTA[k:},PC[k},Ag[k‘])T, (3.14)

ol



and the measurement vector is:

yi = Uylk], (3.15)

The state transition functions presented here are similar to those described in
the previous section. The primary difference is that, in this case, the determination
function of the glottal area (Eq. 3.13) is incorporated into the transition functions,

while the determination of the glottal airflow serves as the measurement function.

3.2 Kalman filter

Bayesian estimation, such as the Kalman filter, predicts the unknown system
state variable z(t) when both the evolution and observation models are linear in

the state variable [55]:

Xp+r1 = FrpiXg + Ueeq, (316)

Vi = Guxp+ vy, (3.17)

where F and G are linear state and observation evolution models.

The Kalman filter algorithm operates in two steps: prediction and updating.
In the prediction step, it generates a probability density p(xx|yi,...,yx), fore-
casting the state value and uncertainty at the next time step based on previous
observations up to tx_;. Upon receiving the measurement at t;, the algorithm
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updates by computing the likelihood density p(yx|xx) to infer information about
the state xj [66].

The Kalman filter treats all distributions as Gaussian, which is beneficial math-
ematically since linear combinations of Gaussian variables are also Gaussian. This
ensures that when the evolution and measurement models are linear in the state
variable x(t), their likelihood, evolution, and posterior distributions are Gaussian
and fully defined by their mean and covariance. The filter tracks the evolution of
these parameters based on observations, estimating the posterior density at each
time step. In this linear context, closed-form solutions exist for the maximum
posterior (MAP) estimate and covariance of the posterior density. The prediction
step in the Kalman filter involves evaluating the evolution model with the previous

MAP estimate [66].

xp = fOM,0h,th), (3.18)
and the uncertainty of the prediction is:

I, = F FT + 1Ty, (3.19)

where I';,_; is the covariance estimate associated with xﬂ/f_ ‘}P . From this, the MAP

estimate at time ¢ is:

xpl 1" = %+ Ki(ye — Gike), (3.20)
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which has the associated covariance matrix that models the uncertainty of the

MAP estimate

Ty, = (I-K,G,I}, (3.21)

where I is the identity matrix, and Ky is a matrix called the Kalman gain at time

tx, which is given by

K, = [''GI (G, I,GL +T,)7!, (3.22)

3.2.1 Extended Kalman filter

The voice production model is a non-linear, time-varying system |78, 83, 82].
Consequently, the EKF formulation must be employed to linearize the state equa-
tions [66]. When dealing with nonlinear evolution and observation models, the
posterior may not be Gaussian. The EKF addresses this issue by approximating
the posterior as Gaussian, using the MAP estimate as the mean, and determining
the covariance matrix using linear approximations of the models. Essentially, the
EKF serves as an approximation to the Kalman filter for nonlinear models.

The application of the EKF mirrors the steps outlined in previously in for the
Kalman filter, but it replaces the linear models Fy,; and G with the Jacobians
of the nonlinear functions f and g to account for uncertainty. The prediction step
employs the full nonlinear model as described in Eq. 3.18 and the uncertainty is
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computed as:

Ty = I (I)T + T, (3.23)

with
J = s 3.24
k 0x x:foiP ( )

Once an observation y; is made, the updated estimate and uncertainty can be

computed as:

Ky = D (I (I (3T +T,) 7L, (3.25)
d9(x, Oy, ty)

J9 = 2L TR 3.26

k ox e, ) ( )

3.2.2 Constrained extended Kalman filter

The constrained Kalman filters are Bayesian processors that incorporate a
priori information about a physical process, e.g., knowledge about equality or
inequality constraints in the model states. Then, a Kalman filter scheme can
be modified to exploit this additional information to improve its performance
[99]. Among the available alternatives, soft constraints are instrumental and easy
to implement in scenarios involving heuristic knowledge or when the constraint
functions have uncertainty [99].

In the voice production model, additional information regarding subglottal
pressure can be derived from peaks in intraoral air pressure recordings of /pae/
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syllable gestures. Espinoza et al. [8, 100] reported an average subglottal pressure
of approximately 800 Pa for 40 normal subjects at a comfortable loudness level,
with a standard deviation of around 260 Pa. This a priori information can be
integrated into the proposed state-space model of phonation as a soft constraint.
Specifically, it can be applied as an approximate equality constraint in the state-
space model, where the subglottal pressure, measured in Pascals, is constrained
following the guidelines provided by Simon [99]. The constraint is formulated as

follows:

Plk] = P{[k] + npy, (3.27)

where P is a reference subglottal pressure level, and np, ~ N(0, 01233,) is a fictitious
observation noise.

In this model, when the glottal area, denoted as A; and extracted via HSV,
is available, the observed state is represented by both an extended measurement
vector and a covariance matrix for the observation noise. These components are

defined as follows:

vi = (ALK] PIK])" (3.28)

Ly = diag(oh,, o). (3.29)

In the scenario where the glottal airflow, estimated from Rothenberg mask mea-
surements and denoted as U, ;, is the observed state, the corresponding equations
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are:

vi = (UK, PK)" (3.30)

I, = diag(of,,o%). (3.31)

On the other hand, additional constraint conditions could also be imposed
based on muscle activation. As described in Chapter 2, the BCM is regulated
through muscle activation, following the empirical rules introduced by Titze and
Story [83]. This enables the model to operate differently across a wide range of acr
and ar, activations, yielding multiple solutions based on convergence rules. By
utilizing physiological knowledge, the range of possible solutions can be narrowed
down.

In “Principles of Voice Production” by Titze [101], the concept of a muscle
activation map is detailed. This map specifically plots the activity range of the CT
muscles against the TA muscles. Titze categorizes this map into four quadrants,
each representing a different range of vocal registers: pressed, chest, speech/modal,
and falsetto. Figure 3.1 displays a muscle activation map that illustrates these
four quadrants. In this figure, the activation levels of the TA and CT muscles
are shown, ranging from 0 (inactive) to 5 (maximally active). Based on these
configurations, for typical phonation, constraining the muscle activation responses
specifically to the speech quadrant (the left inferior quadrant) is suggested as
follows:
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(a3 4 —0.3)* + (agp — 0.3)> = 0 + 0yt (3.32)
with
o2, = (0.2%)?, (3.33)

act.

Equation 3.32 imposes a constraint on muscle activation, confining it within a

Muscle Activation Plot - CT v. TA
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Figure 3.1: Muscle activation map of CT versus TA muscle showing the grouping of
TA and CT muscle combinations. CT and TA muscle activation levels span from 0

(inactive) to 5 (maximum activation) [102].

circle that has a center at 0.3 and a radius of 0.2. This method ensures that,
in normal voices, the voice production model maintains activations below 50%.
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Therefore, when incorporating this constraint into the CEKF framework, which

includes measurements of GAW, the observation state is structured as follows:

vi = (AJk], Pl[K),0)" (3.34)

I, = diag(oy,.0p,,0.2%). (3.35)

Alternatively, when the glottal airflow is observed, the model adjusts as:

T
v = (Uylk], P([k],0) (3.36)
Iy = diag(of,, 0p,0.2%). (3.37)

3.3 Laboratory recordings

To qualitatively and quantitatively validate the proposed CEKF approach,
three distinct datasets are utilized for varied analytical purposes. Dataset 1 is the
most comprehensive, facilitating simultaneous measurements of laryngeal HSV,
IOP, radiated acoustic pressure from the microphone (MIC), neck skin accelera-
tion, electroglottography (EGG), and OVV. It is primarily used for the quantita-
tive validation of model estimations, such as comparing glottal area and airflow
states. Dataset 2, which is limited to HSV recordings, aids in the qualitative val-
idation of muscle activation estimations during phonations of sustained vowels at
varying pitch levels. Lastly, Dataset 3, detailed further in Chapter 4, includes syn-
chronous recordings of IOP, OVV, MIC, and ACC from vocally healthy subjects.
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This dataset is used for analyzing vocal fold collision pressure through utterances

of /pee/ syllables under different loudness conditions.

3.3.1 Dataset 1

This laboratory dataset includes time-synchronized in vivo recordings of la-
ryngeal HSV, OVV, and IOP from a male participant with no history of voice
disorders [103, 104]. The recording session employed a flexible endoscope for HSV,
facilitating both aerodynamic assessment and normal articulation by the partic-
ipant. A visual representation of this setup is illustrated in Figure 3.2. During
the protocol, a specialist instructed the subject to produce two sustained vowels
(/a/ and /i/) and to repeat /pee/ syllables. All recordings were conducted in an
acoustically treated room. The data collection was approved by the institutional
review boards at Massachusetts General Hospital and the Massachusetts Institute
of Technology.

To facilitate simultaneous HSV, OVV, IOP, and MIC measurements, the stan-
dard circumferentially-vented mask (model MA-1L, Glottal Enterprises) was mod-
ified to allow for flexible endoscope placement. This modification, as highlighted
in [105], ensures both mobility and a proper seal. The mask was further redesigned
to be self-supporting around the subject’s head, accommodating the OVV sensor
(model PT-series, Glottal Enterprises), an IOP sensor, and the MIC sensor (model
MKE104, Sennheiser electronic GmbH & Co. KG). An electronics unit (model
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HSV - flexible
endoscope

Figure 3.2: High-speed video measurement and data acquisition system. Flexible en-

doscopy through a modified CV mask [104].

MS-100A2, Glottal Enterprises) provided the necessary signal conditioning and
gain for the OVV sensor prior to digitization.

For HSV recordings, a Vision Research Inc. Phantom v7.1 monochromatic
camera was used. This setup was equipped with a KayPENTAX C-mount lens
adapter and connected to a transnasal fiberscope (model FNL-10RP3, KayPEN-
TAX) for enhanced flexibility in endoscopy. The recording rate was set at 4000
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images per second, with a spatial resolution of 320 x 480 pixels. Additionally, the
accelerometer (model BU-7135, Knowles) and EGG electrodes (model EL-2, Glot-
tal Enterprises) were also integrated into the recordings to provide comprehensive

data.

Reference values for subglottal pressure were obtained from IOP signals in
/pa/ syllables [8]. Driving pressure was interpolated as the mean value of the
two consecutive IOP plateaus, which were produced by the combined lip closure
and glottis opening immediately before and after each vowel segment in the /p/

sounds.

The OVV-based estimated GVV signal was derived using a common inverse
filtering technique. This technique employs a single-notch filter with a conjugate

pair of zeros and unity gain at DC for the first vocal tract resonance [106, 107].

HSV recordings were digitally processed to detect the glottal contour on a
frame-by-frame basis, enabling the segmentation of the GAW. The spatial cali-
bration of the video-based GAW functions in physical units was accomplished by
identifying a reference laryngeal landmark (e.g., blood vessels) near the glottis.
The dimensions of this landmark were independently measured using a calibrated
endoscope system [108].
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3.3.2 Dataset 2

This dataset is part of OPENGLOT [109], a comprehensive collection of four
data repositories designed for the evaluation of glottal inverse filtering algorithms.
This research focused on Repository IV, which contains recordings from natural
speakers. This repository features simultaneous recordings of MIC, EGG, and
HSV signals. For the experiment, signals corresponding to normal loudness and
two distinct pitch levels (low and high) were examined from three male speakers.
During the recording protocol, these speakers were instructed to produce the
vowel /i/ while positioning their tongues forward to ensure the clearest view of
the glottis. However, due to the limitations imposed by the HSV endoscope, the
actual vowel sounds produced varied, falling within the phonetic range between
/ee/ and /oe/ [109].

The measurements were performed at Helsinki University Central Hospital
using the KayPentax Color High-Speed Video System (model 9710) with a spatial
resolution of 512 x 512 pixels and a temporal resolution of 2000 frames/s. EGG
was acquired with a Glottal Enterprises electroglottograph (EG2-PCX2). A DPA
omnidirectional headset microphone (model 4065-BL) was set 6.5 cm from the
center of the speaker’s mouth. The microphone signal and EGG were recorded
using a MOTU UltraLite-mk3 Hybrid audio interface connected to a MacBook Pro
running OS X (v. 10.9.5) and AudioDesk 4. To enable synchronization of the audio
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signals with the video, a synchronization signal comprising binary frequency-shift
keyed code at the beginning of each second was adopted, as detailed in [109].
The original HSV dataset underwent pre-processing to identify a 256x256 pixel
region of interest, focusing exclusively on the vocal folds. This refined HSV dataset
was then utilized with GlottallmageExplorer [110] for segmenting the glottal area
on a frame-by-frame basis, facilitating the estimation of the GAW in pixels. In
this dataset, instead of identifying a reference laryngeal landmark for calibrating
the video-based GAW measurements in physical units, the glottis length at the
maximum open phase of the phonatory cycle was determined, as illustrated in
Figure 3.3. Subsequently, the GAW signal was normalized using the square of

this glottis length in pixels, resulting in a dimensionless GAW signal.

I

Figure 3.3: Pre-processing example from High-Speed Video Dataset 2 for obtaining
GAW (Observed state). Visualization of left/right vocal fold edges (in blue/red) and

defined glottis length for normalization.
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3.4 Results

The results of the four simulation experiments conducted to validate the pro-
posed CEKF-based framework are detailed next. In the first experiment, utilizing
dataset 1, the Bayesian approach was implemented with GAW as the observation
state. This simulation was validated by comparing the model-estimated glottal
airflow against that obtained from the OVV signal. The second experiment, em-
ploying dataset 2, focused on qualitatively studying the response of the model
to pitch changes using the estimated GAW as an observation state. In the third
experiment, again with dataset 1, the observation state was the glottal airflow.
Validation was achieved by contrasting the model-estimated glottal area against
its HSV-based counterpart. In the final experiment, the CEKF was applied using
glottal airflow as the observation state, specifically focusing on three female reg-
isters from dataset 3 (detailed in Chapter 4, Subsection 4.3.1). This experiment

aimed to examine how the model responds to variations in loudness levels.

3.4.1 Experiment 1

In this experiment, the voice production model states were inferred by observ-
ing the glottal area and imposing constraints on the subglottal pressure state. To
simulate sustained vowels /a/ and /i/, the P; was constrained to 800 Pa with
a variance of 100 Pa, following the expected values for normal subjects [8, 100].
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For the /pae/ string, the P, constraints were set according to the reference values
obtained from the IOP. In this experiment, it was not necessary to impose addi-
tional constraints on muscle activation. The covariance matrix for the state (I'y)

and measurements (I'y) were empirically selected to ensure stable simulations.

Bayesian estimates of the states Ay, Ps, Uy, acr, ara, and P, as obtained
by the CEKF-based model, are presented in Figure 3.4 for the vowels (/a/ and
/i/), and in Figure 3.5 for the three middle segments of the /pee/ string. For each
case, the figures are organized as follows: the first row contrasts the glottal area
extracted from HSV with the corresponding model approximation; the second
row shows the estimated state Ps; the third row contrasts the estimated U, state
with that estimated from the OVV signal; the fourth row displays the muscle
activation states acr and ara; and the fifth row illustrates the vocal fold collision
pressure. These signals represent simulations over 50 ms, during which the state
estimations of the model are stable. The shaded regions in the figures indicate

the 95% confidence bounds.

Figures 3.4 and 3.5 demonstrate that the measured GAW aligns reasonably
well with the glottal area derived from the CEKF model. However, some per-
sistent mismatches are observed, such as small peaks in the closed phase of the
glottal cycle and biased DC values. These discrepancies are likely induced by
model approximations and oversimplifications. Nevertheless, the GAW extracted
from HSV typically falls within the estimated uncertainty bounds. Estimates of
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Figure 3.4: CEKF model estimations for a male from Dataset 1: vowel /a/ and /i/
signals using the glottal area as observation state. Observed data (solid gray line) and
CEKF estimates (dash-dotted) for glottal area waveforms (first row), subglottal pressure
(second row), glottal airflow (third row), muscle activation (fourth row), and vocal fold

collision pressure (fifth row). Shaded areas represent 95% confidence intervals.
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Figure 3.5: CEKF model estimations for a male from Dataset 1: Analysis of the three
middle segments of /pee/ strings signals using the glottal area as the observation state.
Observed data (solid gray line) and CEKF estimates (dash-dotted) for glottal area
waveforms (first row), subglottal pressure (second row), glottal airflow (third row),

muscle activation (fourth row), and vocal fold collision pressure (fifth row). Shaded



subglottal pressure are nearly constant around the imposed constraint. It is worth
noting that, although a fictitious constant value for subglottal pressure was im-
posed, the estimated states exhibited periodic fluctuations, as is notably observed
in the simulation for the vowel /i/. This could be evidence of the modeled source-
filter interaction at the glottis. However, further investigations are required to

verify this hypothesis.

Furthermore, the model-based glottal airflow closely matches the observation-
based measurements, showing a better fit during the open phase of the cycle in
all cases. The muscle activations and vocal fold collision pressure exhibit similar
behavior across both phonation vowels and in the three /pee/ segments. The
slight variability observed in these three features for /pae/ segments is reasonably

expected, given the changes in the amplitude of the observed state.

To quantify the errors in the CEKF model estimates compared to the measurement-
based signals, the RMSE was computed between them. The results are presented
in Table 3.1. It was observed that the RMSE for A, was less than 0.03 cm?, and
for U, it was less than 62.48 mL/s. These errors are comparable to those reported
in previous work [51], where the RMSE ranged between 0.03 —0.06 cm? and 40-50
mL/s for A, and U, respectively. However, it is important to note that in this
proposal, the advantage lies in the fact that glottal airflow was not included in
the observation. These initial results suggest that by imposing constraints, the
proposed scheme is capable of inferring the model states based solely on the GAW
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Table 3.1: RMSE between CEKF model estimations and measurement-based observa-
tions for A, and Uy for a male from Dataset 1 when glottal area waveform is used as

the observation state.

Phonation Segment A, U,

(em?)  (mL/s)

Ja/ - 10.0x10"3  41.10
/i/ - 28.4x1073  62.48
1 10.5x1073  50.15

2 10.7x1073 50.67

/pee/ 3 12.0x1073  46.50
4 8.2x1073 28.75
d 8.1x1073 58.30

extracted from HSV.

Table 3.2 summarizes the statistical information for the Bayesian estimates
of muscle activations (acr and ara), subglottal pressure, and the peaks of vocal
fold collision pressure. As expected, the estimated activation of the acr muscle
is similar across the three cases, with a range of 0.077-0.169. This consistency
is indicative of comfortable phonation with an almost constant fundamental fre-
quency. In contrast, the estimates of ars activation show a notable dispersion,
ranging from 0.415 to 0.206, which might be necessary to accommodate the ob-
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served differences in the GAW signals using the biomechanical VF model. The
mean values of the estimated VF collision pressure are similar in all three cases
and analogous to the driving subglottal pressure. It is noted that even though
GAW was the only real clinical signal used in the CEKF, the estimations reported
in Table 3.2 are similar to those obtained in previous work [51], which combined
GAW and U, signals in the observation. These results suggest that imposing a
constraint on the subglottal pressure aids in improving Bayesian inference of vo-
cal function. However, it is challenging to assert the reliability and physiological
relevance of the estimates for muscle activation and VF collision pressure, as mea-
suring these latent variables of phonation is cumbersome, even under laboratory

conditions.

3.4.2 Experiment 2

In this experiment, the CEKF model was implemented by observing the nor-
malized glottal area obtained from dataset 2. Three male subjects with no medical
history of voice disorders were analyzed. Their phonation consisted of a sustained
/i/ vowel at two pitch levels (low and high). HSV was the only measurement
available in these recordings. Additionally, due to the observed increase in funda-
mental frequency in the high-pitch recordings, a secondary constraint on muscle
activation was imposed, as outlined in Equation 3.32, to ensure model convergence
within the speech frequency quadrant for the acr vs. ara map. For the P, a
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Table 3.2: Mean (standard deviation) of muscle activations (acr, ara), subglottal
pressure (Ps), peak of VF collision pressure (P.), estimated by the CEKF for a male

from Dataset 1 when glottal waveform is used as the observation state.

Phonation Segment acT ara P, P,
(kPa) (kPa)
/a/ 0.139 (0.005) 0.415 (0.012) 0.808 (0.062) 1.078 (0.093)
/i/ 0.169 (0.006) 0.349 (0.005) 0.823 (0.063) 1.329 (0.099)
0,077 (0.008) 0.227 (0.011) 0.894 (0.063 1.080 (0.089)
0.145 (0.009) 0.222 (0.010) 0.851 (0.063) 1.118 (0.100)
/pee/ 0.195 (0.012) 0.257 (0.014) 0.870 (0.063) 1.020 (0.107)

0.127 (0.013)

0.167 (0.011)

0.216 (0.016)

0.206 (0.012)

0.895 (0.063)

0.893 (0.063)

1.141 (0.096)

1.116 (0.104)

typical value of 800 Pa with a variance of 100 Pa was assumed for all simulations.

Figures 3.6, 3.7, and 3.8 display the model estimates for subjects M01, MO03,
and MO04, respectively. In each figure, the data for low pitch are shown in the
left column, while high pitch data are on the right. The first row contrasts the
normalized GAW estimated by the model with that obtained from HSV. The
subglottal pressure, muscle activations (acr and ara), and vocal fold collision
pressure are sequentially displayed from the second to the fourth row.
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Figure 3.6: CEKF model estimations for subject M01 from dataset 2: sustained vowel
in low and high pitch levels. Observed data (solid gray line) and CEKF estimates
(dash-dotted) for glottal area waveform (first row), subglottal pressure (second row),

muscle activation (third row), and vocal fold collision pressure (fourth row). Shaded

areas represent 95% confidence intervals.

The model effectively captured the normalized glottal area waveforms for both
pitch conditions in all three cases. As in the previous experiment, the GAW
derived from HSV data generally aligns within the estimated uncertainty margins.
These results are supported by the RMSE values presented in Table 3.3. In this
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Figure 3.7: CEKF model estimations for subject M03 from dataset 2: sustained vowel

in low and high pitch levels. Observed data (solid gray line) and CEKF estimates

(dash-dotted) for glottal area waveform (first row), subglottal pressure (second row),
muscle activation (third row), and vocal fold collision pressure (fourth row). Shaded

areas represent 95% confidence intervals.

experiment, the RMSE between the CEKF model estimations and measurement-
based observations for A, is lower than 0.026 in all cases, which is similar to the
errors computed in Experiment 1. Additionally, the subglottal pressure remained
constant around the imposed constraints, with some simulations exhibiting the
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Figure 3.8: CEKF model estimations for subject M04 from dataset 2: sustained vowel
in low and high pitch levels. Observed data (solid gray line) and CEKF estimates
(dash-dotted) for glottal area waveform (first row), subglottal pressure (second row),
muscle activation (third row), and vocal fold collision pressure (fourth row). Shaded

areas represent 95% confidence intervals.

same periodic fluctuations observed in Experiment 1.

Significant changes are observed in muscle activation. It can be appreciated
that from low to high pitch, the model adjusts acr to adapt to the new frequency
condition, while ar4 shows minimal variation. These results align with literature
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Table 3.3: RMSE between CEKF model estimations and measurement-based observa-

tions for A4 for the subjects in Dataset 2.

Subject fo RMSE

120 8.0x1073

MO01
195 16.2x10 ~3
125 15.9x107?
MO03
173 13.1x1073
114 25.2x1073
Mo04

178 24.7x1073

reports, where it is generally accepted that activation of the CT muscle increases
the fundamental frequency [111, 83]. Concerning P., it remains relatively stable
despite changes in pitch, behavior that is expected given the assumption that
the loudness condition remains constant. This behavior provides a qualitative
validation analysis of the proposed model since the results are in accordance with

the expected physiological behavior.

Table 3.4 summarizes the mean and standard deviation of muscle activations,
subglottal pressure, and peak vocal fold collision pressure estimated in the 50 ms
simulation of the CEKF model. In all three cases, it can be appreciated that
changes in the fundamental frequency of more than 50 Hz are directly reflected
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Table 3.4: Mean (standard deviation) of muscle activations (acr, ara), subglottal

pressure (Ps) and peak of VF collision pressure (P.), for the three subjects from Dataset

2, as estimated by the CEKF.

acr

ara

Ps

(kPa)

P

(kPa)

0.264 (0.011)

0.389 (0.010)

0.358 (0.013)

0.382 (0.009)

0.801 (0.063)

0.781 (0.063)

1.523 (0.092)

1.361 (0.170)

0.224 (0.009)

0.397 (0.008)

0.303 (0.015)

0.322 (0.013)

0.801 (0.062)

0.795 (0.063)

2.178 (0.174)

2.742 (0.225)

Subject fo
(Hz)
120
MO1
195
125
MO03
173
114
MO04
178

0.137 (0.006)

0.443(0.007)

0.306 (0.011)

0.352 (0.011)

0.812 (0.063)

776.42(0.063)

1.901 (0.073)

1.721(0.153)

in an increase of more than 0.1 in acr, while ara, Ps, and P. remain almost

constant. Although these simulations represent promising results, it is important

to note that they are influenced by the imposed constraints.

Therefore, more

clinical measurements would be required to provide numerical validation that

supports these estimated parameters.

3.4.3 Experiment 3

This experiment aims to validate the CEKF using glottal airflow as the obser-

vation state. For this purpose, constraints on the P, and muscle activation were
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necessary. Similar to Experiment 1, the P, was set to 800 Pa with a variance
of 100 Pa for simulating sustained vowels /a/ and /i/, and it was adjusted ac-
cording to the reference values obtained from the IOP for the /pae/ string. The
muscle activations followed the constraint in Equation 3.32. In these simulations,
the reference values of the state and measurement covariance matrix, which were
obtained from Experiment 1, were readjusted to ensure convergence and stability

in the simulations.

Figures 3.9 and 3.10 display the results for sustained vowels (/a/ and /i/), and
the /pee/ string, respectively. From the first to the last row in each figure, the
following are presented: the glottal airflow estimate from the CEKF compared
to the measurement, the constrained state P, the glottal area estimate from
the CEKF compared to that obtained from HSV, the muscle activation model
states (acr and ary), and the P. model state. These figures illustrate 50 ms of

simulation, and the shaded regions indicate the 95% confidence bounds.

In these simulations, the observed model state U, coincides with the measurement-
based glottal airflow. The RSMSE between these two signals is below 31 mL/s
for all simulations, as shown in Table 3.5, representing a 50% reduction compared
to the results obtained in Experiment 1. This improvement is expected since in
this case the glottal airflow was directly observed by the CEKF approach during
the simulations. The constrained state P, also aligns with the fictitious constant
value that was imposed as a constraint.
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Figure 3.9: CEKF model estimations for a male from Dataset 1: vowel /a/ and /i/
signals using the glottal airflow as observation state. Observed data (solid gray line)
and CEKF estimates (dash-dotted) for glottal airflow (first row), subglottal pressure
(second row), glottal area waveforms (third row), muscle activation (fourth row), and

vocal fold collision pressure (fifth row). Shaded areas represent 95% confidence intervals.
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Figure 3.10: CEKF model estimations for a male from Dataset 1: Analysis of the three
middle segments of /pee/ strings signals using the glottal airflow as the observation
state. Observed data (solid gray line) and CEKF estimates (dash-dotted) for glottal
airflow (first row), subglottal pressure (second row), glottal area waveforms (third row),

muscle activation (fourth row), and vocal fold collision pressure (fifth row). Shaded



The glottal area estimated by the model shows a notable amplitude differ-
ence compared to that obtained from HSV in simulations of sustained vowels,
especially for the vowel /i/. This amplitude error is less perceptible in the /pae/
string simulations. These differences are attributed to the simplicity and lack of
anatomical representability of the BCM in computing the glottal area (see Equa-
tions 3.12 and 3.13). However, the periodicity, open phase time, and close phase
time of the phonatory cycle observed in the Ay signal are well emulated by the
model. Additionally, the RMSE between the model estimation and HSV-based
GAW ranges from 0.04-0.09 cm?, as shown in Table 3.5. Although these errors are
higher than those in Experiment 1, or the range of 0.03-0.06 cm? reported in [51],
it is important to note that in this CEKF implementation, the glottal airflow was
the sole observed state. These results suggest that CEKF using glottal airflow as

observation allows a reasonable estimation of glottal area.

The evolution of the states acr, ara, and P, is similar to those observed when
the GAW was the observed state. The mean values and standard deviation of the
model states for each simulation of this experiment are summarized in Table 3.6.
The muscle activations differ by an average of 0.1 for both acr and a7 4 compared
to Experiment 1, while P, is within the same range. These results suggest that
the proposed CEKF approach can estimate the model states using only the glottal
airflow as the observation. However, the absence of clinical measurements with
simultaneous recordings of acr, ara, and P, limits an accuracy comparison study
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Table 3.5: RMSE between CEKF model estimations and measurement-based obser-
vations for A, and U, for a male from Dataset 1 when glottal airflow is used as the

observation state.

Phonation Segment A, U,

(em?)  (mL/s)

Ja/ - 65.8x10"3  30.38
/i/ - 88.9x10"3  30.54
1 63.7x103  32.30

2 70.6x1073 27.83

Jpec/ 3 61.7x1073  29.17
4 60.1x1073  28.63
5 49.7x1073  21.45

of both methodologies (observing GAW or U,).

3.4.4 Experiment 4

In this final experiment, the CEKF was applied to analyze three female sub-
jects without any clinical history of voice disorders. The recordings included the
string of /pae/ in three loudness conditions: soft, comfortable, and loud, with si-
multaneous measurements of OVV and IOP, but without HSV (see the description
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Table 3.6: Mean (standard deviation) of muscle activations (acr, ara), subglottal

pressure (Ps), peak of VF collision pressure (P.), estimated by the CEKF for a male

from Dataset 1 when glottal airflow is used as the observation state.

Phonation Segment acT ara P, P.
(kPa) (kPa)

/a/ - 0.209 (0.020) 0.372 (0.012) 0.817 (0.036) 1.439 (0.033)
/i/ - 0.256 (0.024) 0.366 (0.022) 0.808 (0.036) 1.181 (0.036)

1 0,234 (0.022) 0.365 (0.022) 0.907 (0.036) 1.001 (0.029)

2 0.227 (0.020) 0.329 (0.027) 0.862 (0.036) 0.966 (0.029)

/pee/ 3 0.237 (0.022) 0.354 (0.023) 0.881 (0.036) 1.002 (0.029)

4 0.258 (0.021) 0.369 (0.025) 0.905 (0.036) 1.089 (0.029)

5 0.288 (0.025) 0.361 (0.021) 0.898 (0.036) 1.000 (0.030)

of this dataset in Chapter 4, Subsection 4.3.1). In these simulations, the model
was constrained using the reference subglottal pressure obtained from IOP and
the condition specified in Equation 3.32, similar to the approach in Experiment 3.

The state and measurement covariance matrices were adjusted for each subject.

The results obtained for each subject are presented in Figures 3.11, 3.12, and
3.13. Horizontally, the figures depict a 50 ms simulation of a /pae/ segment at
soft, comfortable, and loud levels of loudness, respectively. Vertically, from top to

83



bottom, they display the observed state Uy, the constrained state P;, the muscle

activation states, and the vocal fold collision pressure state.
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Figure 3.11: CEKF model estimations for subject NFO1 from Dataset 3: a segment

of /pae/ string in three loudness levels. Observed data (solid gray line) and CEKF

estimates (dash-dotted) for glottal airflow (first row), subglottal pressure (second row),

muscle activation (third row), and vocal fold collision pressure (fourth row). Shaded

areas represent 95% confidence intervals.

For the three subjects, the U, state aligns well with the measurement-based

glottal airflow, with RMSE values ranging from 3.96 ml/s to 88.51 ml/s, as shown
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Figure 3.12: CEKF model estimations for subject NF0O2 from Dataset 3: a segment
of /pae/ string in three loudness levels. Observed data (solid gray line) and CEKF
estimates (dash-dotted) for glottal airflow (first row), subglottal pressure (second row),
muscle activation (third row), and vocal fold collision pressure (fourth row). Shaded

areas represent 95% confidence intervals.

in Table 3.7. From these simulations, it is observed that loudness variability
is directly reflected in the model states. The muscle activation adjusts to each
loudness condition. From soft to loud, an increase in P, is noticed, which is
consistent with the physiological behavior of the phonatory process. The literature
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Figure 3.13: CEKF model estimations for subject NF0O3 from Dataset 3: a segment
of /pae/ string in three loudness levels. Observed data (solid gray line) and CEKF
estimates (dash-dotted) for glottal airflow (first row), subglottal pressure (second row),
muscle activation (third row), and vocal fold collision pressure (fourth row). Shaded

areas represent 95% confidence intervals.

reports that the magnitude of the peak contact pressure primarily depends on
the subglottal pressure used to produce the voice [112, 21]. Additionally, these
qualitative analyses are aligned with the findings of Diaz et al. [57], who observed
an increasing effect of collision pressure with the increment of loudness.
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Table 3.7: RMSE between CEKF model estimations and measurement-based observa-

tions for U, for the subjects in Dataset 3.

Subject Loudness RMSE

Soft 3.96

NFO01 Comfortable 22.77
Loud 74.65
Soft 25.72

NF02 Comfortable 63.52
Loud 60.17
Soft 19.03

NF03 Comfortable 31.94
Loud 88.51

Table 3.8 presents the mean and standard deviation for all simulations con-
ducted in Experiment 4. For the three subjects involved, there was a notable
increase in muscle activations correlating with elevated loudness levels. This ob-
servation is consistent with Palaparthi et al. [113], who found in their fiber-gel
finite element model that the trends of acr and arys muscle activations intensify
with rising sound pressure levels. Furthermore, Luegmair et al. [114] have indi-

87



cated that TA muscle activation plays a pivotal role in regulating mean glottal

flow and is particularly significant in maintaining airflow during periods of high

subglottal pressure or when producing a loud voice. Additionally, it is important

to note that the range of vocal fold collision pressures in this study varied from

0.5 kPa to 4.3 kPa, aligning with the values reported in prior research [57, 18].

Table 3.8: Mean (standard deviation) of muscle activations (acr, ara), subglottal

pressure (Ps) and peak of VF collision pressure (P.), for the three subjects from Dataset

3, as estimated by the CEKF. Loudness intensities levels: 1: Soft, 2: Comfortable, 3:

Loud.

Subject Level fy

acrt

ara

Pg Pc

(kPa) (kPa)

0.253 (0.020)
0.193 (0.015)

0.400 (0.013)

0.332 (0.028)
0.413 (0.018)

0.424 (0.016)

0.357 (0.020) 0.502 (0.030)

0.572 (0.021) 1.305 (0.026)

1.259 (0.022) 3.292 (0.075)

0.199 (0.017)
0187 (0.014)

0.503 (0.010)

0.250 (0.025)
0.299 (0.026)

0.402 (0.017)

0.463 (0.022) 1.250 (0.044)

0.691 (0.022) 1.870 (0.048)

1.189 (0.022) 4.313 (0.064)

(12)
1 170
NFO01 2 170
3 220
1 180
NF02 2 185
3 240
1 217
NFO03 2 225
3 271

0.383 (0.018)
0.412 (0.015)

0.521 (0.011)

0.263 (0.026)
0.329 (0.029)

0.359 (0.022)

0.384 (0.022) 1.116 (0.088)

0.656 (0.022) 1.861 (0.071)

0.932 (0.022) 3.997 (0.108)
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3.5 Chapter conclusions

This chapter introduced a proof of concept for using the CEKF as a viable
method to link a low-order voice production model to subject laboratory mea-
surements even when the simultaneous recording of phonation signals was not
available. The study demonstrated that including additional information in the
model as state constraints the Bayesian framework yields a performance similar
to that achieved using simultaneous recordings of GAW and glottal airflow. This
new approach expands the applicability of Bayesian inference to laboratory sce-
narios where only one of these recordings is available. The general trends observed
in muscle activation and vocal fold collision pressure inferred by the model align
with the physiological behaviors of voice production. However, confidently assert-
ing the reliability of these estimations remains challenging, as measurements of
these vocal function features are cumbersome to obtain in clinical practice.

The CEKF represents a significant contribution to the state of the art in
Bayesian inference for numerical voice production models. This method effi-
ciently correlated the low-order voice production model with laboratory recording
datasets, using solely HSV in experiments 1 and 2, and GVV in experiments 3
and 4. In experiments 1 and 3, the inferred states U, and A, were respectively
validated, with RMSE metrics comparable to previous work that used two simul-
taneous observation states [51]. Experiment 3 demonstrated a positive correlation
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between acr and fundamental frequency variation, aligning with findings reported
in the literature [111, 83]. In experiment 4, it was observed that vocal fold colli-
sion pressure directly correlated with P, and increased with loudness increments,
consistent with previous studies [57]. These results confirm the initial hypothe-
sis that incorporating constraints based on prior physiological knowledge of the
phonation process enhances Bayesian state inference in voice production models.
Furthermore, they demonstrate the potential of the low-order model to reproduce
different ranges of pitch or loudness through the adaptation of control variables
such as muscle activation.

Although the promising results of the CEKF method pave the way for apply-
ing the numerical lumped-element voice production model in clinical settings, the
direct application of Bayesian estimation from the ACC signal remains unfeasible.
The current constrained extended Kalman filter approach faces several challenges
when processing ambulatory data and relying solely on the ACC as the observa-
tion source. These challenges include the computational cost of processing large
data volumes, the necessity for data fusion across different recording sessions, the
requirement for online estimation of model covariance, and the integration of a
time-domain neck skin model for the ACC sensor within the voice production
model. In this context, the next chapters describe a more direct solution for the
estimation of vocal function parameters from the ACC that uses machine learning

and voice modeling tools.
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Chapter 4

Estimation of vocal function from
an accelerometer using a neural net-
work

In this chapter, the main idea of the research is described: developing a novel
method for estimating subglottal pressure, vocal fold collision pressure, and la-
ryngeal muscle activation using neck-surface vibration signals. This approach
integrates a physiologically relevant model of voice production with advanced ma-
chine learning tools. The process begins with the training and testing of a neural
network regressor, which utilizes simulations from a voice production model based
on a symmetric triangular body-cover model of the vocal folds. Subsequently, the
effectiveness of the method is evaluated by comparing estimates of subglottal
pressure with reference values from two laboratory datasets. These datasets in-
clude synchronous measurements of oral airflow, intraoral pressure, and signals
from both a microphone and an accelerometer sensor. This study encompasses a
range of voice types, including healthy voices and those affected by disorders such
as phonotraumatic vocal hyperfunction, nonphonotraumatic vocal hyperfunction,
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and unilateral vocal fold paralysis. Participants in the study were asked to ar-
ticulate syllable strings of /p/-vowel combinations under various conditions of
loudness, vowel context, pitch, and voice quality. Although the estimates of sub-
glottal pressure are validated using numerical simulations and laboratory data,
the estimates of vocal fold collision pressure and laryngeal muscle activation are
limited solely to synthetic data test sets, due to the lack of laboratory record-
ings containing these measurements. The methodology and preliminary results
detailed in this chapter were published in two peer-reviewed journals: first in
[115], focusing on Dataset 3, and then in [116], which presents the results for

pathological cases.

4.1 Proposal scheme for vocal function estima-

tion from accelerometer

Figure 4.1 provides an overall schematic of the proposed method for estimat-
ing four vocal function measures from neck-surface vibration recorded using an
ACC sensor. The first analysis block results in an estimate of the unsteady glottal
airflow volume velocity signal using the IBIF model [61], which has demonstrated
reliability in providing aerodynamic features for the classification of vocal hyper-
function in both laboratory [100] and ambulatory [40] settings.

The second analysis block computes six features from the glottal airflow signal
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Figure 4.1: A schematic of the proposed method for the ambulatory vocal assessment

based on processing the neck skin acceleration signal and a regression neural network.

(ACFL, MFDR, OQ, SQ, H; — Hs, and f,) and an acoustic feature, SPL. This last
feature can be estimated either directly using an acoustic MIC in the laboratory
setting or through a log-log mapping between the root-mean-square magnitude
of the ACC signal and SPL [29]. Descriptions of each feature can be found in

Table 4.1.

These seven features are utilized as inputs for the NN, which was trained using
a dataset based on a voice production model. This network estimates the vocal
function parameters of interest, which include P,, P., and the normalized muscle
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activation levels (acr and aga).

Table 4.1: Description of aerodynamic features extracted from the glottal airflow signal

and acoustic sound pressure level extracted from the microphone or accelerometer signal.

Feature Description Units

ACFL The difference between the maximum and mini- mL/s
mum amplitude of the AC glottal airflow (peak-
to-peak) within each glottal cycle

MFDR Maximum flow declination rate: Negative peak of L /s?
the first derivative of the glottal waveform

0oQ Open quotient: Ratio of the open time of the %
glottal vibratory cycle to the corresponding cycle
period. Computed as in [40]

SQ Speed quotient: Ratio of the opening time of the -
glottis to the closing time. Computed as in [40]

H, — H, Difference between the magnitude of the first two dB

harmonics
fo Fundamental frequency Hz
SPL Sound pressure level: dB from the RMS envelope dB SPL

of the acoustic signal
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4.2 Voice production model-based dataset

The selected voice production model for the training stage is a multi-physics
scheme that includes a triangular body-cover model of the vocal folds, controlled
by the coordinated activation of five intrinsic laryngeal muscles. This model was
proposed by Alzamendi et al. [60] and detailed in Chapter 2, Subsection 2.2.2.
It was chosen due to its flexibility and its physically and physiologically relevant
approach to covering various phonatory conditions, both normal and disordered
[60]. This voice production model was employed to generate 110,000 Monte Carlo
simulations of sustained phonation. The simulations included a wide variation of
the model control parameters such as lung pressure (Pr) and muscle activation
levels (acr, ara, arca, ara, and apca). The control model parameters and their
respective variation ranges are detailed in Table 4.2.

Subsequently, from each simulation lasting 800 ms, the final 50 ms of the
simulated glottal volume velocity (GVV) signal was isolated to remove transient
artifacts. The signal was then filtered with a low-pass filter (LPF) at 1100 Hz and
a high-pass filter (HPF) at 60 Hz to match the typical frequencies of laboratory
recording signals. Following this, six aerodynamic features (ACFL, MFDR, OQ,
SQ, Hy — Hs, f0) were computed from the simulated glottal airflow signal. The
simulated sound pressure at the lips (Pout) was used to determine SPL. Within
the same 50 ms simulation windows, the mean of the P; signal and the mean peak
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Table 4.2: Range and increment step for control parameters in the numerical voice

production model considered for building the synthetic dataset

Parameter Range step unit

acr 0-1 0.1 -
ara 0-1 0.1 -
arca 0.2-0.8 0.1 -
apca 0-0.1 0.1 -
ara 0.2-0.8 0.1 -
Py, 500 - 2000 150 Pa

of the P. were computed. The selected normalized muscle activation levels of the
act and ars were also recorded. Samples that did not meet clinical registration
criteria, such as an ACFL below 30 mL/s or f, outside the 120-400 Hz range,

were discarded. In total, the synthetic dataset comprises 13,000 samples.

4.3 Laboratory recordings with reference to sub-

glottal pressure

The reference values for subglottal pressure were derived from two databases,
each containing in wvivo laboratory recordings. These recordings included data
from IOP, OVV, MIC, and ACC. Recordings in both laboratory databases were
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conducted within a sound-treated environment to ensure signal integrity. A li-
censed speech-language pathologist rigorously assessed the vocal health status
of the subjects through laryngeal videostroboscopic examination and a clinician-
administered Consensus Auditory-Perceptual Evaluation of Voice assessment [117].
Informed consent was obtained from all the participants in this study, and the ex-
perimental and clinical protocols were approved by the Institutional Review Board
of Mass General Brigham at Massachusetts General Hospital.

These datasets served as a testing platform for evaluating subglottal pressure
estimates obtained through the regression neural network, utilizing accelerometer
data. However, validation of vocal fold collision pressure and laryngeal muscle
activation estimates was omitted due to the challenges of obtaining these mea-
surements in a laboratory. It is important to note that, during this initial stage,
the dataset was not used to train the neural network. Below, descriptions of each

of these databases are provided.

4.3.1 Dataset 3

This in vivo laboratory dataset was previously analyzed in [6, 8, 100]. The
data correspond to a group of participants composed of 79 adult females with no
history of voice disorders. The mean age was 29.6 with a standard deviation (SD)
of 13.0 years old. Study staff instructed each participant to repeat strings of /pae/
syllables in three loudness conditions (comfortable, loud, and soft). Although
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subjects were instructed to maintain a constant pitch and loudness within each
syllable string, they were free to choose levels that were most natural for them
without any prescribed levels of absolute pitch and loudness.

Recordings consisted of the simultaneous acquisition of acoustic pressure ob-
tained with a condenser MIC (MKE104, Sennheiser, Electronic GmbH, Wede-
mark, Germany) placed 10 cm from the lips and having full bandwidth in the
range of 0-6 kHz, OVV sensed by using a circumferentially vented pneumota-
chograph mask (PT-2E, Glottal Enterprises, Syracuse, NY) with a bandwidth of
approximately 1.1 kHz, IOP measured with an oral catheter passed between the
lips and connected to a low-bandwidth pressure sensor with an effective bandwidth
of approximately 80 Hz [8], and ACC (BU-27135; Knowles Corp., Itasca, IL, USA)
placed on the anterior neck surface halfway between the thyroid prominence and
the suprasternal notch [61].

All signals were sampled at 20 kHz/16 bits (Digidata 1440A, Axon Instru-
ments, Inc.), low-pass filtered at 8-kHz cutoff frequency (CyberAmp Model 380,
Axon Instruments, Inc.), and calibrated to physical units [8]. Figure 4.2 displays
a snapshot of synchronized in-laboratory waveforms from the /pae/ task.

The preprocessing data consisted in:

e Digitally Filtered: Signals obtained from the ACC and pneumotachograph
mask were low-pass filtered at 1100 Hz with a 10th-order Chebyshev Type
IT filter and decimated to 8192 Hz. Then, a fourth-order Butterworth HPF
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Figure 4.2: An example of the repeated /peze/ gesture for one female participant
in Dataset 3. Synchronized recordings are made of signals from an acoustic micro-
phone (MIC), electroglottography electrodes (EGG), accelerometer sensor (ACC), high-

bandwidth oral airflow (FLO), and intraoral pressure (PRE) [6].

with a cutoff frequency of 60 Hz was used to remove low-frequency com-
ponents. The IOP signal was low-pass filtered at 80 Hz with a fifth-order
Butterworth filter and then decimated to a 256 Hz sample rate. All filters
were applied bidirectionally to achieve zero-phase distortion phase [118].
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e Subglottal pressure: Reference values were obtained from IOP signals fol-
lowing [8]. The three middle syllables in each /pa/ string were selected for
the analysis so that the initial and final portions were disregarded to avoid
any evident transient dynamics. The estimated subglottal pressure was the
average of these three-syllable values. Three reference measures per par-
ticipant for comfortable, loud, and soft loudness conditions were obtained.

Thus, a total of 237 /pac/ tokens were obtained from this dataset.

e OVV-Based Glottal Airflow: This signal was obtained using a common in-
verse filtering technique [107, 106]. Each single-notch filter was applied to
a 50 ms stable portion of the middle /pae/ string. The center frequency of
the filter was determined following an optimization procedure developed by

8]-

e ACC-Based Glottal Airflow: This signal was estimated using the IBIF
scheme [61, 40]. This method uses an acoustic transmission line model and a
calibration step to obtain a set of subject-specific parameters corresponding
to the neck-skin surface, length of the trachea, and accelerometer position
(61, 40, 104]. These parameters are determined by minimizing the waveform
error between the OVV-based glottal airflow (reference signal described pre-
viously) and the inverse filtered neck-skin ACC signal via a particle swarm
optimization [119].
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e Aerodynamic Features: The middle 50 ms of the glottal airflow signal esti-
mated from IBIF was selected to compute the six acceleration-based aero-
dynamic features (ACFL, MFDR, OQ, SQ, H, — Hs and f,) detailed in

Table 4.1.

e Acoustic Feature: Even though SPL can be computed from the ACC signal
using regression methods [29], this study utilized the synchronous micro-
phone signal to avoid introducing any additional estimation errors at this

stage.

4.3.2 Dataset 4

This laboratory study involved participants divided into four distinct groups:
ten patients with PVH, ten with NPVH, ten with UVFP, and twenty-six individ-
uals without any history of voice disorders (control group). Detailed demographic
information for each group is provided in Table 4.3. Participants were instructed
to produce /p/-vowel syllable strings, modulating their loudness from loud to
soft, across three distinct vowel contexts: /pa/, /pi/, and /pu/. In contrast to
laboratory database 1, this method of eliciting /p/-vowel pairs with progressively
decreasing loudness facilitated a more comprehensive collection of the spectrum
of P,. Additional details regarding this database can be found in [36, 34] for the
control groups and in [35, 116] for the pathological cases.
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Table 4.3: Comparative demographic statistics across patient groups and vocally typical

control group in laboratory dataset 2.

Group  Female Male Mean (SD) Age Range

Age
(Year) (Years)
Control 18 8 31 (13) 19-50
PVH 10 0 29 (18) 18-62
NPVH 7 3 35 (11) 19-64
UVFP 6 4 45 (15) 2260

The acoustic signal was captured using a head-mounted condenser microphone
(ME 102, Sennheiser Electronic GmbH, Wennebostel, Germany), positioned 15
cm from the lips of the participants. OVV and IOP signals were recorded via an
aerodynamic assessment system, comprising a pneumotachograph mask (Glottal
Enterprises, Syracuse, NY, USA) and dedicated sensors for oral airflow (PT-2E)
and intraoral pressure (PT-75), both from Glottal Enterprises. These signals were
sampled at 20 kHz with 16-bit quantization (Digidata 1440A, Axon Instruments),
following their processing through an analog anti-aliasing LPF with an 8 kHz cut-
off frequency (CyberAmp Model 380, Axon Instruments, Union City, CA, USA).
The neck-surface vibration signal was recorded using a miniature accelerometer
sensor (BU-27135; Knowles Corp., Itasca, IL, USA), secured halfway between
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the thyroid prominence and the suprasternal notch using hypoallergenic double-
sided tape (Model 2181, 3M, Maplewood, MN, USA). The ACC signal underwent
sampling at 11,025 Hz with 16-bit quantization, facilitated by an Android smart-
phone. Ultimately, the signals were calibrated into physical units, adhering to the
methodology outlined in [116]. Figure 4.3 shows example waveforms and spectro-
grams of oral airflow, intraoral pressure, acoustic microphone, and accelerometer
signals, which were calibrated to units of milliliters per second (mL/s), centimeters

of water (cm Hy0), pascals (Pa), and vibration acceleration (cm/s?), respectively.

The microphone, accelerometer, and pneumotachograph mask signals were
segmented by identifying sounding/silent intervals in the microphone signal us-
ing Praat version 6.0.30 [120]. Similar to dataset 3, each vowel segment of the
OVV signal was low-pass filtered at 1100 Hz to match the bandwidth capacity
of the pneumotachograph mask. Additionally, the IOP signal underwent low-
pass filtering at 80 Hz using a fifth-order Butterworth filter to remove harmonic

information.

For this dataset as well, glottal airflow, based on OVV, was obtained through
standard inverse filtering [107, 106], while ACC-based airflow was derived using
the IBIF method. The six aerodynamic features and SPL were obtained for the
middle 50 ms segment of the glottal airflow signal estimated from IBIF and the
calibrated MIC signal, respectively. Reference values for subglottal pressure were
derived from IOP signals, resulting in a total of 15,160 /pee/ tokens collected
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Figure 4.3: An example of the repeated /pee/ gesture with descending loudness for one
male participant in Dataset 4. Time-aligned signals from the acoustic microphone, neck-

surface accelerometer, and intraoral pressure sensor, along with the Praat TextGrid tier

(S = silence, V = vowel) [36].

among the four groups in the dataset.

4.4 Neural network architecture and training

based on a multi-layer NN [121].

A supervised machine learning framework for regression was implemented
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seven aerodynamic and acoustic features (ACFL, MFDR, OQ, SQ, H, — Hs, f,,
and SPL), an output layer comprising the four target vocal function measures (P,
P., ara and acr), and interconnected hidden layers with a 10% dropout to avoid
overfitting. Each neuron within the hidden layers had adjustable weight and bias
parameters that combined with the outputs of the preceding layer to activate a
rectified linear unit function; then, the resulting activation served as input for
the next layer [122]. The number of neurons for each layer was investigated as
a function of model performance against both numerical and experimental data.
The training stage updates the weights and biases using the Adam optimization

algorithm [123] with a learning rate of 0.001.

The NN regression models were trained following the scheme shown in Fig-
ure 4.4. For this purpose, the synthetic voice dataset described in Section 4.2 of
this chapter was used. Similar approaches have been adopted by other authors
using different sensing modalities, i.e., high-speed videoendoscopy [58] and MIC
sensors [59] in ex vivo experimental validation platforms. Using synthetic data for
training addressed the lack of comprehensive and massive in vivo human datasets
with thousands or even millions of conditions.

As suggested by Gomez et al. [58], the training data should resemble the
empirical distribution of the population-based aerodynamic and acoustic feature
set. Figure 4.5 displays the normalized histogram of features for the synthetic data
(in blue) and laboratory data (in red). It is noticeable that the feature ranges
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Figure 4.4: A schematic for the proposed training procedure. A regression neural net-
work is built for mapping accelerometer-based vocal features into clinically relevant
estimates for subglottal pressure, subglottal collision pressure, and laryngeal muscle ac-
tivation levels of the TA and CT muscles. Training data are produced from a numerical

voice production model.

and distributions for both clinical and synthetic datasets agree, except for SPL
and Py, where the ranges are noticeably dissimilar (as seen in the histograms with
attenuated red color). Two bias corrections were considered for these components.
First, as the SPL for the voice production model is obtained at the lips, the SPL
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value was corrected to match the 10 cm mouth-to-microphone recording distance
considered in the clinical recordings, yielding a -28.5 d B correction factor [124]. In
addition, histograms of P suggest that the physiological voice synthesizer yields
higher values for this measure. It is possible that sub and supra-glottal tract
propagation losses and the losses at the glottal boundary were not sufficiently high,
thus amplifying source-filter interactions and raising subglottal pressure. This
bias has motivated subsequent exploration and model developments. However, to
address the need to correct for the difference in P, in this study, a bias correction
was applied by taking the differences between the mean of clinical and synthetic

P, values, thus leading to a -3.37 cm HyO offset.

4.5 Results

Validation with human data is the gold standard for assessing the ability of
the neural network regression scheme to represent in vivo data. However, direct
measurement of certain physiological measures of vocal function is not feasible.
An advantage of using a voice production model to train a neural network is that
it allows us to estimate vocal function measures that are difficult to measure in
practice. This is the case for vocal fold collision pressure and intrinsic muscle
activation. Therefore, the assessment of the estimates of subglottal pressure is
described in terms of test sets from numerical simulations and laboratory data.
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Figure 4.5: Normalized histogram illustrating vocal features from the clinical dataset (in
blue). Superimposed are histograms for the synthetic dataset (in red), demonstrating
model matching. Additional histograms (in light red) show bias correction for synthetic

SPL and Ps.

In contrast, the estimates of vocal fold collision pressure and laryngeal muscle

activation are evaluated using only a synthetic data test set.

4.5.1 Estimation of subglottal pressure in synthetic and

laboratory Dataset 3

Several NN architectures, with varying numbers of neurons and hidden lay-
ers, were trained for two distinct cases. Case I involved six glottal aerodynamic
features as the input layer for the NNs, specifically those described in Table 4.1:
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ACFL, MFDR, 0Q), SQ, f,, and Hy — H,, all extracted solely from IBIF. In con-
trast, Case II employed all seven features listed in Table 4.1 for the NN input
layer. To facilitate this, synthetic training data were subjected to min-max nor-
malization and randomly selected, comprising 80% of the total simulations. The
testing phase utilized the remaining 20% of synthetic data and the clinical dataset
3, aiming to identify the models that provide the most accurate estimation of sub-
glottal pressure. To evaluate the regression performance during both the training
and validation stages, and for comparison with prior studies, [47, 59, 125], the

mean absolute error (MAE) and RMSE metrics were utilized.

It is important to note that all neural networks were trained using 100 epochs.
This criterion was chosen to ensure the convergence of the models. Figure 4.6 dis-
plays the mean squared error versus epochs for both the training and validation
phases of the simplest and the most complex architectural models. These curves
demonstrate the convergence of the training process, with the simplest regression
model showing more rapid convergence. However, at around 100 epochs, the er-
ror stabilizes, indicating that training progress for both architectures plateaus.
A similar trend was observed across all tested configurations. Another point to
emphasize is the absence of overfitting, as evidenced by the simultaneous and
monotonic decrease in both training and validation errors. This suggests that the
network effectively learns the structure of the observed data and can accurately
infer from the validation data. An indication of overfitting would be a scenario
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where the training error decreases while the validation error either remains con-
stant or increases.

2 hidden layer with 4 neurons 8 hidden layer with 128 neurons
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Figure 4.6: Mean Squared Error (MSE) versus epoch for training (in blue) and validation
(in red) across two neural network architectures. On the left are two hidden layers with

four neurons each. On the right are eight hidden layers with 128 neurons each.

The MAE and RMSE values describing P, estimates for the different architec-
tures are presented in Tables 4.4 and 4.5 for Cases I and II, respectively. Both
tables show results from synthetic and clinical tests. In Cases I and II, the addition
of more hidden layers and neurons per layer yields improved subglottal pressure
estimation in synthetic data tests. For example, in Case I, the MAE decreased
from 1.98 cm H20 to 0.93 cm H20 when comparing the simplest architecture (2
hidden layers with 4 neurons) to a more complex one (4 hidden layers with 128
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neurons). Similarly, in Case II, the MAE decreased from 1.84 ¢cm H20 to 0.78
cm H20 for architectures of comparable complexity. This represents a reduction
of more than 50% in MAE for both cases. A similar trend was observed with
RMSE. The improvement can be attributed to the fact that both the training and
testing data were derived from the same voice production model. Therefore, more
complex NN models seem to more efficiently capture the non-linear mechanisms
of the model, as suggested by [59] in the context of training and testing with
synthetic data from the same source. However, for NN architectures comprising
more than six hidden layers with 128 neurons each, both the MAE and RMSE
for synthetic data increased, indicating that a deeper NN does not necessarily

enhance the estimation of subglottal pressure in this context.

On the other hand, for the laboratory validation of subglottal pressure, the
opposite trend for MAE as a function of the NN architecture complexity was
observed. In Case I, MAE increased from 2.23 cm Hy0O to 3.17 cm H,O for an
increasing complexity from the 2 hidden layers with 4 neurons to 4 hidden layers
with 128 neurons model. Case II also exhibited MAE increases from 1.95 cm
H50 to 3.23 cm H,O for the same increasing complexity in the NN architecture.
These results represent an increase of 42% and 66% in MAE for Case I and II,
respectively, with similar trends for RMSE. Therefore, higher NN complexity was

not adequate to represent sample distribution from the laboratory dataset.
Contrasting Tables 4.4 and 4.5, it is evident that the inclusion of SPL in the
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Table 4.4: MAE and RMSE for the estimated P, as obtained using the proposed NN
regression model, compared with reference measures from synthetic and laboratory test
data in Case I. The input aerodynamic features for Case I include ACFL, MFDR, OQ,
SQ, f,, and H{—Hs. Errors are reported for various NN architectures, each characterized

by different numbers of neurons (N) and hidden layers (HL)

N HL Synthetic Data Laboratory Data
MAE RMSE MAE RMSE

(cm H,0) (cm H,0O) (cm H,0) (cm H,0O)

4 2 1.98 2.51 2.23 2.82
8 2 1.81 2.34 2.28 2.86
16 2 1.35 1.83 2.56 3.13
32 2 1.18 1.64 2.82 3.43
64 2 1.02 1.48 2.89 3.50
128 2 0.99 1.68 2.94 3.58
128 4 0.93 1.33 3.17 3.87
128 6 0.97 1.38 3.14 3.85
128 8 1.01 1.45 3.12 3.76

input feature vector improves the estimation of subglottal pressure for all tested
NN architectures. Using the best architecture for laboratory validation, a 12%
reduction in both MAE and RMSE was observed. Similarly, for synthetic valida-
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Table 4.5: MAE and RMSE for the estimated P, as obtained using the proposed NN
regression model, compared with reference measures from synthetic and laboratory test
data in Case II. The input aerodynamic features for Case II include ACFL, MFDR,
0Q, SQ, f,, H — Hy, and SPL. Errors are reported for various NN architectures, each

characterized by different numbers of neurons (N) and hidden layers (HL)

N HL Synthetic Data Laboratory Data
MAE RMSE MAE RMSE

(cm H,0) (cm H,0O) (cm H,0) (cm H,0O)

4 2 1.84 2.42 1.95 2.48
8 2 1.87 2.43 1.97 2.52
16 2 1.27 1.74 2.42 2.98
32 2 1.13 1.58 2.55 3.17
64 2 0.99 1.42 2.88 3.45
128 2 0.90 1.30 2.98 3.58
128 4 0.78 1.12 3.23 3.87
128 6 0.87 1.21 3.04 3.71
128 8 1.00 1.38 3.08 3.70

tion, the best architecture exhibited a 16% reduction in MAE and RMSE when
SPL was added. These results align with previous studies [8, 65, 31] that reported
a strong correlation between subglottal pressure and acoustic SPL. Although not
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reported here, no significant error differences were observed when estimating SPL

from either the MIC or ACC sensor.

Based on these results, the NN model with the lowest error in the laboratory
data validation set was selected, featuring 4 neurons in the hidden layers and
all seven input features. Figure 4.7 presents a scatter plot of the NN-estimated
subglottal pressure versus the reference subglottal pressure from the laboratory
data. The dashed line indicates a 1:1 correspondence between the estimated and
reference subglottal pressure. The coefficient of determination (R?) is 0.65, and the
mean absolute percentage error is 24.9%. It is important to note that although the
IOP data was used as the ground truth for this assessment, differences in subglottal
pressure estimates from [IOP and direct measurement via tracheal puncture have
been reported to be in the range of 5% [126]. Additionally, interpolation between

the peaks of the pulses can lead to a 12% error [127].

The predicted subglottal pressure in this study is comparable to that obtained
in previous studies. Table 4.6 summarizes the lowest MAE for predicted subglot-
tal pressure from laboratory data and compares it with those from other studies.
The first two studies reported mean absolute errors lower than 2 ¢cm HO, sim-
ilar to the NN implementation. However, it is important to highlight that NN
predictions were obtained using a neck-surface accelerometer and tested against
in vivo human data. In contrast, these studies utilized porcine [58] and human
excised larynx experiments [59]. Notably, when the NN regressor proposed in
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Figure 4.7: Comparison of laboratory-estimated subglottal pressure with corresponding
estimates from the trained neural network (featuring 2 hidden layers, 4 neurons in each
layer, and 7 voice features). The coefficient of determination (R?) is 0.65. The dashed

line represents the theoretical 1:1 perfect match.

[59] was applied to an in vivo single subject study [125], their MAE increased to
more than double their preliminary results. The fourth method corresponds to
an empirically derived formula (Eq. 2.3) [31]. This equation correlates subglottal
pressure with measurements of SPL and fo. Applying this formula to the labo-
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ratory data (237 tokens) in the current study, the mean absolute error was 2.11
cm H20. The relatively good performance of such a simple formula supports the
idea that simple regression architectures are adequate for predicting subglottal
pressure under vocally typical conditions. However, the accuracy of these estima-

tions is compromised when non-modal voice qualities are included, as suggested

by [34, 35, 36].

Table 4.6: Comparison of the estimated Ps using the proposed NN regression model
(2 hidden layers, 4 neurons in each layer, and 7 voice features) with those obtained in

previous studies.

Method Materials MAE
(cm H,0)

LSTM Clasification [58] Porcine excised Larynx vo- 1.98
cal folds

NN Regression [59] One excised human larynx 1.17

NN Regression [125] Single-subject study 2.96

Empirically derived formula [31] ACC signals from 79 normal 2.11
subjects

Proposed Method ACC signals from 79 normal 1.95
subjects
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4.5.2 Vocal fold collision pressure and laryngeal muscle

activation estimation

Table 4.7 present the coefficient of determination and MAE (in physical units
and as a percentage of the range) for synthetic data across four outputs (Ps, P,
acr, ara), obtained using two NN architectures: the first with two hidden layers
and four neurons, and the second with four hidden layers and 128 neurons. A com-
parison of both tables reveals that architectures with more layers demonstrated
superior performance in estimating the target vocal function parameters for the

synthetic data.

As observed earlier in the synthetic validation of subglottal pressure, increas-
ing the complexity of the NN architecture enhances the accuracy of the estimates.
This performance improvement holds for the estimates of vocal fold collision pres-
sure and laryngeal muscle activation. However, the coefficient of determination
for the a4 estimation is significantly lower at 0.52, compared to R? values greater
than 0.8 for the estimation of other measures using the NN with four hidden layers
and 128 neurons. This finding suggests that certain measures, such as a4, may
require even more complex NN architectures to achieve similar levels of perfor-
mance. Additionally, these results may be associated with the increment step for
muscle activation used in the TBCM simulation (see Table 4.2). It is suggested
that decreasing the increment step for this parameter during simulation could
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provide the necessary variability in muscle activation for the learning process in

the NN.

Table 4.7: using a synthetic dataset with two NN architectures: 1) two hidden layers
with 4 neurons each and 2) four hidden layers with 128 neurons each. The table reports
values for R? and MAE (in physical units and as a percentage of the range). The input

vector for this architecture includes seven aerodynamic measures.

NN Parameters Units R? MAE MAE

(Units) (%)

P, cm H,O 0.64 1.84 11.4
P cm H,O 0.70 3.33 8.2
: ara - 0.07 0.21 21.1
acr - 0.53 0.15 14.6
P, cm H,O 0.93 0.74 4.7
P, cm H,O 0.92 1.70 4.2
i ara - 0.52 0.13 13.3
acr - 0.84 0.07 7.1

4.5.3 Subglottal pressure estimation on pathological cases.

The NN architecture used in this experiment was selected based on its per-
formance in Dataset 3 for estimating subglottal pressure. For Dataset 4, the
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microphone was positioned 15 cm from the lips. Consequently, the SPL for the
synthetic dataset was adjusted using the correction factor detailed in [124], which
takes into account the SPL attenuation due to distance. Subsequently, a new NN
with two hidden layers and four neurons was trained and employed to estimate

subglottal pressure for this new dataset.

The RMSE and MAE in P; estimates for the control group and each patient
group are presented in Table 4.8. In this case, the errors for subjects without
voice disorders increased compared to those obtained in Dataset 3. For instance,
the RMSE increased from 2.48 to 2.89 cm H5O, and the MAE rose from 1.95 to
2.31 cm H,O. This increase in error is associated with the higher inter- and intra-
subject variability in Dataset 4. As mentioned, Dataset 4 includes both female
and male subjects, and for each subject, hundreds of samples were recorded under
various conditions of /p/-syllable, loudness, and pitch. However, it is important to
note that these results still outperformed the single-subject estimations reported
in [125], and the estimation derived from the empirical formula proposed in [31].
For the latter method, the estimated subglottal pressure for the same control
group was reported with an RMSE of 2.96 £+ 1.42 cm H,O [116].

In the case of the pathological groups, a significant increase in both metrics for
Py estimation is observed, with the highest error found in the UVFP group. This
poorer estimation was expected since the NN was trained using the TBCM, which
was primarily designed for simulating vocally typical conditions. The TBCM
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Table 4.8: RMSE and MAE error metrics for subglottal pressure estimation using a
neural network with two hidden layers and four neurons in Dataset 4. Results are cat-
egorized by participant groups: Control, Phonotraumatic Vocal Hyperfunction (PVH),

Nonphonotraumatic Vocal Hyperfunction (NPVH), and Unilateral Vocal Fold Paralysis

(UVFP).
Group RMSE MAE
(em H50) (em H50)
Control 2.89 £ 0.82 2.31 £ 0.58
PVH 3.18 £ 1.73 2.43 £ 1.27
NPVH 3.51 £ 2.07 2.79 £ 1.65
UVFP 4.86 £ 2.66 4.17 £ 2.43

does not account for the anatomical and physiological changes associated with
pathologies. For instance, it does not consider the asymmetrical muscle activation
in NPVH and UVFP, the presence of polyps in PVH, or the asymmetrical vocal
fold vibratory oscillation in UVFP [128]. These error increases were also observed
with the empirical formula [31], which estimated the P; with RMSE values of 4.10,

3.76, and 4.74 cm H,O for PVH, NPVH, and UVFP, respectively [116].

In the results section of [116], comparisons were made between NN estima-
tions and two subject-specific methodologies proposed in [36] and [34] (described
in Chapter 2, Subsection 2.1.4). Both approaches yielded an RMSE under 2.08
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cm Hy0O, outperforming the NN predictions. The noted improvement in the ac-
curacy of subject-specific subglottal pressure estimation was attributed to the
elimination of inter-subject variability. This finding suggests that developing NN
models, with parameters adjusted individually for each subject, could improve

subglottal pressure estimation.

4.6 Chapter conclusions

The purpose of this study was to explore the combination of neural network
regression networks with a voice production model to estimate physiologically rel-
evant vocal measures, i.e., subglottal pressure, vocal fold collision pressure, and
muscle activation (TA and CT) from a neck-surface vibration signal. Validation
for this study was done both numerically and experimentally. Given that some of
the predicted measures are difficult to obtain experimentally, only the estimates
of subglottal pressure could be compared with reference estimates of mean sub-
glottal pressure derived from the standard airflow interruption technique in the
laboratory.

Both numerical and experimental validations involving normal subjects yielded
reasonably accurate results. However, as the complexity of the NN architecture
increased, a decrease in estimation error for synthetic data was observed, but an
increase in error for laboratory data. This discrepancy can be attributed to how
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the synthetic dataset was obtained. For simulations, the numerical model parame-
ters were varied across a wide range, but without considering anatomical changes,
effectively representing a reduced population under various conditions. This lack
of inter-subject variability likely impacted the accuracy of subglottal pressure es-
timation. Furthermore, the adjustments made to correct for bias in subglottal
pressure estimation suggest that losses in the subglottal and supraglottal tract
models, as well as at the glottal boundary, were not adequately represented. This
could potentially amplify source-filter interactions and affect subglottal pressure
estimates. These observations indicate that the numerical model requires adjust-
ments to more accurately reflect population behaviors and to assess their effects
on the accuracy of the proposed approach. Despite its simplicity and these lim-
itations, the triangular body-cover model provides a good general representation

of typical sustained phonation across a wide range of subjects and conditions.

The error metrics for subglottal pressure estimations in pathological cases are
noticeably higher compared to subjects without voice disorders. These results
indicate that the robustness and reliability of the estimates from the proposed
method depend on the ability of the selected voice production model to mimic
the observed distributions in laboratory data. Even though the TBCM provides
a close representation of typically sustained phonation, there is a significant gap
between this numerical voice production model and the pathological laboratory
dataset, especially in UVFP cases. Despite this, the results obtained in PVH
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and NPVH are reasonable when contrasted with other techniques reported in
the literature [125, 31]. However, compared to subject-specific linear regression
approaches, the RMSE of the proposed estimation method is higher [116]. These
results suggest that incorporating subject-specific adjustments into the NN could

enhance the estimation of subglottal pressure.

On the other hand, the accuracy of estimates for muscle activation and collision
pressure, which were assessed against synthetic data, was compromised by the
simplicity of the rather shallow NN architecture initially chosen to match clinical
data for subglottal pressure. When the complexity of the network is increased,
the estimation accuracy for muscle activation and collision pressure improves.
This finding is encouraging for the investigation of subject-specific models that
can accommodate more complex neural network architectures while retaining the

ability to accurately predict subglottal pressure.

These findings support that vocal function measures, such as subglottal pres-
sure, vocal fold collision pressure, and intrinsic laryngeal muscle activation, can
be estimated from accelerometer-based features using nonlinear regression. These
initial results serve as a proof of concept, demonstrating that the proposed NN
method is a viable option for estimating clinically relevant vocal measures that
are challenging to measure directly in both laboratory and ambulatory settings.
However, the model requires refinement to improve its estimations, especially in
pathological cases. In this context, the next chapter introduces a methodology
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based on subject-specific tuning with transfer learning. This approach aims to

enhance subglottal pressure estimation from an accelerometer.
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Chapter 5

Transfer learning for improving neu-
ral network estimation from a neck-
surface accelerometer

In the previous Chapter, a promising method for estimating vocal function fea-
tures from neck-surface vibration signals was introduced, leveraging a framework
that combines a physiologically relevant model of voice production with neural
network regression. This Chapter builds upon that initial work by incorporating
a transfer learning strategy to refine neural network regression parameters using
laboratory data. Initially, a baseline regression model was trained exclusively with
simulations from a numerical voice production model, and subsequently fine-tuned
through cross-validation with laboratory data. The results indicate a significant
reduction in the average RMSE of subglottal pressure estimation compared to
preliminary results from laboratory datasets 3 and 4. Furthermore, the use of
transfer learning to develop subject-specific neural regression models is explored,
applying transfer learning to fine-tune model parameters based on recordings from
individual subjects. This method has resulted in an improvement of over 21% in
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the average RMSE of subglottal pressure estimation, outperforming existing meth-
ods based on subject-specific calibration reported in the literature. Furthermore,
the proposed subject-specific method facilitates a preliminary validation of mus-
cle activation estimation using simultaneous recordings of OVV, IOP, MIC, and
laryngeal electromyography from a case study. These findings highlight the effi-
cacy of a nonlinear, subject-specific regression approach in improving subglottal
pressure estimation from neck-surface vibration signals and illustrate the potential
for extending this estimation to muscle activation. This approach aligns with the
central objectives of this thesis, which aim to advance the assessment of vocal func-
tion through non-invasive techniques. The methodology, results, and discussion
on subglottal pressure estimation presented in this chapter have been reported in
a paper submitted to a peer-reviewed journal [129] and will be presented at the

13th International Conference on Voice Physiology and Biomechanics [130].

5.1 Proposal transfer learning scheme

Figure 5.1 presents a schematic of the proposed method for enhancing vocal
function assessment from the neck skin acceleration signal through NN regression.
The upper block of the schematic depicts the baseline model, consisting of an NN
trained with thousands of simulations from a numerical voice production model, as
detailed in Chapter 4. This baseline model effectively maps various aerodynamic
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and acoustic input features (ACFL, MFDR, 0Q, SQ, H1-H2, f;, and SPL) to

vocal function measures such as P;, ara, acr, and P..
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Figure 5.1: Scheme of the transfer learning procedure.

Retraining the few
last hidden layers

The analysis in the lower block involves fine-tuning the NN through transfer

learning, utilizing n vivo laboratory measurements. For this process, the initial

layers of the baseline model were frozen, and the subsequent hidden layers were

retrained using cross-validation techniques. At this stage, the input aerodynamic

features are computed from an unsteady glottal airflow signal, which is derived

by applying the IBIF model to the ACC signal captured from the neck skin.

Meanwhile, the SPL is derived from a calibrated MIC signal. The reference P,

is estimated based on IOP measurements, while the reference values for a;4 and
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act are estimated from laryngeal EMG. In this work, the validation is on these
three outputs due to the absence of a laboratory dataset containing aerodynamic

and acoustic measurements simultaneously with P. measurements.

5.2 Transfer learning from simulated voice pro-

duction to 2n vivo recordings

Transfer learning is a powerful machine learning technique that offers an al-
ternative approach to traditional training methods. Instead of training a model
from scratch using domain-specific data, TL leverages previously trained models
on different domains, tasks, or distributions. This technique was formally defined
by Pan et al. [131] as:

“Given a source domain Dg and learning task Ts, and a target domain Dr
and learning task Tr, TL aims to help improve the learning of the target predictive
function f(-) in Dr using the knowledge in Dg and Tg, where Dg # Dy or Ts #
Tr”.

Here, the domain is given by the feature space (X') and a marginal probability
distribution (P (X)), represented as D = {X, P(X)}, and the target is composed
of the label space ()) and the conditional probability distribution (P(Y|X)),
represented as T = {), P(Y|X)}. Therefore, the condition Dg # Dy implies
that either Xg # Xp or Ps(X) # Pr(X). Similarly, Tg # 7r implies that either
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Vs # Yr or Ps(Y|X) # Pr(Y|X).

In the regression problem of this work, the synthetic and laboratory data
represent Dg and Dr, respectively. The P; and muscle activations estimations
are the learning task, thus (7s = 7Tr). Previously [115, 64], it was assumed that
Ds = Dy and Tg = Tr, treating the problem as a traditional machine learning
approach. However, simulations from the numerical voice production model are
approximations of the real three-way interaction at the glottal level between sound,
flow, and vocal fold tissue. Consequently, since Xg # Xp and Ps(X) # Pr(X),
it follows that Dg # Dr. Therefore, the regression problem in this study aligns
with the definition of transfer learning.

The transfer learning strategy employed in this work is known as fine-tuning,
or parameter transfer [132, 133]. It involves replacing the last one or several
layers of a baseline model with customized layers for the target task. During
the training process, the weights of the pre-trained model are fine-tuned through
continued back-propagation. The fine-tuning process adapts the model to be more
specifically aligned with the details of the target learning task.

In this study, the transfer learning framework is applied in distinct scenarios.
Firstly, a single regression model is refined to enable it to estimate Ps across various
subjects, using laboratory datasets 3 and 4. These datasets are described in
Chapter 4, specifically in Sections 4.3.1 and 4.3.2, respectively. Secondly, subject-
specific NN tuning is implemented, aligning this approach with the methodologies
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described in [36, 35, 34] and using laboratory dataset 4. These two approaches aim
to enhance the accuracy and applicability of P, estimation from an ACC across
diverse domain adaptations. Additionally, the subject-specific tuning enables the
validation of other vocal function measures, such as muscle activation, by fine-
tuning the NN to a case study that includes laboratory recordings with laryngeal

EMG measures for CT and TA muscles.

5.3 Laryngeal EMG Dataset 5: A case study

These laboratory recordings include time-synchronized in wvivo recordings of
OVV, ACC, IOP, and laryngeal EMG from an adult male subject with no history
of voice disorders. The laryngeal EMG recordings capture muscle activity for the
left and right CT, right TA, and right LCA; however, the LCA was not considered
in this study. The participant gave his informed consent for this study, and the
Institutional Review Board at Mass General Brigham, Massachusetts General
Hospital, approved the protocol.

The in-laboratory protocol required the subject to perform various phonatory
tasks at different levels of loudness and pitches, as detailed in Table 5.1, in addi-
tion to non-phonatory tasks such as coughing, swallowing water, and performing a
chin press against resistance. This wide range of tasks enhances the understanding
of how each intrinsic laryngeal muscle contributes to vocal fold movement during
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tasks and aids in determining the maximum level of activation for each muscle.
Pinpointing this maximum activation is crucial in the processing stage for normal-
izing muscle activation values, thereby making them comparable to those obtained

in the numerical voice production model.

The equipment and sensors for MIC, ACC, and IOP used in this study were
the same as those described for Dataset 4 in Chapter 4, Subsection 4.3.2. The
electrodes for EMG recordings were bipolar hooked wires. The wireless EMG
channels were grounded to a single large pad placed on the dorsal cervical spine.
All signals were digitized at a rate of 20 kHz. The EMG signals for the TA and
LCA muscles were processed through an additional CyberAmp (Model 380, Axon
Instruments). The filter settings for these signals included a HPF at 1Hz, a LPF
at 2000Hz, and a total gain of 5X. The EMG signals for the left and right CT
muscles were collected using a 2-channel Bagnoli unit (wired), with the gain set
to 1000X. This gain configuration comprised a 10X head-stage gain in addition to
a 10X gain applied by the Bagnoli box. The amplified signals were then processed
through the CyberAmp. Control of these channels was managed by the Axoscope
software. The filter setting for these channels was an HPF at 10Hz, an LPF at

8000Hz, and a total gain of 5X.

The MIC, ACC, OVV and EMG were segmented by identifying sounding and
intervals based on the frequency obtained by the microphone signal. As in Dataset

3, described in Chapter 4, Subsection 4.3.1, signals from the ACC and OVV were
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Table 5.1: Phonatory tasks in laboratory Dataset 5.

Task Pitch Loudness
Sustained vowels /a/ and /i/ Normal Soft, 6. Syllables /hi,
stopping with Valsalva maintain- e, loud and very loud
ing tracheal pressure
Normal Soft, comfortable and
Sustained vowels /a/
loud
Low and high Comfortable
Pitch glides for vowels /a/ and /i/ Low chest to falsetto, Comfortable
falsetto to low chest
and faster alternation
of low-high
Normal Comfortable

Plosives /pae/

Low, normal and high Descending loudness

Syllables /hi/ on a single breath Normal Comfortable
Syllables /ifi/ and /afa/ on a sin- Normal Comfortable
gle breath

Syllables /ifi/ and /afa/ strained Normal Comfortable
Words: counting one to ten Normal Comfortable
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filtered using LPF at 1100 Hz using a 10th-order Chebyshev Type II filter, followed
by HPF at 60 Hz with a fourth-order Butterworth filter to eliminate low-frequency
components. The IOP signal was filtered at 80 Hz with a fifth-order Butterworth
filter. All filtering processes were applied to the signals in both forward and reverse
directions to yield zero-phase distortion and thus maintain time alignment with

the other physiological signals.

The EMG pre-processing analysis involves HPF through a sixth-order Butter-
worth anti-alias filter at 20 Hz, followed by full-wave rectification, and smoothing
using a zero-phase shift, sixth-order Butterworth filter with a cutoff frequency of
8 Hz, as referenced in [23]. Figure 5.2 depicts the resulting signal at each stage
of processing for the right TA EMG, recorded during a series of /pae/ syllables

spoken at a comfortable loudness level.

The 95th percentile of the amplitude of the envelope EMG signal for each
phonatory gesture was compared to identify the maximum activation level within
each muscle, as shown in the bar plots of Figures 5.3 and 5.4. These figures illus-
trate the 95th percentile of the amplitude for the envelope EMG signals of right
TA and right CT, respectively. It was observed that for the right TA, the high-
est value occurred during throat clearing and coughing, followed by the Valsalva
maneuver. In contrast, for right CT, the greatest amplitudes were recorded for
phonatory gestures associated with high pitch, aligning with measurements re-
ported in [134]. The normalization value for activation level was then determined
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Figure 5.2: EMG signal processing before normalization for right TA during comfortable

as the 95th percentile across all phonation gestures for each muscle, as indicated
by the red line in Figures 5.3 and 5.4. The 95th percentile was chosen over the

maximum value to ensure robustness against outliers, consistency across various
gestures, and statistical reliability.
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Figure 5.5 presents an example of the resulting normalized EMG signals, rep-
resenting the left and right acr and the right ars. Upon normalization, it is
observed that both the right and left acr exhibit similar behavior, as expected
due to symmetric muscle activation in a normal subject [128]. This similarity was
observed in other phonatory tasks as well; therefore, the left acr was chosen for
subsequent analysis.

In the stable portion of the normalized EMG signals, specifically avoiding the
onset and offset peaks observed in the vowel segment of the /pae/ sequence, the
mean value within a 50 ms window with a 50% overlap was selected to derive
the muscle activation tokens for acr and ars. Then, employing windows of the
same size and overlap, P;, along with aerodynamic and acoustic features, was
computed to assemble a dataset comprising 1015 samples that exclusively include
/pee/ gestures. Additionally, 1340 samples were obtained from pitch glide gestures,

but these do not include reference values for P;.

5.4 Neural network architecture and fine-tuning

strategy

The baseline model, similar to the one described in Section 4.4, is built on
a multilayer perceptron neural network. It features an input layer with seven
features: ACFL, MFDR, OQ, SQ, H1-H2, f;, and SPL, with the outputs being
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Figure 5.5: Microphone and normalized EMG signals during comfortable /pae/.

Ps, ars, and acr. Each interconnected hidden layer incorporates a rectified linear
unit activation function and is followed by a dropout layer to prevent overfitting.
For these experiments, the hyperparameters of the baseline model were fine-tuned
using a H-fold cross-validation strategy applied to a dataset modeled after voice

production, employing Talos [135] for optimization. The search space for the

138



hyperparameters is detailed in Table 5.2. The model that exhibited the best
performance on the validation set across the five folds was adopted as the baseline
model for all further experiments. The synthetic data utilized is as described in
Section 4.2, with the exception that bias corrections for SPL and P, were not

applied in these experiments.

Table 5.2: Hyperparameters search space for the baseline model.

Hyperparameters Values

Hidden Layer 2,3,4,6
Neurons by layer 32, 64, 128, 256
Dropout rate 0.1, 0.2

Batch size 8, 16, 32, 64

The baseline regression model was retrained using TL through layer freezing
on laboratory datasets. Initially, the NN outputs were reduced to only P,. The
initial experiments aimed to develop a generalized model capable of estimating
P, across multiple subjects, utilizing datasets 3 and 4. Subsequently, the focus
shifted to subject-specific models. In this second scenario, an NN with a single
output, P,, was utilized using Dataset 4; with dual outputs, ar4 and acr, from
pitch glide samples in Dataset 5; and with three outputs, P, ara, and acr, from
plosive /pee/ gesture samples in Dataset 5. The optimal performance of the TL
strategy was achieved by sequentially freezing the hidden layers. This method
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enabled the system to retain high-level features from the baseline model while
adapting to the specific requirements of the target models through the unfrozen

layers.

The baseline model and the TL training used the Adam optimization algo-
rithm with the MSE as the loss function. A learning rate schedule was used,
initialized at 0.001. For all experiments, synthetic and laboratory data were
min-max normalized. The neural networks in this study were implemented on
a Google Colaboratory virtual machine, powered by two Intel(R) Xeon(R) CPUs

@ 2.00GHz, using Python 3.6.9 and PyTorch library version 2.1.0.

5.5 Results

The regression performance of NN estimations is evaluated using several met-
rics, such as RMSE, MAE, mean absolute percentage error (MAPE), and RZ.
These metrics were selected for their ability to provide a comprehensive assess-
ment of model accuracy and to facilitate a quantitative comparison with previous
studies in the context of P estimation. Initially, results from both general and
subject-specific adapted baseline models for estimating P, are presented. Subse-
quently, preliminary results for estimating muscle activation using the subject-
specific adapted baseline model for a case study in Dataset 5 are discussed.

140



5.5.1 General neural network with transfer learning for

subglottal pressure estimation

The initial set of experiments demonstrates the interest in applying a TL strat-
egy for the refinement of the NN to adapt the estimate of the subglottal pressure
to a population of speakers. Initially, the baseline NN was fine-tuned using lab-
oratory Dataset 3, which includes data from 76 subjects without voice disorders.
The evaluation of this dataset employed a stratified subject-independent 10-fold
cross-validation strategy, ensuring that speakers did not overlap across different
folds. This method was strategically chosen to robustly test the ability of the
model to generalize across a diverse subject group. Subsequently, the baseline NN
was adapted for each specific group within laboratory Dataset 4. Although this
dataset has a larger number of samples, it involves a smaller number of subjects.
Therefore, to assess the performance of the model for each group in this dataset,
a leave-one-subject-out cross-validation approach was used. This methodology is
particularly advantageous for datasets with a limited number of subjects, as it
facilitates exhaustive testing and validation on an individual subject basis, maxi-
mizing the utilization of available data. In these experiments, model performance
with and without TL was compared to investigate whether this new approach
leverages pre-trained knowledge to enhance accuracy and efficiency compared to
models trained without pre-existing knowledge.

141



Estimating P, from laboratory Dataset 3

The results in Table 5.3 show the error metrics for estimating the subglottal
pressure when the model is trained from scratch and when fine-tuning the baseline
model —originally trained using a physiological voice synthesizer— via TL with
sequential freezing of its hidden layers. Optimal performance was observed when
only the first hidden layer was frozen; under this condition, there was a decrease
in all error metrics and an increase in the coefficient of determination. Notably,
increasing the number of frozen hidden layers correlated with elevated error met-
rics, indicating the disparities between domains, specifically synthetic signals and
laboratory recordings. Furthermore, the improvements achieved through TL, in
contrast to training the model from scratch, suggest that maintaining the param-
eters of the first hidden layer in the baseline model contributes significantly to the

robustness of the non-linear regression estimation.

The optimal performance result (achieved when the first hidden layer was
frozen) demonstrates an improvement over the results shown in the previous chap-
ter, utilizing an NN with 2 hidden layers and 4 neurons per layer, trained solely
on a synthetic dataset. In that study, the subglottal pressure estimation metrics
for the same laboratory data yielded an RMSE of 2.48 emH50, an MAE of 1.84
emH50, a MAPE of 24.9%, and an R? of 0.65. Figure 5.6, a scatter plot, contrasts
the NN-estimated subglottal pressure against the reference subglottal pressure,
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Table 5.3: Subglottal pressure estimation errors metrics for a neural network training
using random initialization and transfer learning (TL) strategy with sequential frozen

layers (FL) in Dataset 3.

TL FL RMSE MAE MAPE R?

(em HyO)  (em H50) (%)

251 £045 193 £0.36 2327 +9.49 0.63

v 0 259 +047 199 +£037 2437 +£9.58 0.60
v 1 2.30 £ 0.41 1.77 £ 0.28 21.38 £ 8.64 0.69
v 2 265056 1994040 23.34+£ 785 0.58
v 3 4.64 £068 3.50 £ 047 41.30 = 14.03 -0.26

comparing the previous estimations shown in Chapter 4, Figure 4.7 (represented
by blue dots), with the current approach (represented by red dots). To ensure
a comprehensive comparison, the plot illustrating the TL-based estimation com-
piles the validation set results from the 10-fold cross-validation. Generally, the
TL estimation more closely aligns with the dashed line, representing a 1:1 cor-
respondence between the estimated and reference subglottal pressure, compared
to the previous results. Importantly, the TL refinement yields P, estimations in
ranges where the previous NN model was less effective, especially for P, values
below 5 cm Hy0. This enhancement is quantitatively manifested as an increase of
0.04 absolute points in the coefficient of determination when applying TL.
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Figure 5.6: Comparison between laboratory-estimated subglottal pressure and the cor-
responding estimates from the trained neural network, for previous results and using

transfer learning. The dashed line represents the theoretical 1:1 perfect matching.
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For all folds, the NNs were trained using 100 epochs, similar to the baseline
model training. This number of epochs ensures model convergence, as demon-
strated by the graph in Figure 5.7, which compares MSE across epochs for both
the re-training and validation phases for the 10 trained folds of an NN with one
layer frozen. Additionally, as observed for the baseline model (Chapter 4, Figure
4.6), there is no evidence of overfitting. This absence of overfitting is indicated
by the stable trend in the MSE for both training and validation observed after
completing the 100 epochs. Similar behavior was observed across the remaining

networks.
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Validation
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Figure 5.7: Mean squared error (MSE) versus epochs for the re-training and validation
of a neural network with one layer frozen, across 10 folds. The solid lines represent the

mean values, and the shaded regions indicate the standard deviation.
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Estimating P, from laboratory Dataset 4

Table 5.4 presents the results of the analysis for control and pathological cases
in the context of subglottal pressure estimation. When TL is applied to the
model, notable improvements in error metrics are observed. For instance, in the
case of average RMSE, a 4.2% improvement was achieved for the control group,
while for pathological cases, the improvement ranges from 7.8% to 9.7%. These
results support the idea that maintaining some parameter learning from synthetic
data provides better generalization compared to training the model from random
initialization. It is worth noting that the error metrics in the control group are
generally lower compared to the pathological cases. These differences in estimation
are consistent with the observations made in previous work [116] and can be
attributed to the high variability in the intrapathological group. Specifically,
patients with UVFP exhibited the highest RMSE, which may be due to the various
manifestations of this pathology. For example, during the laboratory recording
measurements, patients with UVFP experienced more difficulty maintaining a
steady pitch throughout production, changing pitch, and managing breath control
for phonatory tasks [35]. Additionally, a recent study employing high-speed video
analysis revealed that a patient with UVFP exhibited chaotic behavior in vocal

fold vibration dynamics [128].

Figure 5.8 contrasts the RMSE of the estimation of P using TL with two
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Table 5.4: Error metrics for general subglottal pressure estimation using neural network
training with and without transfer learning (TL) across four participant groups: Control,
Phonotraumatic Vocal Hyperfunction (PVH), Nonphonotraumatic Vocal Hyperfunction

(NPVH), and Unilateral Vocal Fold Paralysis (UVFP) in Dataset 4.

Group TL RMSE MAE MAPE R?
(em H50) (em H50) (%)
2124092 1.66 +£0.70 23.64 &+ 8.72 0.57
Control
v’ 2.03 £ 0.81 1.60 + 0.61 23.16 + 9.43 0.61
3.46 £1.64 258 +1.28 30.45+ 12.16 0.38
PVH
v 3.16 + 1.57 2.40 £+ 1.15 30.26 + 12.57 0.47
3.46 £ 1.83 281 +1.62 33.51 +14.29 0.20
NPVH
v 3.19 +1.61 2.57 + 1.34 33.08 + 14.60 0.33
518 £ 2.45 4.43 +£2.40 59.12 £ 43.64 -0.14
UVFP

v 4.68 + 2.23 4.02 £ 2.15 57.04 + 42.44 0.04

147



methods reported in the literature. Method 1 refers to the empirically derived
formula proposed by Titze et al. in [31]. Method 2 is the NN (2 hidden layers with
4 neurons) trained using only synthetic data presented in Chapter 4. These bar
graphs show a reduction in both the mean and standard deviation of the RMSE
for the TL-based approach, particularly in the control group. Applying a one-way
analysis of variance (ANOVA) to the control group revealed an F-value of 6.15
(p=0.0033), indicating a significant difference among the methods. Subsequently,
for the same control group, a post-hoc analysis using Tukey’s Honestly Significant
Difference (HSD) test [136] identified statistical differences between the TL-based
method and Method 1 (p=0.0066), as well as between the TL-based method and
Method 2 (p=0.013). The Cohen’s d values for these comparisons were —0.37 and
—0.28, respectively, suggesting small to medium effect sizes. In the pathological
groups, ANOVA analysis did not reveal significant differences between methods,

with all p-values above the conventional significance threshold of 0.05.

5.5.2 Subject-specific neural network for subglottal pres-

sure estimation

For subject-specific NNs, each model was developed following a 5-fold cross-
validation as in [34]. The mean results for all subjects by groups are shown in
Table 5.5. The results show that for subject-specific NN, the TL also improves es-
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Figure 5.8: Comparison of RMSE in general P; estimation among three methods: Pro-
posed neural network (NN) with transfer learning (TL), empirical equation (Method 1),

and neural network trained exclusively with synthetic data (Method 2).

timation in contrast to being trained from scratch. For all four groups, it is evident
that the error metrics are lower in subject-specific NN models compared to the
general NN estimation. This is directly associated with the fact that constrained
data to unique subjects discards the inter-subject variability.

In Figure 5.9, the RMSE results of the subject-specific NN with TL are con-
trasted against other subject-specific methodologies from the literature, detailed
in Chapter 2, Subsection 2.1.4. Method 3, a linear regression model that esti-
mates P; from the RMS magnitude of the ACC signal [36]. Method 4, which uses
a multilinear regression function that combines RMS with additional ACC-based
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Table 5.5: Error metrics for subglottal pressure estimation using subject-specific neural
network training with and without transfer learning (TL) across four participant groups:
Control, Phonotraumatic Vocal Hyperfunction (PVH), Nonphonotraumatic Vocal Hy-

perfunction (NPVH), and Unilateral Vocal Fold Paralysis (UVFP) in Dataset 4.

Group TL  RMSE MAE MAPE R?
(em HyO)  (em H50) (%)
1.34 +£0.43 1.04 £0.35 14.85 + 3.97 0.78 + 0.16
Control
v 1.24 + 0.39 0.97 + 0.32 14.17 + 3.23 0.81 + 0.14
1.97 £ 0.80 1.50 £ 0.58 1742 £+ 4.96 0.71 £ 0.18
PVH
v’ 1.88 +£0.72 1.42 + 0.50 17.13 + 5.63 0.73 + 0.18
1.99 +£1.01 1.56 £0.86 18.55 £ 5.86 0.63 £ 0.22
NPVH
v’ 1.91 + 0.98 1.51 + 0.84 17.91 +£ 6.36 0.68 + 0.20
2.14 £ 0.75 1.68 &+ 0.59 22.84 + 14.07  0.48 4+ 0.37
UVFP

v’ 2.02 £ 0.66 1.61 £+ 0.52 22.42 + 13.29 0.55 + 0.28
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Figure 5.9: Comparison of the mean RMSE for the best fold of subject-specific neu-
ral network estimation among three methods: Proposed neural network with transfer
learning, linear regression model (Method 3), and multi-linear regression model (Method

3).

features [34]. The bar plots in the figure illustrate that the subject-specific NN
with TL provides a lower average RMSE in the P, estimation. It is important to
highlight that, in Figure 5.9, the bars indicate the mean of the best fold estima-
tion for each method to facilitate a direct comparison with the results reported in
[116].

The two-way ANOVA performed on RMSE for the estimation of the P;, re-
ported a group (i.e., Control, PVH, NPVH and UVFP) factor of F=9.39 (p<0.0001),
and a method (i.e., Method 3, Method 4, and subject-specific NN) factor of

151



F=21.07 (p<0.0001), which reveals significant differences in the average RMSE
associated with each method for the different groups. Subsequent post-hoc anal-
yses using Tukey HSD indicate that Method 3 and Method 4 have significantly
higher error rates compared to the subject-specific NN, with mean differences of
—0.75 (p=0.001) and —0.37 (p=0.008), respectively. Additionally, the effect sizes,
measured by Cohen’s d, show that the difference between the subject-specific NN
and Method 3 is d=—1.17, representing a large effect size, while the difference be-
tween the subject-specific NN and Method 4 is d=—0.64, indicating a medium to
large effect size. These statistical analyses support the notion that subject-specific
NN are more accurate and produce fewer errors compared to other methods based

on subject-specific calibration.

5.5.3 Subject-specific neural network for muscle activa-

tions estimation

For this study, the subject-specific NN was trained using a leave-one-task-out
cross-validation approach, involving tasks with ascending and descending pitch
glides for vowels /a/ and /i/. This method systematically excludes data from one
task at a time during training and uses it for validation. This approach effectively
prevents overfitting and enhances the generalizability of the model across various
tasks for the subject. Figure 5.10 illustrates the MSE across epochs for both
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re-training and validation. The behavior, similar to previous experiments that
estimated only P;, demonstrates that the mean MSE across the different tasks
decreases and stabilizes after more than 100 epochs, indicating the absence of

overfitting.

0.08

=== Re-training
0.07 1 Validation

0.06 A
0.05 A

0.04

MSE

0.03 1
0.02 + L
0.01 A

0.00

T T T T T
0 50 100 150 200 250 300
Epoch

Figure 5.10: Mean squared error (MSE) versus epochs for the re-training and validation
of a neural network with one layer frozen, across tasks. The solid lines represent the

mean values, and the shaded regions indicate the standard deviation.

The mean error metrics for estimating muscle activation from Dataset 5, utiliz-
ing pitch glides in vowels /a/ and /i/, are detailed in Table 5.6. The error metrics
for MAE, RMSE, and MAPE are similar for both types of muscle activations (az4
and acr), with differences being less than 0.03 for RMSE and MAE, and 1.1% for
MAPE, where the lowest error is observed for ar4. However, as shown with syn-
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Table 5.6: Error metrics for muscle activation estimation from a subject-specific neural

network for pitch glides of vowels /a/ and /i/ in Dataset 5.

Output RMSE MAE MAPE R?

(em H50) (ecm H50) (%)

acr 0.08 0.05 16.70 0.87

ara 0.05 0.04 15.60 0.61

thetic data (Table 4.7 in Chapter 4), the R? value is higher for acr. The scatter
plot in Figure 5.11, contrasting laboratory measurements with NN estimations,
illustrates that the deviations of estimated values from the ideal match (indicated
by the blue line) are comparable for both activations. Nonetheless, the varia-
tion range for acr is broader than that for ap4. Consequently, for all data, NN
predictions for ar4 are nearer to the mean observed values, resulting in a lower
coefficient of determination. In this context, an R? value of 0.61 is considered
very good, especially when compared to the 0.54 obtained from synthetic data.
The observed limited variation in ar4 is attributable to the phonation gestures
studied (pitch glides), which predominantly require acr to generate a wide fre-
quency spectrum during phonation. This strong correlation between CT muscle
activation and fundamental frequency was further evidenced by the simulations

using the CEKF approach, as discussed in Experiment 2 of Chapter 3.

Figure 5.12 offers a detailed visualization of subject-specific NN estimations
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Figure 5.11: Comparison between laboratory-measured normalized muscle activations

and the corresponding estimates from subject-specific NN.
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for muscle activations during both ascending and descending pitch glides of the
vowel /a/. This analysis contrasts the normalized laryngeal EMG signal with NN
estimations, captured within 50 ms windows without overlap, and depicted as red
circles. The red line represents the interpolation and smoothing of these estimation
points. The estimations for both muscle activations closely align with laboratory
measurements, underscoring the precision of the NN model. Furthermore, the
regressor accurately captures the trends observed in the derived EMG signals,
including variations in acr across both pitch glides and the significant increase
in ary activation at 2.5 s during the descending pitch glide. It is noted that
the absence of estimations at the beginning and end of the EMG signals marks a
limitation of this method. The approach is designed to focus on the stable portions
of the vowel sound, thus excluding transient periods of activation at the onset and

offset, due to the instability in speech-derived signals during these times.

5.5.4 Subject-specific neural network for subglottal pres-

sure and muscle activations estimation

From the plosive /pae/ phonatory task in Dataset 5, the base model was fine-
tuned to estimate subglottal pressure and muscle activations. In this experiment,
leave-one-task-out cross-validation was used, and the MSE across epochs exhib-
ited behavior similar to that observed in Figure 5.10. The error metrics for these
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Figure 5.12: Normalized muscle activation obtained from laboratory measurements and
estimated from subject-specific NN, from phonatory task pitch glides vowel /a/. The

solid red line represents the interpolation and smoothing of NN estimations.
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Table 5.7: Error metrics for subglottal pressure and muscle activation estimation from

a subject-specific neural network for plosives /pee/ phonatory tasks in Dataset 5.

Output RMSE MAE MAPE R?

(em H50) (ecm H50) (%)

P 1.24 0.89 8.07 0.86
acr 0.04 0.03 12.13 0.95
ara 0.07 0.05 14.56 0.16

estimations are presented in Table 5.7. The metrics for Pg are consistent with the
mean values shown in Table 5.5 for the control group. Additionally, the RMSE,
MAE, and MAPE metrics for muscle activation are in line with those presented
in Table 5.6. These results indicate that incorporating additional vocal function
estimations into the subject-specific NN does not compromise its accuracy. The
coefficient of determination for acr is slightly higher, whereas for ar4, it is lower
compared to those obtained from pitch glides analysis. This decrease in the co-
efficient for ars suggests that the estimations for this muscle are closer to the
mean value, indicating that the correlation between the input features and ara
was diminished for /pse/ phonatory tasks.

Figures 5.13 and 5.14 provide a direct comparison between measurements and
subject-specific NN estimations. In these figures, the red circles represent the
NN estimations within a 50 ms window with 50% overlap, while the red line

158



indicates the interpolation and smoothing of these estimation points. Across both
figures, the NN estimations closely follow the measurements, with more significant
discrepancies observed in ar,. These findings highlight the effectiveness of the
proposed approach in estimating vocal functions using an ACC sensor. Notably,
for ara, the estimation discrepancies become more evident at the peaks of the
signals. This observation accounts for the reduced R? value in comparison to
pitch glide analysis, where the segment for vowel production is longer and more

stable.

Measurement ) NN estimation

Time (s}

Figure 5.13: P, and normalized muscle activation obtained from laboratory measure-
ments and estimated from subject-specific NN, for plosive /pae/ task in comfortable
loud and normal pitch. The solid red line represents the interpolation and smoothing

of NN estimations.

159



Measurement 0 NN estimation

B

-
=

P, (e Hy ()

06
= 04
~
=

02

o L L 1 1 L L L
] 1 2 3 4 5 [ T 8
Time (s)

Figure 5.14: Py and normalized muscle activation obtained from laboratory measure-
ments and estimated from subject-specific NN, for plosive /pze/ task descending loudness
with normal pitch. The solid red line represents the interpolation and smoothing of NN

estimations.

5.6 Chapter conclusions

The study described in this chapter demonstrates notable advancements in the
estimation of subglottal pressure from neck-surface vibrations. It was found that
utilizing neural networks initially trained on a numerical voice production model
and subsequently refined with transfer learning significantly enhances subglottal
pressure estimation. This method outperformed existing approaches in both con-
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trol subjects and those with voice pathologies, marking a substantial improvement
over previous work and previous methods in this thesis. These findings are par-
ticularly promising for developing advanced, non-invasive P, assessment tools for
clinical and ambulatory applications, that could offer new pathways for diagnos-
tic and therapeutic strategies of voice disorders. Additionally, preliminary results
demonstrate the feasibility of expanding subject-specific NN estimation to other

vocal function measures such as muscle activation.

The effectiveness of methods integrating NN with a numerical voice produc-
tion model is directly correlated with the ability of numerical models to accurately
replicate laboratory data distributions [58]. In the previous chapter, bias correc-
tions were applied to the synthetic features P; and SPL to reduce the range and
distribution discrepancies between clinical and synthetic datasets. This procedure
forced Dg = Dr to treat the problem as a traditional machine learning approach.
In this current study, it was found that TL techniques address these discrepancies
by fine-tuning the final layers of the NN. The results suggest that in this new
proposal, the relevant knowledge obtained from synthetic data is conserved across
the first hidden layers, and the refinement of subsequent parameters allows for
optimal domain adaptation. Consequently, a 7% reduction in the RMSE of P,
estimation from laboratory Dataset 3 was observed, in contrast to the preliminary
proposal. This shift in methodology not only demonstrates the efficacy of TL but
also more effectively harnesses the physiological relevance of low-order lumped
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models of voice production and clinical recordings for vocal function analysis.

According to the results, it is evident that the subject-specific approach sig-
nificantly improves P, estimation compared to the general model (see Tables 5.4
and 5.5), with an improvement of over 38% in the RMSE value across all groups.
In this sense, it is maintained that while the simulation of the voice production
model provides a good general representation of typical sustained phonation, the
simplicity of the numerical model behind it does not allow for a representation
of the variability of a universal population, thus failing to mimic the expected
inter and intra-subject variability of real data. Under these circumstances, TL
benefits the subject-specific representation more than the general model. Addi-
tionally, capturing the inter-subject variability will require clinical recordings that
include a large number of subjects. The improvement obtained with the subject-
specific NN regressor, compared to previous techniques based on subject-specific
calibration [116], was over 21% in RMSE values for the four groups, as demon-
strated in Figure 5.9. This highlights the contribution of this new proposal to the

state-of-the-art.

It is worth noting that although the study was extensively validated for P
estimation, the results for the estimated activation of the TA and CT muscles
were tested using the only case study available for analysis. Nevertheless, this
preliminary study demonstrates that the accuracy of Py estimation is maintained
even when new outputs are added to the NN. Additionally, the results indicate
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that the selected input features are more strongly correlated with acr than with
ara, a finding supported by the high correlation between fy and acr. While these
initial results in muscle activation estimation are promising, extensive validation
is required to substantiate these preliminary findings. However, broad validation
of TL-based approaches for estimating muscle activation, or the inclusion of new
features such as P., is limited by the scarcity of clinical recordings that encompass

these measures.
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Chapter 6
Conclusions

This thesis investigated the feasibility of employing a low-order voice produc-
tion model to assess vocal function parameters that are challenging to measure
in clinical settings. The primary aim was to develop a non-invasive method for
estimating relevant vocal function measures, including subglottal pressure, muscle
activation, and vocal fold collision pressures, utilizing an ACC sensor, suitable in

both clinical and ambulatory settings.

Three research components were undertaken to achieve this goal: firstly, study-
ing the capabilities of numerical simulations of a low-order voice production model
through a Bayesian Framework; secondly, combining a low-order voice production
model with machine learning tools to develop an inverse mapping that estimates
targeted vocal function parameters from neck-surface vibrations in both normal
and disordered voices; and thirdly, conducting a domain adaptation study to
transfer network parameters learned from voice model simulations to assess vocal

function using an accelerometer sensor.

Generally, the observations from the Bayesian inference framework, nonlinear
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mapping, and domain adaptation provided evidence supporting previous stud-
ies while also contributing new insights. These include the potential of linking
the voice production model to laboratory recordings to facilitate access to vo-
cal function parameters that are challenging to measure in clinical environments,
comparing the numerical low-order voice production model with clinical data to
inform further model refinements and the integration of a machine learning tool to
transfer synthetic knowledge from the numerical model to clinical or ambulatory
settings. The primary clinical contribution of this research lies in its compelling
demonstration of the effectiveness of the proposed noninvasive technique, which
leverages neck-surface acceleration for the assessment of vocal function, particu-

larly in the subglottal pressure estimation.

The literature review presented in Chapter 2 explored research proposing
methods based on numerical models of voice production to estimate clinically
relevant parameters. These methods encompass optimization-based voice inver-
sion techniques [44, 45, 46, 47, 48, 49, 50|, multi-parameter estimation techniques
grounded in Bayesian estimation [96, 51, 52, 53, 54, 55, 56, 57], and the integra-
tion of machine learning tools with voice production models [58, 59]. Building
on this review, it was concluded that optimization-based voice inversion methods
are impractical due to the significant computational cost involved in processing
large volumes of data during inversion [47, 58]. In contrast, Bayesian estima-
tion, particularly those approaches utilizing the EKF, was identified as the most
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promising technique for clinical vocal function assessment [51]. However, chal-
lenges associated with this algorithm limit its direct application in ambulatory
settings. Conversely, machine learning methods for voice inversion, once trained,
can accurately estimate the targeted vocal function parameters without the need
for ongoing model simulations [58], offering a computationally efficient alternative

suitable for both clinical and ambulatory settings.

Chapter 3 introduced a CEKF scheme, which simplifies the experimental re-
quirements of the EKF approach presented in [51]. Unlike the preliminary method,
which requires multi-sensor or simultaneous recordings as observation states, the
CEKF can estimate model states from a single measurement (e.g., glottal area
waveform or glottal airflow) by constraining model states with prior information
on the physiological phonation process. The results from experiments 1 and 3
demonstrated that this new approach enables the estimation of the glottal airflow
state from the GAW, and vice versa, with RMSE values similar to those obtained
by [51], which utilized both measurements as observations. These results con-
firm that Hypothesis 1 was valid, as incorporating constraints derived from prior
physiological knowledge of the phonation process into the Bayesian framework of
a low-order voice production model allowed this to estimate vocal function using
only single observation measurements with accuracy comparable to that of recent

Bayesian inference models.

The applicability of the Bayesian inference method has been broadened by
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correlating the low-order voice production model with subject-specific laboratory
recordings, utilizing only measurements from HSV or Rothenberg masks, as evi-
denced in experiments 2 and 4 of Chapter 3. The results demonstrated that the
proposed Bayesian framework could correlate acr with the fundamental frequency
as in [111, 83], the magnitude of peak vocal fold collision pressure with subglottal
pressure as in [112, 21}, and reproduce the tendency for acr and ary to increase
with rising sound pressure levels as suggested in [113]. These experiments achieve
Aim 1 of this work, which involved investigating the capabilities of a low-order
voice production model to mimic the behavior of vocal function as observed in

laboratory measurements within a Bayesian framework.

The results of the CEKF-based approach represent one of the contributions of
this thesis, enhancing the efficiency of Bayesian inference to yield reliable estimates
of vocal function measures. Moreover, these findings highlight the capabilities of
the numerical low-order voice production model in simulating a broad spectrum
of pitch and loudness conditions for sustained vowels through the modulation of
control variables such as muscle activation. The promising outcomes of the CEKF
method pave the way for the application of the numerical lumped-element voice
production model in clinical settings, particularly for data fusion across different
recording sessions. Despite these advances in Bayesian inference, further experi-
mentation is necessary to expand the number of subjects studied and to include
pathological cases. Additionally, there are challenges associated with model pa-
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rameter adjustments, such as the selection of covariance matrix values, which

could affect the effectiveness of the method.

In Chapter 4, a more direct solution for estimating target vocal functions us-
ing ACC was introduced. This chapter outlines the second specific aim of this
thesis: to evaluate an NN for inverse mapping accelerometer-based features to
vocal function measures, such as subglottal pressure, vocal fold collision pressure,
and intrinsic laryngeal muscle activation. Validation with synthetic data demon-
strated that the NN could effectively correlate accelerometer-based features with
vocal function measures, achieving a determination coefficient over 0.8 for P;, P,,
and acr, and over 0.5 for ars. Testing with clinical recordings from 79 vocally
healthy female participants revealed that the MAE and RMSE for subglottal pres-
sure were 1.95 cm H,O and 2.48 cm H,O, respectively. These outcomes are on
par with previous studies [125, 58, 34|, but offer the advantage of a universal
mapping that applies to all patients, providing simultaneous estimates of collision
pressure and muscle activation. However, the clinical validation of these latter
features proved to be challenging, leading to the exclusive use of synthetic data
for validation purposes.

In contrast, when the NN was evaluated using laboratory dataset 4, the RMSE
values increased for patient groups, highlighting the limitations of the selected
voice production model in accurately simulating pathological cases. This increase
in error rates suggests that the relationship between accelerometer-based features
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and subglottal pressure is significantly impacted by non-modal phonations and
the presence of voice disorders, as highlighted in [36, 35]. These results indicate
that the second hypothesis of this thesis is invalid. Quantitatively, the estima-
tion of subglottal pressure using a nonlinear regressor, trained solely with data
from a numerical low-order voice production model, yielded higher RMSE values
compared to those obtained by a subject-specific linear regression model for both

normal and pathological voices.

For this stage of the thesis, it is concluded that integrating machine learn-
ing with a physiologically relevant voice synthesizer presents several advantages.
Notably, this approach facilitates access to vocal features that are clinically chal-
lenging to measure, such as subglottal pressure, muscle activation, and vocal fold
contact pressure [115]. The training process includes thousands of simulations,
covering a wide range of sustained vowel phonations. However, while numerical
voice production models offer a reliable representation of the phonatory process,
the signals derived from these models approximate the complex interactions be-
tween human vocal fold physiology and voice production. Therefore, it is critical
to acknowledge that regressor models trained with synthetic data operate under
the assumption that the training domain (synthetic data from the numerical voice
production model) and the target domain (laboratory data) exist within the same
feature space and share identical distributions. Nonetheless, domain shifts are an-
ticipated, not only due to differences between control and pathological groups but
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also owing to individual subject variabilities. Consequently, evidence indicates

that domain adaptation is essential for enhancing model performance.

In Chapter 5, domain adaptation through TL was proposed, wherein the NN
regressor, initially trained with a dataset from the synthetic model of voice pro-
duction, was refined using in vivo laboratory data. The methodology described
in this chapter focused on achieving the third specific aim: to determine if the
domain adaptation method improves the performance of the NN. In general, the
results illustrated that domain adaptation significantly improves the estimation
of vocal function parameters in frameworks combining machine learning meth-
ods with numerical models of voice production. Although this method allowed
for the development of a universal model to estimate P;, the scarcity of labo-
ratory recordings covering a broad population hinders the creation of a robust
model capable of accounting for the complex variability among subjects. There-
fore, subject-specific NN regressors, based on domain adaptation, represent the
best alternative for improving the estimation of P, with a reduced number of
recordings. This finding underscores how subject-specific regression models ef-
fectively estimate P, for both normophonic subjects and individuals with voice
disorders. The results demonstrated improvements in the P, estimates compared
to previous techniques, achieving over a 21% reduction in RMSE. In this sense,
these results are the best estimates of P, from the ACC signals reported in the
literature. Additionally, the ANOVA study confirmed Hypothesis 3: fine-tuning
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the NN (trained with synthetic voice production data) with individual labora-
tory recordings significantly enhances the accuracy of estimating vocal function

parameters from neck-surface vibration recordings.

Furthermore, the potential to expand the subject-specific NN for estimating
other vocal functions, such as muscle activation, was demonstrated. The prelimi-
nary results from the case study in Chapter 5 revealed that muscle activation could
also be estimated with a MAPE lower than 20%, while maintaining accuracy in
P, estimation. These results further endorse that TL is an effective strategy for
domain adaptation from synthetic to in vivo data. The subject-specific NN ap-
proach represents a significant contribution of this thesis, proposing a non-invasive

method for estimating vocal function from ACC signals.

In an effort to assess physiologically relevant metrics, the versatility of ACC
sensors enables extending the application of this method to ambulatory settings.
Subject-specific fine-tuning enhances the ability of the NN to estimate subglottal
pressure by relying solely on ACC-based features within brief 50 ms windows. This
approach not only bolsters confidence in the non-invasive estimation of vocal func-
tions, particularly P,, but also broadens its potential use in clinical, laboratory,
and ambulatory monitoring of vocal function during natural voice production.
The long-term goal is to develop algorithms for analyzing neck-surface vibrations
monitored via smartphone devices, aiming to improve the diagnosis, prevention,
and treatment of voice disorders by deepening our understanding of their under-
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lying mechanisms. Future efforts will focus on applying this method to measure
P, during spontaneous speech as part of ambulatory monitoring and biofeedback,
as in [116]. This application will take place as individuals go about their daily

activities in various settings, such as home, work, and social environments.

The results showed that the proposed domain adaptation (for both general and
subject-specific approaches) was more efficient for the healthy than for the patho-
logical groups. Although the selected voice production model provides a flexible
and physiologically relevant method to control both sustained vowels and time-
varying glottal gestures, it has limitations in representing the physical mechanisms
of the underlying disordered phonation. For instance, it does not encompass the
asymmetric oscillatory vibration of the vocal folds seen in NPVH and UVFP, or
the overall changes in mass and stiffness due to nodules in PVH groups. In future
works the present findings could be significantly enhanced by further exploring
numerical voice production models that more accurately mimic pathophysiologi-
cal behavior [137, 138, 139, 140], which could facilitate the transfer of knowledge

in cases involving subjects with voice disorders.

The domain adaptation approach presented in this study was extensively val-
idated with respect to subglottal pressure and, in a case study, for two muscle
activations. By utilizing the synthetic voice production model, access was gained
to a broader set of phonatory measurements, such as vocal fold collision pressure
and additional muscle activations, including the LCA, TA, and PCA. However, the
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capability of this approach to estimate outputs is limited by the scarcity of clini-
cal recordings that encompass such measurements. Future efforts will be directed
towards exploring transductive TL techniques to enhance domain adaptation in
scenarios where labeled data are abundant in the source domain but scarce or

nonexistent in the target domain [131].
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