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ABSTRACT

REDUCED-ORDER VOCAL FOLD MODELS IN IN-VIVO DATA FOR THE

ASSESSMENT OF UNDERLYING PHYSIOLOGICAL PARAMETERS AND

MECHANISMS IN VOCAL HYPERFUNCTION

Jesús Alberto Parra Peña, BSc.

Doctor of Philosophy

Universidad Técnica Federico Santa Maŕıa

Valparáıso, Chile, 2024

Dr. Mat́ıas Zañartu Salas, Chair

This thesis focuses on the mathematical modeling of vocal hyperfunction

using physiologically-inspired vocal fold models, with the goal of improving both

laboratory and ambulatory assessments of vocal pathologies. The motivation

lies in the need for accurate models capable of capturing the biomechanical and

physiological characteristics of normal and pathological vocal fold conditions. This

research develops and validates vocal fold models that represent critical features

of vocal hyperfunction, including asymmetrical oscillations and the presence of

vocal fold lesions such as nodules, while also integrating vocal fold models with

vi



ambulatory data to estimate physiological parameters like subglottal pressure and

muscle activation.

The first part of this thesis involves the integration an existing vocal fold

models with ambulatory data using a sampling and filtering approach. The study

successfully replicated ambulatory distributions of physiological parameters and

identified significant statistical differences between control subjects and patients

with phonotraumatic vocal hyperfunction. These results demonstrate the poten-

tial of vocal fold models to improve the understanding of vocal hyperfunction by

estimating subglottal pressure and laryngeal muscle activation in real-world set-

tings. This foundational work serves as the basis for future efforts to refine vocal

fold models for broader clinical applications.

The second stage of this research focuses on the development of an asymmet-

rical vocal fold model to represent non-phonotraumatic vocal hyperfunction . By

introducing an asymmetry factor in muscle activation, the model captures the

biomechanical irregularities associated with this vocal hyperfunction, such as im-

balanced muscle control and its effects on vocal fold oscillation. Initial validation

of the model against clinical data, including high-speed video recordings, shows

promising results, making it a powerful tool for understanding the mechanics of

asymmetric vocal fold pathologies. This work paves the way for extending the

model to other vocal disorders, such as unilateral vocal fold paralysis. In the next

stage, a model was developed to characterize the effects of nodules on vocal fold
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mechanics, focusing on how these lesions alter phonation thresholds. The fixed-

mass approach adopted in the nodule model effectively represents the in-silico and

in-vivo characteristics of phonotraumatic vocal hyperfunction.

Using the pathological models, this thesis explores the acoustic compensation

mechanisms in vocal hyperfunction, revealing key differences between phonotrau-

matic and non-phonotraumatic cases. While both conditions present elevated

subglottal pressure, only phonotraumatic hyperfunction is characterized by in-

creased adduction and a higher collision-to-subglottal pressure ratio, reinforcing

the likelihood of trauma in such cases.

Looking ahead, future work will focus on refining these models with more

complex muscle activation patterns and dynamic controls, incorporating addi-

tional physiological features, and validating the models with clinical data such as

high-speed video or intramuscular electromyography.

This thesis makes three key contributions: first, it introduces a novel approach

to integrating vocal fold models with ambulatory data, enabling the estimation of

physiological parameters in real-world contexts. Second, it develops two models

to capture the distinct features of vocal hyperfunction, including asymmetry in

non-phonotraumatic vocal hyperfunction and the presence of nodules in phono-

traumatic cases. Third, it presents an analysis of compensatory mechanisms,

revealing that while both types of hyperfunction involve elevated subglottal pres-

sure, only phonotraumatic hyperfunction is characterized by increased adduction
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and higher aerodynamic forces, providing a clear distinction between these two

vocal pathologies.
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Chapter 1

Introduction

1.1 Motivation

Laryngeal voice disorders have a significant impact on daily life, affecting com-

munication, social interactions, work performance, and psychological well-being

[1]. These disorders are prevalent globally, affecting approximately 7.7% of the

adult population annually [2], and about 30% of adults in the United States have

experienced voice-related issues at some point in their lives [3]. In particular,

professionals who rely heavily on their voice, such as teachers, singers, and ac-

tors, are especially vulnerable to these conditions. For example, in Chile, around

75% of school teachers report experiencing voice problems [4], making it a critical

occupational health issue.

Among the most common voice disorders is vocal hyperfunction (VH) [5,

6]. VH is generally classified into two types: phonotraumatic (PVH) and non-

phonotraumatic (NPVH). PVH is associated with trauma to the vocal folds (VFs),

often resulting in nodules or polyps [7], while NPVH involves excessive tension
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in the laryngeal muscles without visible trauma to the VFs [8, 9]. VH involves

adaptive mechanisms where trauma or imbalances in laryngeal tension lead to

compensatory overexertion, reinforcing the disorder [6]. While increased subglot-

tal pressure (Ps) in patients with VH can be observed in short-term recordings

[10, 11], long-term trends, especially in ambulatory settings, are harder to assess

due to the challenges of continuous monitoring [12].

Ambulatory monitoring is essential for tracking how a patient’s vocal condi-

tion changes during daily activities and therapy. Recent tools, such as vocal dose

measurements [13, 14] and regressor models [15, 16, 17, 18, 19], have proven ef-

fective in differentiating VH patients from controls by measuring vocal load and

its fluctuations over time. These tools primarily rely on measures like sound pres-

sure level (SPL), harmonic differences (H1−H2), fundamental frequency (fo), and

cepstral peak prominence (CPP). However, these parameters are not the under-

lying physiological variables that define vocal function, such as laryngeal muscle

activity and subglottal pressure.

Measuring these intrinsic physiological variables presents significant challenges.

Ps can be assessed using invasive methods such as tracheal punctures [20, 21, 22] or

transoral pressure transducers [23, 24], but these techniques are often impractical

in clinical settings. Indirect methods, including intraoral pressure sensors [25, 26,

27] and regression models based on aerodynamic data [28, 29, 30, 31, 32, 33], offer

less invasive alternatives and have shown promise even in ambulatory applications
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[34].

Similarly, intrinsic laryngeal muscle activity is critical for understanding VH

but is difficult to measure directly [35]. In-vitro studies, such as those by Chhetri

et al. [36, 37], have provided valuable insights into how intrinsic laryngeal muscles

exhibit hyperfunction in conditions like laryngeal dystonia, while hypofunction is

observed in conditions such as paresis or paralysis [38]. Despite this, direct muscle

activity measurements often require invasive electromyography [39], limiting their

widespread use.

In response to these limitations, mathematical models of phonation provide

a powerful tool for estimating these hard-to-measure variables. By using non-

invasive data sources, such as acoustic signals or accelerometer recordings, these

models can estimate physiological variables like Ps and laryngeal muscle activity

[33, 40, 41, 42]. This approach offers a non-invasive way to gain insights into

the mechanisms of VH, advancing diagnosis and management in real-world or

ambulatory settings.

To model VF dynamics, a lumped-element approach is selected due to its bal-

ance between simplicity and biological relevance [43, 44]. While more complex

models, such as those based on finite elements, offer detailed representations of

VF tissue behavior, they involve a large number of parameters that need to be

defined or optimized, making them cumbersome for practical applications [45, 46].

Lumped-element models, on the other hand, provide a more straightforward al-
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ternative by requiring fewer parameters and offering a direct way to interpret

changes or additions to the models [47]. This simplicity allows for easier explo-

ration of how specific modifications affect VF dynamics, making them well-suited

for studying VF disorders and refining model assumptions.

Furthermore, to effectively characterize VH, it is necessary to extend these

models to account for the specific features of vocal hyperfunction. This includes

incorporating elements that reflect the distinguishing characteristics of PVH and

NPVH, such as VF trauma [48, 49] or asymmetry between the left and right VFs

[50, 51]. Existing approaches in the literature provide a foundation [52, 53, 54,

55, 56, 57, 49], but additional work is required to refine these models for inclusion

in an integrated framework that links clinical, laboratory, and ambulatory data.

Models that better represent the role of muscle activation or the impact of

pathophysiological elements in VH will allow us to begin studying the role of

underlying variables in the compensation mechanisms for VH and to understand

the differences between PVH and NPVH. By incorporating these refinements, we

can more accurately capture how VF behavior changes in response to the distinct

pathologies, providing insight into the compensatory adjustments made by the

vocal system in each case.

In summary, this thesis will focus on two key objectives: integrating VF models

with ambulatory and clinical data to provide a more comprehensive understanding

of phonation, and extending these models to improve the representation of VH in

4



a compensation environment.

1.2 Aims and hypotheses

1.2.1 General aim

To develop and validate frameworks based on low order models of voice pro-

duction for the representation and analysis of vocal hyperfunction in ambulatory

and laboratory settings.

1.2.2 Specific aims

1. To integrate an existing low-order vocal fold model and ambulatory ac-

celerometer distributions for the estimation of underlying parameters in

ambulatory conditions of PVH patients.

2. To develop low-order vocal fold models for describing phonotraumatic and

nonphonotraumatic vocal hyperfunction to describe their various compen-

satory mechanisms using both in-vivo and in-silico data.

1.2.3 Hypotheses

• H1: Specific acoustic and aerodynamic signal features are indicative of dis-

tinct physiological patterns between pathological subjects and controls, reflect-
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ing underlying statistical differences in intrinsic laryngeal muscle activation

and subglottal pressure during long-term ambulatory monitoring.

Previous research has shown statistical differences in ambulatory acoustic

and aerodynamic feature distributions between normal and hyperfunctional

populations [15, 19, 16, 17, 18, 58]. Based on these findings, we hypothe-

size that specific acoustic and aerodynamic features, captured through long-

term monitoring, will be indicative of underlying physiological variations,

particularly in laryngeal muscle activation and subglottal pressure. Using

mathematical VF models, we aim to replicate SPL and H1−H2 signals and

observe significant differences in model inputs, such as laryngeal tension and

subglottal pressure. This hypothesis will be tested using paired t-tests to

compare patient-control groups.

H2: Intensity and pitch compensation mechanisms differ between phono-

traumatic and non-phonotraumatic vocal hyperfunction, reflected in distinct

collision pressure profiles and muscle activation patterns.

Previous work has shown that both PVH and NPVH exhibit increased sub-

glottal pressure compared to normal phonation [10, 11]. We hypothesize

that this occurs through distinct compensatory muscle activation strategies.

In PVH, incomplete glottal closure due to lesions leads to elevated sub-

glottal pressure and increased posterior muscle activity, resulting in higher
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collision pressure. In contrast, NPVH also presents increased subglottal

pressure, but asymmetrical muscle activity produces lower collision pressure

compared to PVH, potentially explaining why nodules form in PVH but not

in NPVH. These compensatory differences are expected to become evident

in the models under sustained vowel conditions, helping to differentiate the

pathophysiological mechanisms between the two types of hyperfunction.

1.3 Methodology overview

The first aim of this thesis is to integrate an existing low-order VF model with

ambulatory accelerometer data to estimate underlying parameters in patients with

PVH. This process begins by transforming traditional in-laboratory simulations

of the Triangular Body-Cover Model (TBCM), which primarily focus on sustained

vowel phonations with fixed vocal tract configurations, into simulations that more

accurately reflect real-world ambulatory conditions. To achieve this, phoneme

usage frequencies observed in conversational speech will be incorporated into the

simulations. By using phonetically balanced texts to calculate the probability of

vowel usage, we ensure that the simulations represent realistic speech patterns.

This approach allows for a more accurate representation of phonation in an am-

bulatory setting, aligning the model more closely with the conditions patients

experience in daily life.
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Next, to effectively link model parameters to real-world ambulatory features,

a methodology will be developed to filter the model simulations using experi-

mental ambulatory data. This involves weighting the model outputs based on

phoneme usage criteria to generate input-output vectors that correspond to the

distributions of ambulatory features observed in real-world scenarios. By employ-

ing a Monte Carlo sampling approach, a dense and homogeneous representation of

the input variables of the VF model will be achieved, providing a comprehensive

mapping of the model’s input-output space. This will allow for meaningful com-

parisons between the predictions generated by the model and actual ambulatory

measurements, thereby improving the robustness and accuracy of the model.

Finally, to describe changes in pathology conditions during ambulatory mon-

itoring, the resulting model-feature distributions will undergo rigorous statistical

analysis, similar to methodologies used in VH classification studies. For exam-

ple, the Daily Phonotrauma Index (DPI) will be used as a benchmark. Central

tendency and higher-order statistical measures will be applied to the model distri-

butions, followed by statistical tests such as Wilcoxon tests and t-tests, with effect

size being quantified using Cohen’s distance. The ultimate goal of this analysis

is to identify key model parameters, including muscular activation and subglottal

pressure, that can statistically differentiate between control subjects and PVH

patients. Additionally, the study will explore how these parameters behave as

patients transition between control and pathological states, with clusters being
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defined based on DPI values.

Moving to the second aim, which focuses on developing low-order VF models

for describing PVH and NPVH, this study aims to characterize the compensatory

mechanisms using both in-vivo and in-silico data. The first step in this process

involves extending the existing TBCM to represent VF asymmetry, a key char-

acteristic of NPVH. By allowing independent control over the activation of each

VF’s musculature, the model simulates imbalances in VF posture and mechanical

properties. This approach enhances the ability to study how asymmetric muscle

activation affects phonation, offering a more precise understanding of the biome-

chanical irregularities found in NPVH.

For PVH, the TBCM is further modified to include the presence of vocal nod-

ules, which are modeled as fixed masses with specific viscoelastic properties. These

modifications alter the collision dynamics of one VF cover layer and replicate the

impact that nodules have on vocal function, based on existing data regarding the

properties of nodular tissue. This approach helps to analyze how nodule parame-

ters affects phonation.

The outputs from these models will be validated by comparing them with es-

tablished modeling approaches and experimental or clinical data. For NPVH, the

model’s asymmetric configurations will be compared with previous studies where

mechanical properties were directly altered. By analyzing simulated kymogram

signals and comparing them with clinical data, we will fine-tune the model to
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accurately reflect the effects of muscle imbalance. For PVH, the validation will

focus on replicating known trends from previous studies regarding nodule size and

stiffness, while also simulating phonation threshold pressures to better understand

the role of vocal nodule parameters.

Additionally, these models will be used to explore how compensation occurs

in terms of acoustic parameters like intensity (SPL) and pitch (fo). Through

the application of the inverse Jacobian method, we will simulate how the patho-

logical models restore the initial acoustic target. This optimization process will

allow us to characterize the compensatory mechanisms for both PVH and NPVH,

assessing key aerodynamic parameters such as collision pressure and Maximum

Flow Declination Rate (MFDR). This analysis will provide deeper insights into

how these compensations impact vocal efficiency and aerodynamic behavior in

different pathological contexts.

1.4 Significance and contributions

Understanding the compensatory mechanisms that contribute to the onset and

progression of vocal VH, remains an important area of study [6]. This thesis seeks

to address this challenge by developing models and methodologies that capture

the physiological dynamics of VH in both clinical and ambulatory contexts.

Firstly, this work integrates an existing VF model with ambulatory data to
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simulate and analyze vocal behavior over voice monitoring. By applying the base

TBCM to ambulatory accelerometer distributions, this thesis seeks to estimate

how physiological compensations manifest in daily life, providing insights into

long-term vocal function in patients with PVH. This approach extends the appli-

cation of VF models beyond controlled laboratory settings, allowing for a more

comprehensive understanding of VH in dynamic, real-world environments.

In the next phase, the TBCM was extended to include pathological modifi-

cations, such as VF nodules and muscle activation imbalances, to better reflect

the clinical characteristics of PVH and NPVH. These modifications, validated and

calibrated using both in-vivo and in-silico data, offer an accurate representation

of the behaviors typically seen in patients with VH. By introducing these patho-

logical elements into the model, this thesis enhances our ability to simulate how

changes in pathology severity, such as nodule size and stiffness, muscle imbalance,

or DPI value, impact key clinical metrics, including Phonation Threshold Pressure

(PTP), larygeal muscle activation, fo, SPL and others.

Additionally, these models, built to represent the physiological aspects of the

pathology, allow for a detailed examination of the underlying parameters or input

conditions for voice production. This enables the study of how maintaining consis-

tent acoustic outputs, despite the presence of pathology, reflects in critical values

such as collision pressure, offering new insights into the compensatory strategies

employed by the vocal system and its effect in VF condition.
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In conclusion, this thesis advances VF modeling for ambulatory applications

and extends these models to better represent pathological conditions, contributing

to a deeper understanding of the compensatory mechanisms in VH. The most

significant contribution lies in presenting pathological VF models with a muscle

control system that governs both mechanical properties and posture, offering a

comprehensive tool for studying compensatory behaviors in VH.
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diarias de caracteŕısticas acústicas mediante simulaciones monte carlo de

un modelo de producción de voz de baja dimensión”. 77° Congreso Chileno
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1.6 Document structure

The chapters in this thesis are organized as follows: The chapter 2 provides

a background including the state of the art, a general description of voice pro-

duction models, the source-filter theory of phonation, the VH statement, and the

foundational concepts of ambulatory sensing and monitoring. The chapter 3 ex-

plores the connections between ambulatory monitoring and VF models for the

PVH population. It discusses the underlying parameters that distinguish con-

trols from patients and their clinical implications. The chapter 4 and chapter 5

offers insights into the pathological models developed in this research, introduc-

ing technical and anatomical modifications to enhance model representativity of
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VH conditions. These chapters also discuss the results, effects of pathological

parameters, and comparisons with other approaches and experimental data. The

chapter 6 summarizes the contributions of the thesis and outlines future research

directions.
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Chapter 2

Background

This chapter outlines the theoretical and methodological foundations for mod-

eling vocal hyperfunction, focusing on phonation models and their application to

vocal function estimation. The chapter reviews key models, including those of the

vocal tract, glottal airflow, vocal folds, and laryngeal muscle activation. It also

discusses the biomechanical modeling of VH and its monitoring in ambulatory

settings. Lastly, the two central components of this work are introduced: the Tri-

angular Body-Cover Model for vocal fold dynamics and the Daily Phonotrauma

Index for tracking PVH in real-world conditions.

2.1 Phonation models

Phonation is the physiological process through which voice is produced. This

complex process involves the generation of sound through the interaction of sub-

glottal airflow with the VFs, creating a sound wave that propagates through the

vocal tract. These interactions are detailed in what is known as the myoelastic

theory of phonation [59], where the composition of the VFs plays a key role in the
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generation of this sound wave.

From an engineering and systems perspective, this process can be expressed

in terms of a source-filter system [60], where there is a primary source - the

lungs, which produce a airflow. This airflow, when interacting with the folds,

generates the glottal airflow wave that propagates and is modulated/filtered by

the vocal tract. It is important to clarify that this is a simplified way of describing

phonation. Other considerations can include third-type interactions between flow,

tract, and folds [61, 62].

Within this system, we identify three key elements in the interpretation of the

vocal process: the vocal tract, glottal airflow, and VFs, as illustrated in Figure 2.1.

We will now delve into a more detailed description of these elements and the ways

in which they have been modeled.

Airflow

Vocal Folds

Vocal Tract

A) B)

Figure 2.1: Key elements in voice production: (A) vocal folds, glottal airflow and vocal

tracts. (B) Scheme of source-filter theory.
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2.1.1 Vocal tract models

The vocal tract is the part of the phonatory apparatus that extends from the

larynx to the lips and nose. It is a flexible cavity that connects the VFs with

the outside environment, through which sound propagates. As with any cavity

in acoustics, it functions as a filter that modifies the characteristics of the sound

produced by the vibration of the VFs. These modifications are achieved through

variations in the shape and size of the vocal tract, facilitated by the movement

of the articulators - regions comprising the tongue, lips, soft palate, hard palate,

uvula and pharynx [60].

In terms of a system or filter, the configuration of the vocal tract determines

the resonances, more commonly known as formants, which are essential for the

quality and intelligibility of the produced sound [60, 63].

Modeling the vocal tract has been a significant area of interest in the fields

of phonetics, linguistics, bioengineering, and acoustics for many decades. The

earliest models of the vocal tract were physical and mechanical. Gunnar Fant

and other researchers developed acoustic models based on the source-filter theory

[60]. These models treated the vocal tract as a series of coupled tubes with

varying lengths and diameters, simplifying the complexity of the actual tract [60].

Since then, the study of the tract’s dimensions using Magnetic Resonance Imaging

(MRI) imaging has begun, allowing for the characterization of lengths and areas
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[64].

A)

B)

C)

D)

Figure 2.2: Vocal tract modelingexamples: (A) Vocal tract as cylindrical areas [65].

(B) MRI image for area computation [66]. (C) vocal tract model using electro-acoustic

analog [67]. (D) vocal tract model from sectional movement [68].

Digital models began to replace the simpler physical or propagation models.

Finite element models enabled more precise and detailed simulations of the vocal

tract and its interaction with sound [69].

Modern imaging technology, such as MRI and computed tomography, has

facilitated the creation of three-dimensional models of the vocal tract [64, 70, 68].

These models can simulate not only the static anatomy but also the dynamic

changes during articulation. Over the years, vocal tract modeling has evolved

from simplistic representations to highly sophisticated models that can accurately
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capture the complexity and dynamics of human speech.

For the purposes of this thesis, we have chosen to use a vocal tract model as a

waveguide, through which sound waves propagate forwards and backwards. This

idea draws inspiration from the works of Maeda [67], who treated the vocal tract

as a transmission line using the electroacoustic analog [71, 67]. The version used

here does not model the loss elements of the tract as reactances and impedances

but as exponential losses, and is detailed in the thesis of Story[43], where he

introduces the methodology we use, called the Wave Reflection Analog (WRA).

In the WRA approach, the vocal tract is modeled as a series of concatenated

cylindrical sections, each representing a specific part of the tract. This method

effectively captures the acoustical properties and resonances of the vocal tract, al-

lowing for a detailed analysis of how sound is filtered and modulated as it travels

through this complex system. This modeling technique is particularly benefi-

cial in understanding the nuances of vocal tract dynamics in different phonatory

conditions, providing valuable insights for both normal and pathological speech

analysis.

Let’s delve into some detail here. The vocal tract is considered as a succession

of cylindrical sections of varying cross-sectional areas. The pressure or airflow

waves traveling between two sections, at the interface, they must satisfy the con-

tinuity of both airflow and pressure, in the n-th junction in Figure 2.3:
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𝐴1 𝐴2 𝐴3 𝐴𝑁−2 𝐴𝑁−1 𝐴𝑁Glottis Lips

A)

B)

𝐴𝑛 𝐴𝑛+1

𝑓𝑛

𝑏𝑛

𝑓𝑛+1

𝑏𝑛+1

nth Tube (n+1)th Tube

Figure 2.3: Scheme of vocal tract area model: (A) Tract areas. (B) Scheme of forward

and backward flow. Adapted from Sahoo [72]

fn + bn = fn+1 + bn+1, (2.1a)

1

Zn

(fn − bn) =
1

Zn+1

(fn+1 − bn+1) . (2.1b)

Here, it was possible to connect airflow and pressure through the acoustic

impedance of the medium which is defined as: Zn = ρc
An

, with ρ the air density, c

sound air velocity and An the cross-sectional area of the n-th cylindrical section

. The emergence of the cross-sectional area of the tract section is noteworthy,

indicating the influence of its geometry. If we resolve the set of equations in terms

of the inputs and outputs at the interface:
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bn = rnfn + (1− rn)bn+1, (2.2a)

fn+1 = (1 + rn)fn − rnbn+1, (2.2b)

with

rn =
An − An+1

An + An+1

. (2.3)

Where rn is the reflection coefficient of the n-th interface. This shows that

it is the geometry that defines how much of the wave is transmitted or reflected.

Additionally, losses in this propagation are introduced through an exponential

factor, derived from the solution of the wave equation [73, 74]. This factor accounts

for losses due to the medium’s viscosity or energy absorption by the walls, among

others [74, 75]. For example, the attenuation of the forward wave to travel in th

n-th section is:

fn(z + l) = e−βlfn(z) (2.4)

Where β is the attenuation factor and l the section length. Another way to

model these losses is by maintaining them as circuit elements to be considered in

each section [60, 74]. Additionally, the output of the voice wave to the exterior

is modeled with piston-type impedance elements [60, 43]. This is the summarize

of how we will consider the propagation of both the subglottal and supraglottal

tract.
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2.1.2 Glottal airflow

The glottal flow wave that propagates through the tract is due to the interac-

tion of subglottal and supraglottal with the VFs [76]. Figure 2.4 shows the steps

in the glottic cycle and how the self-sustained oscillation of the VFs is generated,

involving subglottal pressure and the tension of them.

A) B)

Figure 2.4: Glottal cycle diagram: (A) Glottal cycle in time instance. (B) Converge

and divergence VF position. Adapted from Story [76]

To quickly describe the glottic cycle: In the convergent stage (from t=1 to

t=4), the subglottal pressure breaks the barrier of the VFs and displaces them

due to the force exerted by this pressure. Additionally, the opening that is created

begins to allow air flow, which, according to Bernoulli’s law, produces a decrease

in pressure between the folds. As the folds move and the pressure decreases,

they tend to return to their initial position due to the elastic component of the

phenomenon (t4). In the following phase (from t=5 to t=8), the force from
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the pressure does not separate the folds but seeks to bring them together, along

with the elastic action of the folds. Once closed and due to the inertia of their

movement, the cycle restarts.

P = Pi + (PS − Pi)

(
1− a21

a22

)
. (2.5)

Equation 2.5 shows the ideal change in pressure in the middle of the folds

due to the differences in upper and lower areas and pressures. With Pi is the

supraglottal and PS subglottal pressure.

ug =
agc

kt

{
−agc
A∗ +

[( ag
A∗

)2
+

4kt
c2ρ

(PS − Pi)

]1/2}
. (2.6)

Equation 2.6 shows how glottal airflow changes in terms of glottal area ag =

min(a1, a2) and the pressure differences [65]. Where A∗ corresponds to the effec-

tive area between the upper and lower parts of the VFs, and kt is an empirical

transglottal pressure coefficient [77].

This is a simplification of how aerodynamic energy is transformed into sound.

Over the years, adjustments have been made to this type of model, introducing

factors for loss in the conversion of flow to pressure, regimes where the flow is

laminar or turbulent, among other types of interactions [78, 79, 80]. For the

models presented in this thesis, the solution for glottal flow taken from the work

of Lucero [81] is used.
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2.1.3 Vocal folds models and their parameters

The VFs can be conceptualized as an oscillatory membrane that interacts with

subglottal pressure, generating the glottal wave essential for voice production.

The structure of the VFs has been meticulously studied from histological and

physiological perspectives [82, 83], leading to the establishment of the body-cover

theory as proposed by [59]. This theory delineates the VF composition into models

of five, three, and two layers, as summarized in Table 2.1.

Table 2.1: Comparison of the common VFs division [65].

Layers Five Three Two

Ephithelium Ephithelium
Mucosa

Cover

Lamina Propia

Superficial Layer

Intermediate Layer
Ligament

Deep Layer
Body

Muscle Muscle Muscle

Each layer possesses distinct mechanical properties, contributing to the VFs

density, stiffness, and other viscoelastic characteristics. Furthermore, the VFs ex-

hibit a unique geometric arrangement, including the vocal process, which grants

them their characteristic zipper or V shape [84]. This shape is primarily deter-
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mined by the positioning of the arytenoids among other structures.

Figure 2.5: VFs layered structure. Adapted from Titze [65]

In modeling the VFs, various types of models have been developed, which can

be categorized based on how they describe the VFs. Here, we classify them into

two major groups: continuous models and lumped element models, as discussed

in revious works [45, 47, 46, 85].

This classification provides a foundation for understanding the different ap-

proaches used to represent the complex mechanics of VF vibration and the result-

ing voice production.

Continuous models of VFs are marked by detailed geometric and mechanical

descriptions. Typically, the geometry of the VF is defined by a mesh that outlines

its shape. For resolving the dynamics of the VFs, these models often employ tech-

niques with a high number of degrees of freedom, such as finite differences or finite
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Figure 2.6: Examples of VF models: (left) continuos models: (A) Zhang et al. [86], (B)

Alipour et al. [87] and (C) Jiang et al. [88]. (right) lumped element models: (D) Story

[89] and (E) Story and Titze [90].

elements. In these methods, each node of the mesh is governed by an equation of

motion accounting for forces or energy, allowing for a detailed description of the

mechanical interaction between the fold and the airflow. However, these models

generally have a high computational cost due to their complexity and the number

of degrees of freedom involved.

On the other hand, lumped element models approximate VFs as a system of

coupled oscillators, condensing the mechanical information of the folds into mass,

elasticity, and viscosity components of the oscillator. These models offer a more

direct interpretability of parameters and facilitate large-scale exploration of their
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operational domains, which can be cumbersome for continuous models.

Both groups of models have their advantages, whether in terms of degrees of

freedom and execution speed or in providing a detailed description of the phe-

nomenon and geometry. Lumped element models are an excellent choice when a

versatile, quick model is required for running across a wide range of parameters. In

contrast, continuous models are ideal for detailed descriptions of the composition

and interaction of various elements in the representation of VFs.

Every model of VFs requires parameter characterization, usually involving ge-

ometric descriptions like length and thickness, as well as the mechanical properties

of the different layers comprising the folds. These values are often captured from

measurements on excised larynges, such as the Young’s modulus, Poisson’s ratio,

and compressibility modulus for mechanical components and parameters like fold

length, thickness, and arytenoid distance for geometry [91, 92, 93, 94, 59].

In the spirit of this thesis, as defined in the motivation section 1.1, a better

understanding of the elements present in lumped-element models is necessary. To

illustrate this, the body-cover model [90] is used as a basis (see Figure 2.7 left).

Here, the VF is defined as three masses, in a representation of two layers: body

and cover as mention in Table 2.1.

The general form of the equation of motion for one of these masses is:

mẍ = Felas + Fvisc + Faero + Fcol, (2.7)
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Figure 2.7: Scheme of lumped-element body-cover model: (left) three-mass and (right)

bar-plate in frontal cross section. Adapted from [95]

where the forces include elastic, viscous, aerodynamic, and collision forces. In

this equation of motion, the elastic and viscous forces are modeled as a critically

damped harmonic oscillator of the mass-spring type. The collision and aerody-

namic forces only apply to the masses of the cover.

This section will describe how to calculate the mass and elasticity (spring)

components of each mass, based on the geometry and tension of the layers. Let

m1 and m2 describe the mass of cover, and M the mass of the body, their values

are defined by:
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m1 = ρLTDc
Zn

T
, (2.8a)

m2 = ρLTDc

(
1− Zn

T

)
, (2.8b)

M = ρLTDb. (2.8c)

where L, T , Dc and Db represent the length, thickness, and depth of the cover

and body layers, and Zn is the point that divides the upper and lower component

in the cover. For the elastic component, i.e., the springs, the stress (σ) and shear

modulus (µ) properties of the two layers representing the VFs are used. Using

the representation presented in [95], the springs values are defined:

k1 = 2µc

(
LT

Dc

)
Zn

T
+ π2σc

D

L
zn, (2.9a)

k2 = 2µc

(
LT

Dc

)(
1− Zn

T

)
+ π2σc

D

L
T

(
1− Zn

T

)
, (2.9b)

kc =

{
1

2
µc
LDc

T

[
1

3
− Zn

T

(
1− Zn

T

)]−1

− 2µc
LT

Dc

}
Zn

T

(
1− Zn

T

)
, (2.9c)

K = 2µb

(
LT

Db

)
+ π2σc

D

L
T. (2.9d)

Where k1 and k2 are the spring that connect the cover with body block, kc is the

cooupling srping for the two cover blocks and K represent the spring component

of the body block.

This method of calculating the properties of the three-mass model provides

a static view of the mechanical and geometric components of the VFs, yet these
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are dynamic properties. Both mechanical and geometrical properties of the VFs

change dynamically due to the action of the laryngeal musculature.

2.1.4 Laryngeal muscles activation models

Intrinsic laryngeal muscles

The dynamic properties of the VFs are largely influenced by the action of

the intrinsic laryngeal muscles, which play a crucial role in modulating the me-

chanical properties and shape of the VFs, thereby affecting their vibration and the

resulting sound production [96]. These muscles include the Lateral Cricoarytenoid

(LCA), Interarytenoid (IA), Posterior Cricoarytenoid (PCA), Cricothyroid (CT),

and Thyroarytenoid (TA), each of which plays a specific role in VF function, as

illustrated in Figure 2.8 and Figure 2.9

Figure 2.8: Intrinsic laryngeal muscles.

The LCA muscles are primarily responsible for adducting the VFs, pulling

them together. This action is critical for initiating and sustaining phonation by
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closing the glottal gap, allowing for sound production. Similarly, the IA muscles

aid in adduction by pulling the arytenoid cartilages towards each other, assisting

in closing the posterior portion of the glottal gap.

In contrast, the PCA is the only muscle involved in abducting the VFs, moving

them apart. This action is essential for breathing, as it opens the glottal gap,

enabling airflow through the vocal folds.

The CT and TA muscles primarily control the tension and length of the VFs.

The CT muscle functions to tense and elongate the VFs, thereby increasing the

pitch of the voice. Conversely, the TA muscle, which includes the vocalis muscle,

acts to relax and shorten the VFs, resulting in a lower pitch. Through their

antagonistic relationship, the CT and TA muscles regulate the natural oscillation

frequency of the VFs, as well as their passive and active stiffness, and contribute

to shaping the vocal process.

In summary, the LCA and IA muscles are primarily responsible for VF ad-

duction, while the PCA handles abduction. Together, these muscles manage the

position and configuration of the arytenoid cartilages at the back of the glot-

tis. Meanwhile, the CT and TA muscles modulate the length and stiffness of the

VFs, influencing the frequency of vocal fold oscillation and the overall quality of

phonation.

To develop a VF muscle control model, it is essential to characterize the vocal

folds in terms of both their mechanical properties and posture. The mechanical
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Figure 2.9: Representation of laryngeal muscles action. Adapted from [96]

aspect explores the relationship between strain (ϵ) and stress (σ), a key concept

in tissue mechanics, especially for soft tissues like the VFs.

Lumped element models provide a useful approach for illustrating how laryn-

geal muscle activity influences the geometry and mechanics of the VFs. In this

context, the vocal folds are modeled using a system of three masses representing

the body and cover of the folds. As depicted in Figure 2.7, this approach allows

for a detailed characterization of the upper and lower cover layers through distinct

masses and springs, which better reflects the mechanical complexity of the VFs

compared to a single mass model for the body.
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Intrinsic laryngeal muscles action from [95]

Before delving into a complex representation of this phenomenon, in [95] the

authors provide a straightforward approach to calculate parameters such as elon-

gation, thickness, and elastic constants in a simplified representation of the VFs

controlled by the action of intrinsic laryngeal muscles in lumped element models.

The discussion starts by defining a crucial element in this and future devel-

opments, the muscle activation level (a). This level can be understood as the

normalized contraction force of the muscle from 0 to 1, where 0 is the muscle at

rest and 1 is the muscle fully contracted, or at its maximum voluntary contraction

[97].

With this definition, along with the action of the muscles in the glottis, the

geometrical properties of the VF: the elongation (ϵ) and length (L) are defined

as:

ϵ = G (RaCT − aTA)−HaLC, (2.10)

L = L0(1 + ϵ). (2.11)

Where G, R and H are empirical constants to match the muscle activation ac-

tion with excised larynx experiment, and L0 is the rest VF length [95]. At the

same time, the other geometrical dimension for the blocks that represent Vfs, the
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thickness (T ) of the fold, depth (D) of the body and cover layers, and the nodal

point (Zn) for upper and lower distribution of the VFs are defined as:

T =
T0

1 + 0.8ϵ
, (2.12)

Db =
aTADmus + 0.5Dlig

1 + 0.2ϵ
, (2.13a)

Dc =
Dmuc + 0.5Dlig

1 + 0.2ϵ
, (2.13b)

Zn = (1 + aTA)T/3. (2.14)

Here, the activation of the muscles responsible for elongating and relaxing the

fold, CT and TA, is observed, in addition to the presence of a component due to

adduction aLC = aLCA − aPCA. The constants accompanying these equations are

empirically determined by adjusting experiments with dogs excised larynges [95].

Furthermore, in this work, elongation is linked to stress through: passive com-

ponents, dependent on elongation; and active components, dependent on muscle

activation.

σb = [0.5σligDlig + σmusDmus]Db, (2.15a)

σc = [0.5σligDlig + σmucDmuc]Dc, (2.15b)

σmus = aTAσammax
[
0, 1− b(ϵ− ϵm)

2
]
+ σp. (2.15c)
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σp =


0 for ϵ ≤ ϵ1,

−σ0

σ1
(ϵ− ϵ1) for ϵ1 ≤ ϵ ≤ ϵ2,

−σ0

σ1
(ϵ− ϵ1) + σ2

[
eC(ϵ−ϵ2) − C(ϵ− ϵ2)− 1

]
for ϵ > ϵ2.

(2.16)

The value for Equation 2.16 constants is in Table I of [95].

In terms of geometry, this approach define two rules for ξ02 and ξ01, the ad-

duction level of upper and lower block, respectively:

ξ02 = 0.25L0(1− 2.0aLC), (2.17)

ξ01 = ξ02 + T (0.05− 0.15aTA). (2.18)

In this example, muscle activation defines both stress and strain, with strain

determining stress. However, for this model, there is not inverse connection,

meaning that strain is not affected by the total stress of the muscles; something

that we know occurs in soft materials.

A more complex representation of this relationship for intrinsic muscles can

be achieved through a 1D Kelvin model for the muscles [98, 44], a differential

equation inspired in a spring-damping representation of the muscle elongation;

and we will also associate the elongation of the VF, not to an empirical equation

with the muscle activation, but to the displacement of the cricoarytenoid (CAJ)

and cricothyroid (CTJ) junctions.
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Intrinsic laryngeal muscles action in elongation and posture, [98]

This approach to the stress-strain relationship involves seven elements: the five

intrinsic muscles plus the ligament and mucosa: I = {LCA, IA, PCA, CT, TA,

LIG, MUC}. Each element is modeled using a Kelvin model where total stress (σ)

depends on strain (ϵ), and both active (σa) and passive (σp) stress components.

This results in a set of two coupled equations for passive stress:

tsσ̇ + σ = σa + σp(ϵ) + E(ϵ)tpϵ̇, (2.19)

and active stress

taσ̇a + σa = aσmf(ϵ)g(ϵ̇). (2.20)

Where ts, tp and ta are constant; E, f and g are functions dependent on ϵ; σp

is defined by Equation 2.16 and a is the activation of each intrinsic muscle. The

explicit forms and values of constants can be found in Section 2.2 of [97], noting

that the LIG and MUC components lack an active stress component (σa), being

non-contractile tissue.

To solve the Equation 2.19 and Equation 2.20, the strain of each muscle and

the VF elongation is defined by the displacement of the CAJ and CTJ. A dia-

gram of these joints and their rotational and translational displacement is seen in

Figure 2.10. The dynamics for both joints is defined by the nexts motion equation:

The displacement in x (ξ) and y (ψ), and the rotation (θ) of the CAJ, is given
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A) B)

Figure 2.10: Main laryngeal structures involved in the prephonatory posturing. (A)

Cricoarytenoid accommodation at the glottal plane; and (B) Projection of effective

cricothyroid accommodation on the glottal plane. Glottal geometry and VF adjustment

are controlled via the relative accommodation of major laryngeal cartilages. Figures

adapted from [44]. CAJ: cricoarytenoid joint, CTJ: cricothyroid joint.

by:

Mac ξ̈ + dxξ̇ + kxξ =
∑
i∈I

δiFi, (2.21a)

Mac ψ̈ + dyψ̇ + kyψ =
∑
i∈I

βiFi, (2.21b)

Iac θ̈ + δθ̇ + κθ =
∑
i∈I

γiFi. (2.21c)

Where Fi represents the force exerted by each muscle: I = {LCA, IA, PCA,

CT, TA, LIG, MUC}, which can be calculated as Fi = σi ×Ai, with Ai the cross-

sectional area of the muscle. The δ, β, γ are the directional cosines for the forces.

The constants are presented in Table I of [44].
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For CTJ, the translational (ζ) and rotational (ω) movement, is also defined

by:

Mccζ̈ + kt

(
ttζ̇ + ζ

)
= [cosϕFCT − (FTA + FLIG + FMUC)] , (2.22a)

Iccω̈ + kr (trω̇ + ω) = [rCTFCT − rTA (FTA + FLIG + FMUC)] , (2.22b)

WhereM and I are the traslational mass and the inertial moment; kt and kr are

the translational and rotational stiffnesses, tt and tr are the time constants for the

translational and rotational viscous damping, rTA and rCT are the moment arms

for the TA and CT torques relative to CTJ center, and ϕ is the angle between the

line of action of FCT and the translation axis of the cricoid cartilage, respectively.

The value of the constants is detailed in Chapter 3 of [97] and Table I of [44].

Solving the differential equations for ξ, ψ, ζ, θ and ω allows defining the

elongation effect of the CAJ and CTJ, resulting in:

∆Lt = ζ, (2.23a)

∆Lr = rTA ω, (2.23b)

∆La = − [yCAJ(1− cos θ)− (xCAJ − x̄02) sin θ + ψ] . (2.23c)

And also the aryteniod position in x-y plane, that define the vocal process:
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x02 = xCAJ − (xCAJ − x̄0) cos θ + yCAJ sin θ + ξ, (2.24a)

y02 = yCAJ(1− cos θ)− (xCAJ − x̄0) sin θ + ψ − (∆Lt +∆Lr). (2.24b)

And additional element, the x-displacement of the lower portion of the VF is

computed following the idea of [95]:

x01 = T · tan(0.001) + x02. (2.25)

The total elongation or strain of the VF can then be expressed as:

ϵV F =
1

L0

(∆La +∆Lt +∆Lr) , (2.26)

where L0 is the initial VF length. Equation 2.26 dynamically couples the adduc-

tion and elongation procedures [95, 98]. The VF length is Lg = (1 + ϵ)L0.

Thus characterizing the elongation of each of the 7 muscle components as:

ϵCT =
L0

LCT

(rCTω + ζ/cos(ϕ)) , (2.27a)

ϵTA = ϵLIG = ϵMUC =
1

L0

(∆La +∆Lt +∆Lr) , (2.27b)

ϵLCA = −γLCAθ

LLCA

, (2.27c)

ϵIA = −γIAθ
LIA

, (2.27d)

ϵPCA = −γPCAθ

LPCA

, (2.27e)

(2.27f)
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LI denotes the initial length of the I muscle. This reveals how the CT muscle

strain is defined by the extension due to CTJ; for the TA muscle, Ligament, and

Mucosa, the strain is the elongation of the VF, and for posterior muscles LCA,

IA and PCA the strain is the rotational contribution in the CAJ displacement.

For a straightforward implementation, a presentation as an algorithm for solv-

ing the components of strain and stress of the VFs, given a variable input of

muscular activation, would be, following [98]:

1. Define the forces FI and active stresses σI (Equation 2.19 and Equation 2.20)

for all the muscles as fourth-order Runge-Kutta dependent variables. There

are a total of 12 variables; however, the LIG and MUC do not have active

stresses.

2. Additionally, define ξ, ξ̇, ψ, ψ̇, θ, θ̇, ζ, ζ̇, ω, ω̇ as Runge-Kutta depen-

dent variables, summing up to 10 variables, using Equation 2.21 and Equa-

tion 2.22.

3. The derivatives of all the 22 variables are further defined as independent

variables, culminating in a total of 44 first-order differential equations that

need simultaneous solving.

4. Muscle activations (aI) are regarded as inputs, which can be either constant

or time-varying.
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5. Within the Runge-Kutta loop, compute strains (ϵI , Equation 2.27), strain

rates (ϵ̇I), active and passive forces of all muscles, passive forces of the

ligament and mucosa, and the first-order derivatives as stipulated in step

three.

6. Obtain the time-varying 44 variables.

2.1.5 Triangular body-cover model: TBCM

Having established the role of laryngeal musculature in controlling both the

mechanical properties and posture of the VFs, the next step is to introduce a model

that integrates these elements into a comprehensive framework. This model allows

for the representation of the body-cover structure of the VFs while incorporating

muscle control over both their mechanical characteristics and laryngeal posture.

The TBCM [42, 44], a symmetrical low-order model of the VFs, incorporates

tissue-fluid-acoustic interactions at the glottis, enabling simulations of sustained

vowels and time-varying glottal gestures.

Building upon prior efforts in low-order modeling [95], VF posturing [98], body-

cover VF models [90], and the triangular shape of the glottis [42, 84], the TBCM

consists of paired three-mass body-cover systems (see Figure 2.12) and a muscle-

controlled model of all five intrinsic laryngeal muscles: CT, TA, LCA, IA, PCA.

These muscles allow for dynamic control of the prephonatory posture (i.e., vocal
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process accommodation) and the VF configuration (i.e., viscoelastic VF proper-

ties) during phonation. Each intrinsic muscle is treated using a modified Kelvin

model for the stress-strain response in the tissues, considering both the passive

and active stress components [97]. Following the model described in subsubsec-

tion 2.1.4. The model offers flexibility by allowing normalized (beween 0 and 1)

individual actuation levels for each muscle, namely, (aLCA, aIA, aPCA, aCT, aTA).

Moreover, this model allows for the incorporation of pulmonary pressure (PL) as

an adjustable input parameter, working in tandem with the muscle activation

profiles.

General scheme of TBCM in the phonation model:

The TBCM model operates within a broader phonation model, capturing es-

sential elements of vocal fold dynamics and the interactions between physiological

systems during voice production. Figure 2.11 provides an overview of how the

TBCM is embedded in a global phonatory framework, including key elements

such as the subglottal tract, laryngeal muscle control, and the vocal fold model

itself, along with their respective inputs and outputs. Those components have

been detailed in the preceding sections of this chapter.

The subglottal tract plays a vital role in propagating lung pressure (PL)

to the glottis, where the subglottal pressure (PS) is distributed along the tract.

This pressure propagation is modeled using WRA [43], where the subglottal tract
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Laryngeal Muscle
Control

(VE –VP;Titze 2002
and 2007)

Supraglottal Tract
(WRA –Story 1998)

Vocal Fold Model
(TBCM –Alzamendi et. al.

2021)

𝑃𝐿

Subglottal Tract
(WRA –Story 1998)

1D Kelvin Model
(Titze and Hunter

2007)

Area Function
(Story 2008)/𝑎/

𝑃𝑜𝑢𝑡

𝑎

𝑃 ,𝑈

𝑃 ,𝑈

𝐴𝑟𝑒𝑎

𝑚, 𝑘,𝑑

𝐿,𝑇,𝐷…

𝜎muscle 𝜖muscle

Figure 2.11: Scheme full phonation model TBCM.

is represented as an area function. This principle is briefly introduced in Equa-

tion 2.2. The input to this component is lung pressure, while the output is the

calculated subglottal pressure and airflow along various points in the tract.

Next, the laryngeal muscle control system is tasked with defining the VF

posture and viscoelastic (VE) properties that are essential for VF oscillation.

The posture, primarily driven by the positioning of the vocal process (VP), is

influenced by muscle activations [98]. Additionally, the mechanical properties of

the VFs are characterized by their mass and spring dynamics [95]. The inputs for

this section include muscle activation vectors and stress/strain (σ/ϵ) equations,

which are outputs of the earlier described 1D model that links muscle activation

with stress. The outputs are the physical displacement of the arytenoids, posterior
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glottal opening (PGO), and the resulting geometric and mechanical properties of

the VFs.

The vocal fold model itself is represented through a system of three coupled

mass-spring oscillators, where each mass corresponds to a section of the vocal fold

layers (body and cover) [90, 42, 44]. The mechanical parameters derived from

muscle control and the subglottal/supraglottal pressures (Pi, PS) serve as inputs

to this system [81]. The resulting outputs are critical variables such as the forces

exerted on the VFs, the glottal area, and the resulting glottal airflow (Ut).

In this broader context, the supraglottal tract manages the airflow and

pressure from the glottis to the output at the mouth. It uses the same WRA [43]

approach as the subglottal tract, with reflection coefficients calculated based on

the area of each section of the vocal tract. The input to this system is the glottal

airflow (Ut), and the output includes both the supraglottal pressure (Pi) and the

pressure radiated at the mouth (Pout).

Finally, the area function plays an essential role in defining the geometry of

the vocal tract, with a dictionary of cylindrical section areas for various vowels

[64]. This input enables the vocal tract to be dynamically adjusted for different

phonatory gestures. The vocal tract geometry, in turn, affects how pressure and

airflow propagate through the system.

By integrating all of these elements, the TBCM model offers a comprehensive

framework for simulating and understanding the intricate processes that occur
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during phonation.

TBCM motion equation:

In TBCM, the aerodynamic forces over the VF cover layer are computed ac-

cording to [99], while elastic, damping, and collision forces over the body-cover

masses follow [42]. Glottal airflow is computed from the acoustic driving pressures

on the glottal area, as [97, 100, 81]. The acoustic wave propagation is simulated us-

ing the wave reflection analog scheme, modeling subglottal and supraglottal tracts

as a discrete concatenation of acoustic cylinders with variable cross-sectional areas

[73], similar to Equation 2.2.

TBCM stands out as a particularly effective model for describing VH due to its

comprehensive approach in simulating the VF dynamics. By integrating the effects

of PGO and allowing for both posterior and membranous glottal gaps within a

single framework, TBCM facilitates a more nuanced analysis of VF posturing and

the resulting phonatory behavior.

The coupled equations for model the dynamics of the three masses in TBCM

are:

Fu = mu ẍu = Fk, u + Fd, u − Fkc + Fe, u + FCol, u, (2.28a)

Fl = ml ẍl = Fk, l + Fd, l − Fkc + Fe, l + FCol, l, (2.28b)

Fb = mb ẍb = Fk, b + Fd, b − [Fk, u + Fd, u + Fk, l + Fd, l] , (2.28c)
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Figure 2.12: Scheme of TBCM for the VFs.

where m is mass, x is the medial-lateral displacement measured in the middle

of the VF, and F is the force component for each block. Furthermore, force

subscripts k, d, e, and kc represent the mechanical forces produced by the springs,

dampers, flow pressures, and elastic coupling between the upper and lower masses,

respectively. An additional spring force, FCol, is introduced during VF collision

to capture the effects of impact between opposite upper/lower cover masses.

The definitions of the forces in Equation 2.28 are similar to the forces originally

expressed in [90], the elastic forces modeled as non-linear spring force. Defining a
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general displacement around equilibrium position:

∆xi = (xi − xi, 0), (2.29)

where i can be u for upper, l for lower and b body block. the elastic forces are

modeled as:

Fk, u = −ku
{
[∆xu −∆xb] + ηu [∆xu −∆xb]

3} , (2.30a)

Fk, l = −kl
{
[∆xl −∆xb] + ηl [∆xl −∆xb]

3} , (2.30b)

Fk, b = −kb
[
∆xb − ηb∆x

3
b

]
, (2.30c)

Fkc = −kc [∆xl −∆xu] . (2.30d)

where the ks are linear spring constants, the ηs are nonlinear spring constants,

and the xs, 0 are the rest positions of the respective masses, with s ∈ {u, l, b}.

Rest positions for the upper and lower blocks are xu, 0 = 0.5x02, xl, 0 = 0.5x01

pursuant to VF posturing, whereas xb, 0 = 3 mm [42]. For all these parameters,

a set of controlling rules are used to assign a determinate value [95], computed

using Equation 2.9.

In similar manner, the collision force is modeled as spring force. This force

needs to consider the triangular shape of the VF definer by the vocal process. To

compute the total collision force for lower or upper block, the collision fraction is

defined:
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αi = LCol, i/Lg, (2.31)

where the subscript i ∈ {u, l}, and αi is the proportions of block length (Li, col)

undergoing collision at the given time, with 0.0 ≤ αi ≤ 1.0. The collision for is

modeled as the integral for the differential force, with the force as a non-linear

Hooke’s law.

FCol, u = −kCol, u

∫ LCol, u

0

xu(y) + ηCol, ux
3
u(y)dy, (2.32a)

FCol, l = −kCol, l

∫ LCol, l

0

xl(y) + ηCol, lx
3
l (y)dy, (2.32b)

xu(y) = xu −
x02
2

+ x02
y

Lg

= cu + bu
y

Lg

, (2.33a)

xl(y) = xl −
x01
2

+ x01
y

Lg

= cl + bl
y

Lg

, (2.33b)

The integrals are solved considering the triangular shape given by the position

of the VFs (ci , bi). Obtaining a simplified form, we have:

FCol, u = −kCol, u

4
αu (2cu + buαu)

[
2 + ηCol, u

(
2c2u + 2bucuαu + b2uα

2
u

)]
,(2.34a)

FCol, l = −kCol, l

4
αl (2cl + blαl)

[
2 + ηCol, l

(
2c2l + 2blclαl + b2lα

2
l

)]
. (2.34b)

Damping forces are modeled as a typical proportional velocity force in a har-

monic oscillator:
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Fd, u = −2νu
√
muku (ẋu − ẋb) , (2.35a)

Fd, l = −2νl
√
mlkl (ẋl − ẋb) , (2.35b)

Fd, b = −2νb
√
mbkbẋb. (2.35c)

where νs is the damping ratio, with s ∈ {u, l, b}. For νs = 1, the damping

force is exactly that of a critically damped oscillator.

The aerodynamic force Fe is the force exerted by the intraglottal flow. To

calculate it, it’s necessary to determine the glottal area defined by the two blocks

composing the cover. Considering VF posture and symmetry concerning the mid-

sagittal plane, the glottal area defined by the upper and lower cover blocks can

be expressed as follows:

Au = 2max
{
0, xu −

x02
2

}
+ 2(1− αu)

2Lg
x02
2
, (2.36a)

Al = 2max
{
0, xu −

x02
2

}
+ 2(1− αu)

2Lg
x02
2
, (2.36b)

The first term of the equation represents the rectangular area generated when

the anterior part of the block is not in collision, which becomes zero during col-

lision; meanwhile, the second term represents the triangular area that is present

at all times and is weighted by 1− α, which is the fraction not in collision. the 2

factor correspond to the VF symmetry.
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The aerodynamic force will use the pressure per area expression, considering

the cross-sectional area of each block that is not in collision. Thus, the expression

for the pressures in the blocks when one of them is fully colliding, i.e., when

Ag = min{Au, Al}, means Ag = 0, is:

Pu =


0 for Au ≤ 0 and Al ≤ 0,

0 for Au ≤ 0 and Al > 0,

Pi for Au > 0 and Al ≤ 0,

, (2.37a)

Pl =


0 for Au ≤ 0 and Al ≤ 0,

PS for Au ≤ 0 and Al > 0,

0 for Au > 0 and Al ≤ 0,

, (2.37b)

Meanwhile, when the glottis is open, the Equation 2.5 is utilized:

Pu = Pi, (2.38a)

Pl = P = Pi + (PS − Pi)

(
1−

A2
g

A2
l

)
, (2.38b)

with the pressure expressions, the force exerted on each block is calculated as:

Fe, u = Pu(1− αu)LgTu, (2.39a)

Fe, l = Pl(1− αu)LgTl. (2.39b)

Another way to represent the pressure in each block is presented in [99], where

the maximum power transfer theorem is applied.
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With the representation of forces acting on the blocks, it becomes possible to

characterize the time-varying glottal area. The missing element in this VF model

is the construction of the glottal flow, defined as the difference between subglottal

and supraglottal pressure. This flow is influenced by the glottal area and the

posterior glottal opening, which is defined by the displacement of the arytenoids.

The PGO is quantified as the area of the trapezoid formed at the posterior aspect,

as depicted in Figure 2.12. The equation for PGO is as follows:

APGO = max{0, min{(xp1 + x01), (xp2 + x02)}(y02 − yp)}. (2.40)

Regarding the glottal flow, it can be calculated as presented in subsection 2.1.2

or through the smoothed representation provided by [81], which is expressed by:

ug =
2A3

T δp(
ρcA3

T

A∗ + γm +

√(
ρcA3

T

A∗ + γm

)2
+ 2ktρA4

T |δp|

) . (2.41)

Where AT is the sum of the membranous component and the contribution of

the PGO.

AT = Ag + APGO, (2.42)

additionally,with A∗ the effective area computed as:

A∗ =

(
1

Ai

+
1

As

)−1

, (2.43)
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with Ai and As the area of the first supraglottal and subglottal section respec-

tively, δp is the pressure difference δp = PS−Pi, γm is the viscosity air contribution

and kt the coefficiented introduced in Equation 2.6.

2.2 Vocal hyperfunction

The modeling component of this thesis is designed to characterize VH, making

it essential to first define what VH entails and to review the key developments in

this field.

VH encapsulates a range of conditions characterized by an overexertion or

imbalance in the musculature surrounding the larynx during the act of phonation

[101]. This overexertion can manifest through benign VF pathologies, such as

nodules, or through forms of dysphonia that do not coincide with any visible VF

abnormalities, commonly referred to as primary muscle tension dysphonia [102].

Fundamentally, VH is a consequence of vocal misuse or abuse, where the

phonatory system is subjected to excessive strain due to unbalanced or exces-

sive muscular forces. This strain often arises from an individual’s attempt to

compensate for perceived deficiencies in vocal output, such as insufficient volume,

which can initiate a harmful cycle. Increased muscle and aerodynamic forces ex-

erted to augment vocal projection can lead to vocal strain, tissue damage, and a

progressive decline in vocal quality, necessitating even greater effort for voice pro-
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duction. VH is broadly categorized based on its etiology into two distinct types:

PVH and NPVH.

PVH is identified by visible signs of damage on the VFs contact surfaces, such

as nodules or polyps [12]. This damage often stems from daily or habitual vocal

behaviors that exert excessive strain on the VFs. Such behaviors may include

speaking at an intensity that is too high, using a pitch that is unsuitable for the

individual’s voice, engaging in extended periods of speech without adequate rest

[5, 6, 103, 104, 105]. The diagnosis of PVH typically requires a laryngoscopic

examination to directly observe the VFs for any lesions or changes in tissue [106].

Further assessment of voice quality, along with a detailed patient history, assists

in identifying vocal behaviors that may contribute to the disorder. The primary

treatment for PVH involves voice therapy, aimed at modifying detrimental vocal

habits to alleviate strain on the VFs. In cases where lesions have developed,

surgical removal may be deemed necessary. Post-surgical voice therapy is critical

in altering the vocal habits that led to the disorder, thus helping to prevent its

recurrence.

On the other hand, NPVH, alternatively known as primary muscle tension

dysphonia or functional dysphonia, represents a prevalent and diverse category

of voice disorders frequently addressed by laryngologists and speech-language

pathologists [107, 108, 109]. Characterized by a range of habitual and chronic

vocal symptoms encountered in daily activities—such as dysphonia [110, 111],
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increased vocal effort or fatigue [112], and anterior neck discomfort or excessive

muscle activity. NPVH manifests without evident phonotraumatic damage or

other structural or neurological conditions that might impair phonation. Diag-

nosis of NPVH is thorough, incorporating auditory-perceptual analysis, acoustic

measurements, and laryngoscopic examinations to exclude the presence of phono-

traumatic lesions, with a focus on detecting misuse or dysfunction of laryngeal

muscles. The cornerstone of NPVH treatment is voice therapy, which emphasizes

techniques aimed at minimizing laryngeal tension, enhancing VF vibration, and

promoting efficient voice production.

Research into VH reveals two distinct patterns of biomechanical behavior, dis-

tinguishing PVH from NPVH. Individuals with PVH exhibit significantly higher

subglottal pressures and airflow rates during phonation, indicative of more intense

VF vibrations and faster closure rates necessary to produce standard voice levels

[5, 6, 10, 11]. This biomechanical profile suggests a heightened risk of VF damage,

potentially leading to persistent lesions and dysphonia. The concept of a “vicious

cycle” in PVH, as proposed by clinicians, illustrates the condition’s exacerbation

due to increasing hyperfunctional efforts to counter VF trauma [42, 100]. Compu-

tational models corroborate this, showing that compensatory measures, such as

augmented subglottal pressure, can indeed achieve desired vocal outcomes but at

the cost of elevated VF collision forces, thereby escalating the risk of phonotrauma.

Contrastingly, NPVH is marked by inefficient phonation also characterized by ele-
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vated subglottal pressures and incomplete glottal closure—resulting in dysphonia

with a lower risk of tissue damage [5, 6, 10, 11]. Studies utilizing ambulatory

voice monitoring have further delineated PVH, identifying distinct vocal usage

patterns that underscore the biomechanical divergence between PVH and NPVH

[18, 16, 113].

2.2.1 Modeling biomechanical elements in VH

Following our discussion on VH, we now explore biomechanical modeling ap-

proaches for PVH and NPVH. For PVH, the focus is on modeling the VF tissue

trauma. This element can explain the need for elevated subglottal pressure, and

the resultant high VF collision forces, effect to increased VF mass and incomplete

closure, as identified in [10, 5, 6]. The nodules and polyps have been modeled in

previous approaches as a swelling in the VFs characterized by different mechani-

cal properties: density, size and elastic properties as Young modulus and Poisson

ratio [92, 93, 94]. Table 2.2 present an overview of parameters range in different

experimental, clinical and modeling studies.

From the perspective of lumped element for example, previous works introduce

the nodule or polyp as a change in mass and spring values of multi-mass oscillator

model and change in the VF collision instance [49] or as a new oscillator that

change the VF shape and collision [56, 48, 119]. In continuous model, the trauma

is defined as a different material adding to the VF, changes que geometry and
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Table 2.2: VF parameters for nodule implementation.

Feature Abbr. Range Unit Reference

Nodule Length Ln 1 to 3 mm [7, 52, 114]

VF Young Modulus EV F 1 to 40 kPa [91, 92, 115, 94, 52, 59, 88, 116, 117]

Nodule Young Modulus En 10 to 500 kPa [52, 53, 88, 114]

Shear Modulus µV F 0.5 to 1 kPa [97, 92, 93, 59, 118, 116]

Poisson Ratio νV F 0.3 – [92, 115, 52, 53, 97, 88, 118]

producing new oscillation patrons [88, 52, 53, 115, 57]. These approaches are

studied the effect of nodule parameters (size, stiffness, position) on PTP and

show how the presence of the trauma increase this [114, 119]. This type of studies

can be a guideline to represent the increase in subglottal pressure in PVH and

understand the compensatory mechanism.

For NPVH, the focus is on modeling the increase in VF tension, and how to

represent an imbalance in laryngeal muscle activity, and asymmetry in the vocal

process. These elements can explain dysphonia and incomplete closure without a

trauma. The asymmetry in the VF has been modeled from mechanical and geo-

metrical differentiation of the proprieties of left and right VFs. Those approaches

do not consider the muscle activity as the different element that control and pro-

duce the asymmetry. Many approaches utilize lumped element models where an
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A) B)

C) D)

Figure 2.13: Examples of Nodules or PVH modeling approaches: (A) Zhang and Jiang

[48], (B) Santos et al.[56], (C) Greiss et al. [53] and (D) Vampola et al. [115].

asymmetry factor q alters the ratio of left/right mass and spring component of the

VF [50, 51, 122, 123, 120]. Continuous and synthetic models often directly modify

the geometry or mechanical properties of the VFs [87, 54, 55, 124, 125]. Use a

parameter that control the level of left/right asymmetry can help to understand

how evolve the dysphonia. Include asymmetry factor in the muscle activity, that

is the control element in the VF properties have the potential to represent the

muscle imbalance in NPVH.
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A) B)

C) D)

Figure 2.14: Examples of asymmetry modeling approaches: (A) Steinecke and Herzel

[50], (B) Dresel et al. [120], (C) Zhang and Hieu Luu [121] and (D) Samlan et al. [54].

2.2.2 Ambulatory monitoring in VH

We have explored both direct (models of nodules and polyps) and indirect

(models of asymmetry) approaches to identify elements present in the characteri-

zation of this vocal condition. Due to the significant daily behavioral component

of voice disorders in VH, ambulatory monitoring is considered an ideal tool for

examining voice use and providing insight into the characterization of voice be-

havior during daily activities [126, 14, 127]. Monitoring devices typically employ

sensors placed on the neck, such as miniaturized acelerometers (ACC), to detect
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neck skin vibration and, thus, non-invasively monitor phonation [13, 14, 128].

Monitoring efforts have historically concentrated on vocal intensity, fundamen-

tal frequency (fo), and vocal use (vocal dose) as primary metrics for study [129].

Data collection and analysis have often utilized statistical perspectives, leveraging

means, deviations, ranges, and other descriptors to manage the extensive volume

of recordings collected throughout the day [130, 129, 131, 132, 128].

Research has leveraged the potential of ACC to estimate vital voice-related

parameters, such as subglottal pressure and power dissipated by VFs, among

others. These measurements have demonstrated a strong correlation with glottal

flow, highlighting the ACC value in non-invasively assessing vocal function [133,

134]. Moreover, findings show that incorporating additional characteristics, such

as spectral slope and RMS amplitude, can refine vocal function estimation [29, 15].

The transformative approach of impedance based inverse filtering (IBIF) [135]

has further enabled the conversion of ACC signals into their glottal flow analogs,

providing a more nuanced understanding of vocal mechanics.

In VH, aerodynamic quantities estimated from the ACC have proven differ-

ential between pathological and control populations, underscoring the tool diag-

nostic potential [10, 11]. Recent efforts have focused on developing classification

and monitoring tools that are both straightforward and interpretable, facilitating

their use in clinical settings [15, 136, 137].

These advancements have implications for post-therapy and surgery follow-
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up, enabling the development of feedback protocols that empower users to better

control their voice [136]. However, a significant challenge remains in ambulatory

representation of the underlying mechanisms that produce aerodynamic charac-

teristic differences, linking them to vocal function, subglottal pressure, and muscle

activation.

2.2.3 Monitoring tools in VH

Accurate and continuous monitoring is crucial for understanding the dynamics

of VH in real-world environments. Ambulatory monitoring tools provide valu-

able insights into the day-to-day vocal behaviors of individuals, helping to detect

patterns associated with PVH and NPVH. Among these tools, the Daily Phono-

trauma Index (DPI) stands out as a key metric for assessing the logit of VF

trauma and classifying patients based on their vocal behaviors.

The DPI, a logistic regression for PVH and control using weekly ambulatory

data, has emerged as a pivotal tool in classifying patients with PVH against

control subjects by evaluating the potential for VF trauma. This study elaborates

on two DPI versions—one utilizing SPL skewness [19] and the other employing

Neck-Surface Acceleration Magnitude (NSAM) skewness [16], each combined with

H1 − H2 standard deviation of ACC signal to reflect phonatory forces and VF

closure dynamics.

In the initial version [19], the study involved 180 adult women, half diagnosed
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Figure 2.15: Scatter plot of DPI with SPL, input space: the standard deviation of

H1−H2 on the y-axis against the skewness of SPL on the x-axis. Patients with VH are

represented in black, while matched controls are in gray. Each dot represents the weekly

distribution parameters of a single patient. The logistic regression cutoff is depicted as

a gray diagonal line. Adapted from [19].

with VF nodules or polyps and half as age, gender and occupation-matched con-

trols without voice disorders. The detailed diagnosis process included comprehen-

sive evaluations by a laryngologist or speech-language pathologist. Ambulatory

voice data were collected using a neck-placed sensor (ACC) to unobtrusively mon-

itor phonation [134]. The device recorded neck-surface acceleration, providing a

weeklong summary of voice use including SPL, fo, CPP , H1 − H2, among oth-

ers. The study employed a subject specific linear regression to transform NSAM
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into estimated SPL values [134]. This transformation allowed for the calculation

of vocal dose measures and the identification of voiced and nonvoiced segments.

Statistical analyses included paired t-tests and Wilcoxon signed-ranks tests to

compare weekly voice use summary statistics between patients and controls. A

logistic regression model was then constructed to classify participants based on

SPL skewness and H1 −H2 variability, demonstrating the model effectiveness in

distinguishing between PVH patients and matched controls. Figure 2.15 shows

Logistic regression space reported in [19] The line represents the cutoff for classi-

fication.

To avoid the linear regression in the SPL calculation, the formal version of

DPI uses NSAM skewness instead SPL skewness [16]. For the propose of this

thesis, we use the SPL estimation data, because the current VF models do not

have ACC as available signal but have sound pressure and SPL as possible output

features. In terms of H1 − H2, the DPI uses the one calculated from the ACC

signal. On the other hand, the VF models available to us have not yet considered

this sensor. This would imply a drawback when trying to calculate DPI from VF

models. However, there is a linear relationship between the H1 −H2 of ACC and

the H1 − H2 of glottal flow [138], and additionally using the IBIF methodology

allows us to calculate the equivalent H1−H2 through the transformed glottal flow.

Therefore, we will use as equivalent to DPI in PVH population, the one con-

structed from the SPL adjusted by subject, through the linear calibration with
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NSAM; and the H1 − H2 calculated from IBIF. The explicit expression for the

DPI value reported in [16]:

DPI =
1

1 + e−(−4.195NSAMskew−1.254H1−H2std+6.729)
(2.44)

This value can be interpreted as the probability of be PVH, and is used to

classify PVH (high DPI) or control (low DPI).

This regressor has been used to evaluate and monitor the evolution of pa-

tients during therapy and surgery [16, 17, 136]. along with being incorporated in

ambulatory feedback schemes [58].

In addition to the DPI for PVH, a similar approach has been developed to

monitor and classify patients with NPVH [18]. This non-linear logistic regression

model was constructed using one week of ambulatory voice data from a population

of 36 female patients with NPVH and 36 vocally healthy matched controls. A

subset of 11 patients with NPVH was also monitored after voice therapy, allowing

for the evaluation of changes in vocal behavior post-treatment. As in the case of

PVH, the collection of ambulatory data focused on NSAM, fo, CPP, and H1−H2.

The final non-linear logistic regression model used two key voice parameters—CPP

mean and H1 −H2 mode—to differentiate between NPVH patients and controls.

The parameter space is presented in figure 2.16.

These features reflect important aspects of vocal fold closure and phonatory

efficiency: the reduced CPP in NPVH patients indicates less periodic voice sig-
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Figure 2.16: Scatter plot of NPVH regressor input space: the mode of H1 −H2 on the

y-axis against the mean of CPP on the x-axis. Patients with NPVH are represented

as black crosses, while matched controls are represented as gray circles. Each point

represents the weekly distribution parameters of a single patient. The linear logistic

regression cutoff is depicted as a black diagonal line, and the non-linear logistic regression

cutoff is depicted as a dashed black line. Adapted from [18].

nals, while the less positive H1 − H2 skewness points to a less abrupt closure of

the vocal folds.

Although the ambulatory component of this thesis focuses primarily on PVH

and its associated DPI, the NPVH regression model is briefly introduced here

for completeness. It serves to highlight how similar methodologies can be ap-

plied to other forms of vocal hyperfunction. Both models share similarities in
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data collection and feature extraction, yet they target distinct pathophysiologi-

cal mechanisms, providing complementary insights into vocal fold behavior across

different hyperfunctional conditions.

2.3 Chapter conclusions

This chapter provides the theoretical foundation for phonation modeling, iden-

tifying VFs, glottal flow, and vocal tract models as critical components for un-

derstanding voice dynamics [60, 139]. Among the various modeling approaches,

lumped-element models stand out due to their efficiency and physiological rel-

evance in representing VF behavior [47, 45]. These models allow for accurate

phonation simulation with reduced computational cost, which is essential for ex-

ploring latent variables like muscle activation that are difficult to measure directly

in clinical settings [95, 98, 57].

In the study of vocal hyperfunction, significant progress has been made in

modeling VF pathologies, such as nodules, yet there remains no consensus on the

precise mechanical properties of swelling in PVH [53, 7, 52, 49, 48, 56]. Moreover,

while models that incorporate VF asymmetries have been proposed for NPVH,

these models tend to focus on biomechanical parameters rather than control vari-

ables like muscle activation, leaving open questions about how these asymmetries

are directly linked to dysphonia [54, 55, 51, 50].
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The TBCM emerges as a robust and versatile model for phonation due to its

detailed representation of the five intrinsic muscles, allowing for accurate simula-

tions of VF dynamics [44, 42]. This model has been applied to characterize specific

data in Kalman filter schemes, fitting flow and glottal area signals in individual

subjects [40], and to generalize patterns across larger populations, serving as a

foundation for regressors of vocal characteristics using data from multiple sub-

jects [33, 140]. Its capacity to capture complex physiological dynamics with low

computational demands makes it an ideal choice for studying muscle activation

and its role in vocal hyperfunction.

In terms of ambulatory monitoring, the DPI has proven to be an effective

tool for classifying and tracking patients with PVH in clinical settings [19, 16, 17,

58]. However, further research is needed to determine how ambulatory-monitored

variables, such as muscle activation or subglottal pressure, can accurately reflect

underlying physiological mechanisms [34], and whether these differences can be

correlated with estimates from VF models.

The following chapters will address these unresolved questions, investigating

how ambulatory data can enhance the understanding of vocal function and propos-

ing modifications to the existing models to better capture the observed physiolog-

ical phenomena.
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Chapter 3

Ambulatory analysis using an ex-
isting vocal fold model

This chapter explores how the TBCM can be integrated with ambulatory data

for the estimation of underlying physiological parameters, aligning with the first

aim of this research. In the previous chapter, the DPI, an ambulatory monitor-

ing tool for PVH, was described. While its applicability in tracking the effects

of therapy and surgery is clear, it remains to be explored how this regressor,

specifically its feature space, relates to the physiological parameters that control

voice production. Building on this, a sampling-filtering scheme is introduced in

this research, which combines features obtained from VF model simulations with

the ambulatory features that comprise the DPI. This approach proposes a Monte

Carlo sampling method for the VF model simulation, a phonetically balanced rule

for selecting the vocal tract configuration, and an inverse mapping procedure to

mimic ambulatory distributions using model simulations. Additionally, a statisti-

cal analysis is conducted to examine whether the statistical differences observed

in the DPI feature space persist in the space of physiological variables. In this
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context, this chapter presents the description of model simulations, ambulatory

recordings, the inverse mapping procedure, and the statistical analysis in both a

patient-control paradigm and based on changes in DPI. The first version of the

method and preliminary results were presented at AQL 2021, and the current

version of the method and results detailed in this chapter have been submitted

for publication in a peer-reviewed journal (JSLHR).

3.1 Connect models and ambulatory data

Historically, monitoring has focused on the characterization of vocal intensity,

fundamental frequency, and vocal use (vocal dose) due to the association between

PVH and excessive effort, typically resulting in elevated pitch and intensity [6].

In addition, data collection and reporting are often performed from a statistical

perspective, such as means, deviations, ranges, and other quantities that describe

the distribution of data, thanks to the volume of recordings that can be collected

throughout the day [130, 129, 131, 132, 128].

In the context of voice disorder classification, an approach named the DPI

has been adopted to assess significant differences in daily vocal behavior between

PVH patients and matched controls [58, 16, 19, 18]. This index has been proven to

capture vocal use patterns that distinguish PVH patients from controls, including

characteristics such as SPL [19], NSAM [16] and variability in H1 −H2 [15, 19].
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The question that emerges when employing this tracking tool is how the re-

ported differences in aerodynamic measures, such as sound pressure level and har-

monic variability, correlate with the underlying physiological mechanisms, such

as laryngeal tension and subglottal pressure. To facilitate the interpretation of

the DPI as a statistical classifier, it becomes crucial to establish a connection be-

tween aerodynamic characteristics obtained through ambulatory monitoring and

the analysis of the physical processes inherent in normal and disordered voice pro-

duction. Several studies in the literature have estimated subglottal pressure using

different types of regressions or empirical formulas involving aerodynamic quan-

tities [141, 33, 29, 133, 28, 142, 32], with the subglottal pressure value measured

in the /pa/ gesture serving as ground truth [143]. The ACC has been used as

a sensor in several of these estimation works [144, 33, 29, 30, 145, 146], showing

its value as an instrument for obtaining vocal function. Recent work has taken

this sensor to the ambulatory regime, taking estimates of subglottal pressure dis-

tributions using all-day recording [34], by linear regressions of subglottal pressure

using parameters acquired from the ACC and calibrated in the laboratory, thereby

generating estimates with ambulatory data.

In this study, we propose to bridge the gap between ambulatory aerodynamic

distributions and their physiological counterparts by means of mathematical mod-

els of voice production. These models allow for the simulation and study of inter-

actions between anatomical, biomechanical [46], and acoustic variables involved

72



in phonation [47, 45]. For this purpose, a fully interactive implementation of the

TBCM [44] is utilized a voice production model for simulating different phona-

tory gestures that can be related to typical and hyperfunctional [44, 42, 100]. In

addition, this model has also been successfully contrasted with clinical data in the

context of the estimation of laryngeal muscle activations and subglottal pressure

using glottal area and glottal flow observations [40, 33], thus making it an ideal

model for the purpose of this study.

This chapter has two aims. First, we will replicate patient and healthy control

ambulatory distributions underlying the DPI (H1 −H2 and SPL) with a TBCM

to estimate differences in muscle activation levels and subglottal pressure. It is

hypothesized that subglottal pressure, muscle activation levels, and adduction/

glottal closure will be higher in the patients than controls. Second, we will repli-

cate five ambulatory distributions along the severity continuum of the DPI (as a

probability). We expect the differences in muscle activation and subglottal pres-

sure, between patients and controls from the first aim, to increase or decrease

along with the DPI. To validate these hypotheses, we will statistically compare

the resulting distributions and features between controls and patients with paired

t-tests and Cohen’s d values [147]. This study represents a synergistic approach,

integrating ambulatory data from the PVH population, mathematical models of

phonation (using the TBCM), and statistical analysis tools (using DPI) to identify

the underlying elements of vocal hyperfunction in daily life.
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3.2 Inverse mapping scheme

The proposed methodology for linking ambulatory data distributions with the

speech production model is illustrated in Figure 3.1. This figure encapsulates the

convergence of the three pivotal elements required to generate subglottal pressure

and muscle activation distributions based on SPL and H1 − H2 distributions.

These foundational components, in more detail, encompass: the ambulatory data,

the simulations from the model, and the set of guidelines devised to mimic different

vowels in the ambulatory environment using the model, i.e., the inverse mapping

scheme.

3.2.1 Experimental data for ambulatory distributions of

PVH and control subjects

The ambulatory database employed in this study is obtained and described

in detail in [19]. This dataset included recordings from 180 adult women—90 of

whom had been diagnosed with vocal fold nodules or polyps, and another 90 who

acted as matched control subjects. The selection process for pairing patients and

controls was meticulous, with careful consideration of age, gender, and occupation,

alongside the prerequisite of having no recorded history of voice disorders. The

governing institutional review board from the Massachusetts General Hospital
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Figure 3.1: Diagram of the Inverse Mapping Scheme. The right track delineates am-

bulatory data and distributions from both PVH subjects and controls. The left track

showcases data from TBCM simulations. At the center, the figure emphasizes the fil-

tering of simulated data, grounded in established distributions.

approved all experimental aspects related to the use of human subjects for this

study in the IRB protocol 2011P002376.

Over the course of a week, each participant was recorded using the Voice Health

Monitor, as described in [134]. This device features a lightweight accelerometer

(Model BU-27135, Knowles Electronics), placed on the anterior portion of the

neck—just below the larynx and above the sternal notch—to capture phonation

through the vibrations of the neck surface. In addition, a handheld microphone

(H1 Handy Recorder, Zoom Corporation) was utilized for calibration purposes
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once a day. For the ambulatory voice monitoring, we derived one-week sum-

mary statistics which included the mean, variability, skewness, and kurtosis of the

recorded data. The selected voice features were SPL, fo, and H1−H2. To convert

the accelerometer signal into a glottal flow signal and subsequently quantify the

aerodynamic features, we implemented the IBIF algorithm as described in [135]

for each subject. The SPL signal was calculated using a subject specific linear

regression to transform NSAM into estimated SPL values [134]. To generate the

SPL and H1−H2 distributions, we processed the ambulatory data for each partic-

ipant. This process involved the compilation of the first four statistical moments:

mean, variance, skewness, and kurtosis. We utilized the ’pearsonnd’ function in

MatLab® to produce samples of size N that embodied these characteristics.

3.2.2 Simulations from phonation models

The ambulatory ACC data is known to be influenced by the subglottal and

supraglottal systems [135]. To account for these complex interactions between

tissue, airflow, and acoustic waves above and below the vocal folds we integrated

a vocal tract model that simulates the propagation of acoustic waves in the time

domain through both the subglottal and supraglottal systems using a wave reflec-

tion analog scheme [100]. A schematic representation of the TBCM is shown in

the top left corner of Figure 3.1.

The model simulates sustained phonation segments of 0.5s duration with only
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one vowel (i.e., supraglottal vocal tract) and vocal register (i.e., TBCM) per trial.

However, the ambulatory data consists of spontaneous speech in daily life (i.e.,

many different vowels) and multiple vocal registers. Thus, to achieve different

vowels and multiple modal registers (variations in pitch, loudness, and phonatory

quality), the model uses input time-varying parameters such as the supraglottal

tract cross-sectional area for a given vowel, normalized muscle activation levels

(aCT, aTA, aLCA and aPCA), and lung pressure (PL). A truncated Taylor-series

approximation is implemented to simultaneously solve the differential equations

of motion for the three masses that compose the body-cover structure, using a

sampling frequency of 44.1 kHz. The vocal tract area functions are also set ac-

cording to [148] to mimic several vowels. For each simulation, the output signals of

interest include the subglottal pressure, oral airflow, and radiated sound pressure.

The fo and H1 −H2 features are computed from the glottal airflow signal; the PS

is derived as the mean of subglottal pressure signal, and the SPL is obtained from

the radiated pressure. Notably, the fo, H1−H2 and SPL features are synonymous

with those derived from the individual ACC data and the IBIF algorithm.

To make the model output tractable, we focused on the five most commonly

used vowel sounds in American English: /I/, /i/, /e/, /AE/, and /A/. We per-

formed 500,000 simulations for each vocal tract configuration. These simulations

varied the remaining input model parameters (aCT, aTA, aLCA and PL) using a

random parametric sweep within the ranges specified in Table 1. This approach
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ensured a dense and representative exploration of the model’s input space. Only

simulations that produced sustained oscillatory behavior were retained, resulting

in a total synthetic dataset comprising 1.5 million simulations. Each individual

simulation was conducted with constant values for muscle activation and lung

pressure. After 1 seg of simulation, the last 100 ms were used to compute the

fo, H1 −H2, PS and the SPL. To streamline the parameter space, the activation

level of the posterior cricoarytenoid muscle (aPCA) was consistently set to 0. We

constructed five vowel maps, each representing a distinct vocal tract configura-

tion. These maps consist of comprehensive sets of unique input vectors (aCT, aTA,

aLCA and PL) and their corresponding output vectors (SPL, H1−H2, PS) for each

specified vocal tract shape, as illustrated in Figure 3.1.

3.2.3 Inverse mapping procedure

The concept of inverse mapping, in the context of this research, refers to the

process of starting from observable acoustic features, such as SPL and H1 −

H2, and using them to estimate the underlying physiological parameters that

produced those features. Unlike forward modeling, where model inputs are used to

predict outputs, inverse mapping takes the observed outputs (in this case, acoustic

features) and works backward to infer the corresponding input parameters of the

VF model. This approach bridges the gap between real-world ambulatory data

and the physiological conditions responsible for voice production, by mapping
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Input parameter Acronym Range

Lung Pressure PL 500- 2500 Pa

CT muscle activation aCT 0-1

TA muscle activation aTA 0-1

LCA muscle activation aLCA 0-1

IA muscle activation aIA aIA = aLCA

PCA muscle activation aPCA 0

Vocal tract VT /I/, /i/, /e/, /AE/, /A/

Table 3.1: Input parameters for TBCM simulations.

the acoustic measures back to the model’s control variables, such as subglottal

pressure and muscle activation.

In this work, inverse mapping is implemented as part of the sample-and-filter

method. This method involves aligning the distributions of SPL and H1 − H2

extracted from ambulatory data with the distributions generated by VF model

simulations, thereby allowing us to uncover the physiological conditions that re-

produce the observed acoustic patterns.

The integration of experimental and simulated data forms the cornerstone

for deriving parameter distributions through this inverse mapping strategy. The

process consists of four key steps. First, we pick a point from the SPL and
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H1 − H2 distributions extracted from a participant’s ambulatory data. Second,

we use a sampling rule that assigns a probability to selecting each vowel, which

is determined by the relative occurrence of each vowel in natural spoken English

[149, 150]. The probability of selection for each vowel was: 44% for /A/, 21% for

/I/, 14% for /i/, 12% for /E/ and 8% for /AE/. Third, from the selected vowel

map, we identify the vectors that have SPL and H1−H2 values that approximate

the points taken from the ambulatory data distributions. The tolerance levels for

identifying approximate vectors were 0.3 dB for SPL and 0.2 dB for H1−H2 when

calculating the distance to the chosen point. These tolerance levels were defined

based on the 1% width of the distribution of values of each feature. Fourth,

within the subset of filtered results, the final input-output pair that reproduces

the sampled point is randomly selected. We iterated this process 20.000 times to

acquire a collection of vectors, which not only aligned with the subject-specific

feature distributions (SPL, H1 − H2), but also revealed the model parameter

values responsible for producing those features. If there was an individual veridical

data point that was not approximated by any SPL - H1−H2 combinations, these

data points were not included in the final simulated distribution.

3.2.4 Statistical analysis

Similar to the approach used in previous work [16, 18], we compared distri-

butions of SPL, H1 − H2, muscle activations, and subglottal pressure between
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patients and controls (aim one).. The analysis included central tendency and dis-

persion metrics—mean, median, standard deviation (SD)—as well as measures of

distribution shape, namely skewness and kurtosis, for each feature within each

subject data set (SPL, H1−H2, aCT, aTA, aLCA, and PS), to total 30 features per

subject.

To analyze the matched control-patient paradigm (90 pairs), paired t-tests

(parametric data) and Wilcoxon signed-ranks tests (nonparametric data) were

used to evaluate differences in 30 resulting features. A Kolmogorov-Smirnov (KS)

test assessed the normalcy of each distribution of paired differences (patient minus

control). If the KS test was significant (p ¡ .05), a Wilcoxon test was applied; if

not, a paired t-test was used. Due to the high number of tests, the alpha signif-

icance level was adjusted using the Bonferroni method. Upon finding statistical

significance, the Cohen’s d effect size was calculated to characterize the magni-

tude of differences between groups (small when ≤ 0.19, small to medium when

0.20–0.49, medium to large when 0.50–0.79, and large when ≥ 0.80 [147].

For aim two, we examined parameters that were significantly different between

the control-patient pairings across five DPI severity ranges. A DPI value was

determined for each participant using H1 − H2 SD and SPL skewness in the

calculation first described by [19]. For the analysis, five DPI groups were defined,

each representing a probability range of 0.2 within the overall DPI scale (0 < DPI

< 1). This ensured that each group had the same probability range and a similar
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number of subjects (approximately 36 ± 2 per group). The average distributions

for each parameter were plotted across the incremental levels of DPI using box

plots, thus allowing the visualization of any relationships between a parameter

and different DPI values.

3.3 Results

3.3.1 Inverse mapping procedure

The inverse mapping procedure was successfully applied for all study subjects,

resulting in model-produced SPL and H1−H2 distributions that closely matched

the distributions based in the ambulatory SPL and H1−H2 data. Success in this

context was defined as matching a significant proportion of the data points, with

a threshold of approximately 60% considered reasonable for successful alignment.

Notably, the actual success rate of the inverse mapping, measured by the propor-

tion of matched points between ambulatory and model-derived SPL and H1−H2

pairs, was 77.8% (±6.1%), exceeding our threshold for success. This achievement

is particularly noteworthy considering that the numerical model approximates the

complex phonatory process, yet it replicated data across multiple individuals over

three-quarters of the time. This high success rate highlights a substantial con-

gruence between the model outputs and the real-world voice data regarding these

key voice features.
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Figure 3.2 shows an example with feature distributions for one selected subject,

both ambulatory and model derived. The upper panels show the SPL andH1−H2

distributions from both ambulatory data and the inverse mapping, illustrating a

robust alignment between the observed and modeled data. The lower panels

delineate the distributions of subglottal pressure and muscle activation inferred

from the model. The mode of subglottal pressure is observed at approximately

0.7 kPa, with a mean around 0.9 kPa, corroborating with previously reported

“comfortable loudness” measurements in controlled environments [10, 11].

Regarding muscle activations, the distribution of the LCA muscle in Figure 3.2

(D) shows a low or nearly zero occurrence of activity below 0.2. This is consis-

tent with the essential role of LCA activation in producing phonation, given its

adductor function [36, 151]. Conversely, the CT muscle distribution exhibits a

higher prevalence of activation around 0.3, a range typically associated with a

“speech” type of voice [152]. The CT muscle also maintains activation across its

entire range, reflecting the variability in vocal frequency. Finally, the TA muscle

distribution shows activity throughout its range, with a preference for high ac-

tivation levels. This trend should be interpreted in light of the inverse mapping

and filtering scheme applied in this study. Previous experiments and regression

analyses [36, 33] have not demonstrated a strong correlation between TA activa-

tion and commonly used acoustic or aerodynamic parameters, resulting in a high

degree of uncertainty in its estimation. Additionally, high TA activation is known
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Figure 3.2: One subject distribution of model parameters and features, after applying

Inverse Mapping. Acoustic features: (a) SPL: Ambulatory (blue) and inverse mapping

(orange) distribution. (b) H1 −H2: Ambulatory (blue) and inverse mapping (orange)

distribution. Model parameters: (c) Subglottal pressure (PS) distribution. (d) Muscle

activation: aTA (red), aCT (green) y aLCA (gray) distribution.

to produce mid-frequency phonation, while low activation can inhibit vocal fold

oscillation in certain configurations [36]. These dynamics influence the inverse

mapping process, leading to a tendency to select more simulations with high TA

activation. These observed trends are consistent across other subjects. Moving

forward, we transition to a more population-based analysis to further explore these

findings.
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3.3.2 Statistical comparison of the PVH and control groups

As outlined in the inverse mapping scheme, measures of central tendency and

statistical moments (mean, median, SD, skewness, and kurtosis) were calculated

for each subject’s distributions (SPL, H1−H2, aCT, aTA, aLCA, and PS), resulting

in a total of 30 parameters. Table 3.2 lists the parameters means and SD that

statistical testing (KS test, Wilcoxon sum statistic, and Cohen’s d) showed were

significantly different between the PVH and control groups. Significant differences

were found for the two parameters that comprise the DPI (H1 −H2 SD and SPL

skewness), several distributional parameters for LCA muscle activation (mean,

median, SD), the mean for CT muscle activation, and the median for PS Not

surprisingly, the two DPI components had the largest values of Cohen’s d with

H1 − H2 SD having a large effect size (d=1.12) and SPL skewness having a

medium to large effect size (d=0.63). The distributional features of LCA muscle

activation showed medium effect sizes (|d|=0.53 to 0.58) and both CT muscle

activation (|d|=0.58-0.43) and PS had small to medium (d=0.4) effective sizes.

There were no significant parameters for TA muscle activiation. Conversely, the

significant parameters associated with the CT and LCA muscles underscore their

correlation with elements of harmonic richness (H1 − H2). The LCA muscle, as

the primary adductor muscle, is crucial for vocal fold closure and posture, while

the CT muscle, as the vocal fold tensor, plays a key role in pitch coordination.
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Feature
Control Patient KS test Wilcoxon

Cohen’s d
(mean ± SD) (mean ± SD) (p-value) (p-value)

H1 −H2 SD 3.77 ± 0.33 dB 3.37 ± 0.38 dB <0.01 <0.01 1.12

SPL skew 0.01 ± 0.24 -0.15 ± 0.22 <0.01 <0.01 0.63

aLCA mean 0.57 ± 0.01 0.58 ± 0.02 <0.01 <0.01 -0.58

aLCA median 0.56 ± 0.02 0.58 ± 0.02 <0.01 <0.01 -0.54

aLCA SD 0.24 ± 0.01 0.23 ± 0.01 <0.01 <0.01 0.53

aCT mean 0.50 ± 0.02 0.49 ± 0.02 <0.01 <0.01 0.43

PS median 1.11 ± 0.15 kPa 1.17 ± 0.16 kPa 0.02 <0.01 -0.40

Table 3.2: Features that showed significant differences between controls and patients

with PVH, with their p-values and effect sizes.

Additionally, the close relationship between PS and SPL is further confirmed.

3.3.3 Relationships between significant parameters and DPI

To elucidate the relationship between the distinctive features outlined in Ta-

ble 3.2 and the DPI, each subject was assigned a DPI score based on their specific

H1 −H2 variability and SPL skewness values [16].

Figures 3.3 - 3.5 display boxplots of the statistically significant parameters

(see Table 3.2) ) shown across increasing values for DPI. Higher DPI values are
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Figure 3.3: (Left) Standard deviation of H1 − H2. (Right) Skewness of SPL. Colors

represent the DPI group (groups of 0.2). Solid (99%) and dash (95%) line represents

statistical difference between groups.

generally viewed as reflecting more severe PVH. The solid (99%) and dashed (95%)

lines in the head of the boxplots represent statistical difference between groups.

All of the displayed parameters showed significant changes when comparing their

distributions at a DPI value of 0.2 with those at both 0.8 and 1.0, demonstrating

the ability to discriminate between higher control-patient contrasts.

Not surprisingly, the boxplot in Figure 3.3, for H1−H2 SD and SPL skewness

display significant changes in these two components of the DPI across the entire

range of DPI values with the decrease in H1 −H2 SD being even more consistent

than the increase in negative skewness of SPL. These results serve as a simple

sanity check.
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Figure 3.4: (Left) Mean of aCT. (Right) Median of Ps. Colors represent the DPI

group (groups of 0.2). Solid (99%) and dash (95%) line represents statistical difference

between groups.

Boxplots for the model-derived mean and SD of LCA muscle activation are

shown in 3.4. In general, the mean LCA activation level increases significantly

and the SD of the LCA activation level decreases significantly with increases in

DPI. This can be interpreted as a more vocal fold closure on average and reduced

variation towards less vocal fold closure (respectively) as the DPI increases.

Figure 3.5 displays the model derived values for mean CT muscle activation

and the median PS. Overall, there is a significant but inconsistent decrease in

the mean CT muscle activation level and a significant but inconsistent increase in

median PS with increases in DPI. Indicating higher aerodynamic forces when the

DPI increases.
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Figure 3.5: (Left) Mean of aLCA. (Right) Standard deviation of aLCA. Colors represent

the DPI group (groups of 0.2). Solid (99%) and dash (95%) line represents statistical

difference between groups.

Figure 3.6 illustrates the average distribution for both ambulatory and model-

based parameters across the two DPI groups: DPI > 0.5 (classified as patients)

and DPI < 0.5 (classified as controls), summarizing the results from previous

figures. The shaded areas represent the 95% confidence interval, and the gray

arrows highlight the direction of increasing DPI scores.

For ambulatory parameters, the H1−H2 distribution, Figure 3.6 (A), becomes

more concentrated maintaining its tails while the central density heightens, thus

diminishing the standard deviation when the DPI value increases. Concurrently,

SPL distribution, Figure 3.6 (B), shifts toward elevated SPL values, indicating

a skewness alteration. These elements represent what is observed in Figure 3.3
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Figure 3.6: Mean distributions of parameters of interest. Acoustic features: (A) H1−H2

and (B) SPL distribution. Model parameters: (C) PS , (D) aTA, (E) aLCA and (F) aCT

distribution. The shaded area represents the 95% confidence interval. Gray arrows

indicate the direction of DPI increase.

in terms of global parameters and not just their statistical moments. For model-

derived parameters, PS follows a similar trend to SPL, reflecting their correlation,

while LCA activation increases with higher DPI scores, as seen in Figure 3.4. CT

activation decreases as DPI increases, and TA activation shows no significant

variation across DPI categories.
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3.4 Discussion

The work presented in this chapter had two hypotheses: (1) Subglottal pressure

and muscle activation levels related to adduction/glottal closure will be higher in

the patients than controls; (2) The differences in muscle activation and subglottal

pressure between patients and controls, from the first hypothesis, will increase

or decrease along with the DPI. To evaluate any muscle activation or subglot-

tal pressure values, the TBCM with subglottal and supraglottal tracts needed to

replicate distributions of SPL and H1 −H2. Notably, there was high agreement

between the vocal production model predictions and actual ambulatory measure-

ments of SPL and H1 − H2. The strong consistency between ambulatory data

and model predictions lends some validation to using the TBCM and associated

lookup tables for estimating physiological parameters from the neck skin acceler-

ation signal. To match real life SPL and H1 −H2 distributions, the TBCM and

lookup tables must accurately reflect the physical processes of vocal production

to a nontrivial degree. Regarding muscle activation, the distributions reflect a

prevalence of lower activations (below 0.5) for the CT muscle and a predominance

of higher activations (above 0.4) for the TA and LCA muscles, replicating the

modal phonation pattern described in our previous TBCM paper [44].

The largest differences in estimated physiological measures were patients show-

ing increased average LCA values (d = 0.54-0.58) and decreased LCA variability
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(d = 0.53) compared to controls. Excess average LCA activation would adduct

the vocal folds more forcefully during voicing. It is thought that normal voicing

occurs with the vocal folds barely touching [153]. Patients with PVH increase

their risk of phonotrauma by over-adducting their vocal folds and/or voicing in

ways that increase tissue-to-tissue contact [154, 146]. Additionally, these patients

have lesions in the mid-membranous vocal fold, which would prevent full vocal

fold closure during voicing, and further necessitate increased LCA muscle activa-

tion/vocal fold adduction to produce clear voicing [6]. Reduced LCA variability

corresponds to previous work with the DPI, showing that patients voiced with

decreased variation to higher values of H1 − H2 daily life [19, 16, 17] reflecting

a tendency to maintain more abrupt/complete glottal closure. Finally, average

LCA increased and LCA variability decreased as the SPL and H1 −H2 distribu-

tions underlying the DPI were classified as more severe, further supporting our

interpretation of how LCA muscle activation relates to PVH pathophysiology.

The patients exhibited diminished average CT muscle activation compared to

controls, pointing to lower pitches on average. Patients with PVH often voice

with reduced pitch variation towards higher pitches and multiple voice therapy

approaches incorporate pitch glides and exaggerated prosody to address this ob-

servation [155, 156, 157]. Empirically, previous studies identified significantly re-

duced fo standard deviation in patients’ daily life compared to matched controls

[12, 128, 16, 19, 17]. This difference normalized after voice therapy, not after sur-
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gical removal of the lesions, insinuating that it may be primarily behavioral. The

relationship between mean CT activation and the DPI showed that decreased CT

activation related to increased potential for phonotrauma [16, 17]. This relation-

ship is counterintuitive because traditional vocal dose measures often rely on the

opposite relationship: higher cumulative collision forces as fo (i.e., CT activation

levels) increases [158, 133]. However, vocal frequency is known to be motorically

redundant as multiple muscles combine to produce different pitches [95]. Perhaps

voicing at a specific frequency with less CT muscle activation requires laryngeal

configurations with higher potential for phonotrauma, i.e., increased LCA muscle

activation.

There was no notable difference in TA muscle activation between patients and

controls, as well as minimal changes in TA activation at high DPI levels. While

multiple theories underlying PVH hypothesize general increases in intrinsic laryn-

geal muscle activation levels, the results suggest that PVH is an imbalance among

these muscles. Specifically, the imbalance may manifest as a “typical” level of

TA activation, “higher than typical” level of LCA activation, and “lower than

typical” level of CT activation. Similar imbalances have been found in patients

with VH using sEMG intermuscular coherence between the left and right anterior

neck muscles [159, 160]. Future research should explore the imbalances between

the left and right activation levels of the same muscle. The results show that the

proposed methodology, estimate using just SPL and H1 −H2 distributions, fails
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to constrain the behavior of the TA muscle, beyond the uniform distribution of

the synthetic data and the prevalence of more simulations with high activation.

Therefore, further studies will focus on developing new features that more accu-

rately correlate with its activity. This will lead to more reliable estimates and a

deeper understanding of its role in hyperfunction.

Patients exhibited increased average PS compared to the controls, likely re-

flecting the increased effort/forces necessary to voice with excessive phonotrauma

and/or in the presence of phonotraumatic lesions. Previous work has shown that,

compared to controls, patients spend more time at higher amplitudes—i.e., in-

creased negative skewness of the neck skin acceleration amplitude. Perhaps higher

overall average subglottal pressures are physiologically necessary to maintain a

negatively skewed vocal intensity behavior in daily life. Supporting this interpre-

tation, there was a direct relation between increases in DPI values and increases

in PS.

There are multiple limitations of this study. We acknowledge that the model

simulations are bound by a certain level of granularity, as evidenced by a 77%

prediction accuracy for SPL and H1 −H2 values. One potential way to increase

the prediction accuracy in future studies includes skipping the transformation of

the ambulatory ACC signal into the model glottal airflow signal using the IBIF.

While the IBIF transformation allows the ACC to be included in the model, it

can introduce noise into the feature calculation [161, 162]. However, the ACC
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has been shown to exhibit a strong relationship with airflow features in previous

research [11, 138], justifying its inclusion, even with the use of IBIF. Future im-

provements could explore alternative methods for incorporating the ACC signal

into the model, potentially by developing a dedicated model for ACC within the

overall phonation model framework. Refining the model resolution could poten-

tially improve its predictive fidelity. Despite this shortcoming, our model shows

promising generalizability, simulating vocal features across a varied population

with a fair degree of success. The complexity of inverse mapping – deriving mus-

cle activations and pressures from SPL and H1 −H2 readings – remains a chal-

lenging endeavor due to the non-uniqueness of the solution. Our model currently

mitigates this challenge through a stochastic process in sample selection. In this

study, we aim to delineate the scope of the DPI space estimation and demonstrate

how it characterizes PVH. Looking forward, we aim to enhance our methodology

by integrating more measured variables to tighten the range of potential solu-

tions and by expanding our simulation library. Future research efforts will be

directed towards adopting more sophisticated approaches, including interpolation

methods, and leveraging machine learning techniques such as neural networks, to

refine parameter estimation and tackle the issue of non-uniqueness with greater

precision.

It is important to note that we are currently using a ’healthy’ baseline model

to estimate parameters in pathological cases. While this might seem limited, it
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serves as a valid first approximation because the TBCM has already demonstrated

its capacity to capture some of the pathophysiological characteristics of PVH, as

evidenced in previous studies [42, 100]. Using a consistent model across both

control and PVH patients ensures that we are measuring all subjects with the

same set of criteria, creating a fair comparative framework.

However, future work will need to extend beyond this baseline model. More

comprehensive simulations could be developed by introducing additional features

that better characterize the underlying pathological states. We aim to incorporate

a model that more accurately represents PVH by capturing the nuanced effects of

vocal fold lesions and nodules. This enhanced model could eventually be coupled

with the DPI to establish a continuous scale for assessing the severity of pathol-

ogy, where parameters associated with nodule characteristics, such as size and

stiffness, would change progressively according to DPI values. This would allow

for a more nuanced representation of PVH severity, rather than treating it as a

binary condition.

3.5 Chapter conclusions

This chapter presented a proof of concept for integrating VF model simulations

into an ambulatory monitoring context. The study successfully demonstrated

that ambulatory data can be effectively combined with VF models to estimate
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underlying physiological parameters, addressing a key objective of this research.

It validated the use of the TBCM, achieving a 77.8% success rate in replicating

ambulatory SPL - H1 −H2 data.

The findings emphasize that patients with PVH show higher average acti-

vation of the LCA muscle and reduced variability in this activation, suggesting

that increased adduction and decreased variability may play a crucial role in the

pathophysiology of PVH. Additionally, reduced CT muscle activation was ob-

served, correlating with lower pitch variability in patients, a result consistent

with previous clinical observations, offering deeper physiological context to vocal

hyperfunction.These results confirm Hypothesis 1 by demonstrating that specific

acoustic and aerodynamic signal features are indicative of distinct physiological

patterns, particularly reflecting differences in subglottal pressure and muscle ac-

tivation between PVH patients and controls.

One notable limitation is the challenge in estimating TA muscle behavior.

The DPI feature space does not adequately constrain TA muscle activation, even

though the sample-filtering scheme performs well for other variables. This raises

the point that traditional aerodynamic features, often used in regression ap-

proaches, may not correlate strongly with TA muscle activity, underscoring the

need for further research and validation of TA behavior with ex vivo and in vivo

data. Addressing this limitation will be a priority in future work. Additionally,

the complexity of inverse mapping from aerodynamic to physiological parameters
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introduces inherent uncertainties, as the solution space is non-unique. Refining

the TBCM’s simulation capabilities, including increasing simulation input reso-

lution and adding more aerodynamic features in the inverse mapping procedure,

will be essential to enhance the accuracy of physiological estimations.

It is worth noting that this study used a ’healthy’ vocal fold model (TBCM)

to estimate physiological parameters related to pathological conditions. While

this serves as a reasonable starting point, particularly given the TBCM’s capacity

to represent certain aspects of PVH pathophysiology [42, 100], future work will

focus on developing models that more accurately reflect the specific characteristics

of vocal pathologies. The next chapters will present refined models tailored to

represent the compensatory mechanisms and biomechanical features of PVH and

NPVH, providing a more detailed framework for understanding these conditions.

This chapter highlights the potential of integrating VF models with ambula-

tory data to create a comprehensive framework for understanding vocal hyperfunc-

tion. This integration not only bridges the gap between ambulatory measurements

and physiological insights, but also offers a path for improving clinical assessments

through data-driven models.
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Chapter 4

Model for vocal fold asymmetry

Considering the aims set out in this thesis, we now focus on developing new

models to characterize elements associated with VH. Specifically, this chapter de-

scribes the construction of an asymmetric model of the VFs to characterize the

biomechanical elements of NPVH, such as increased VF tension and muscular

imbalance as key drivers of asymmetry in vocal fold oscillation and the vocal pro-

cess [131, 112]. The proposed approach builds on a lumped-element model, using

the TBCM as its foundation. Previous studies have addressed VF asymmetry

by directly modifying the mass and spring components in similar models [50, 51].

Here, the focus is on generating differences between the left and right VFs through

variations in laryngeal muscle activation, leveraging the TBCM’s built-in muscle

control model.

In this model, we also explore the concept of compensation, focusing on how

a single parameter, such as muscle activation or subglottal pressure, adjusts to

maintain a constant acoustic output (SPL and fo) despite asymmetry in the VFs.

Additionally, two configurations involving joint compensations are examined to
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study how muscular imbalance is offset. These configurations are shared between

NPVH and PVH models, offering a comparative framework. Finally, the impact

of these compensations on other key parameters, such as MFDR and the ratio

between collision pressure and subglottal pressure, will be analyzed to characterize

the effect of the imbalance on VF collision dynamics.

This chapter provides a brief overview of the transition from the basic TBCM

model to an adaptation involving two independent VFs, with the details of the

modified equations and formulations provided in Appendix A of this thesis. It

examines the effects of muscle imbalance on the viscoelastic properties and the

vocal process, illustrated through synthetic and real kymogram graphs showing

the edge oscillation of the folds. Within this framework, the chapter introduces a

new model for VF asymmetry and explores the concept of muscle imbalance and

its role in representing VF oscillation in cases of dysphonia and VF paralysis. The

first version of the model and preliminary results were presented at AQL 2023.

The current asymmetrical model, along with its equations in the appendix and

part of the results detailed in this chapter, has been published in a peer-reviewed

journal (JASA).
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PGOR

PGOL

MGO

Figure 4.1: Schematic diagram of the VF configuration according to the a-TBCM for an

abducted glottal configuration and asymmetrical muscle activation. The scheme shows:

The vocal process (VP) defined by its position on the x and y axis (x02, y02). The

position of the posterior wall (xp2, yp2). The posterior and membranous component of

the glottal area, MGO and PGO. And the components of mass (m), spring (k) and

damper (d); for the upper (u), lower (l) and body (b) blocks; for the left (L) and right

(R) vocal fold.

4.1 Asymmetrical TBCM (a-TBCM)

The a-TBCM is constructed around the coupling between two independent

muscle-controlled TBCMs, as illustrated in Figure 4.1, representing the left and
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right VFs. In this scheme, two muscle activation vectors are defined:

a⃗i = [aIA, aLCA, aPCA, aTA, aCT]i , i ∈ {L, R}, (4.1)

where the subscript i denotes the side of the a-TCBM in question, with L and

R denoting left and right, respectively. Equal left/right activation vectors corre-

spond to the symmetric control scheme in the TBCM. Then, the posture and the

viscoelastic properties of each VF are defined by its own muscle activation. To

model the dynamics of the VF, i.e. the movement of the body-cover elements, it

is necessary to formulate and solve the coupled equations of motion for the left

and right VF (see Appendix A).

4.2 Muscle imbalance for a-TBCM: Bilateral

posture and viscoelasticity

Muscle imbalance refers to a slight difference in the activation of the laryngeal

muscles between the left and right VF. These varying muscle activations serve

as inputs to the control mechanism, influencing the mechanical and geometric

properties of the VF. The proposed a-TBCM provides a platform to explore the

impact of imbalanced activation in the intrinsic musculature on the geometric and

viscoelastic properties, influencing VF oscillations and the aerodynamics of glottal

airflow. To establish a reference activation condition for the intrinsic laryngeal
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muscles, a simplification was introduced. The activation levels of the primary

adductors (LCA and IA muscles) were combined by setting aLCA = aIA, stream-

lining the adjustable variables for sustained VF oscillations. Additionally, the

PCA activation (aPCA) was consistently set to zero across all simulations, neutral-

izing its significant abductor effect on glottal posture [44]. For the TA and CT

muscles, activations aTA and aCT were calibrated to produce voiced sounds within

the fundamental frequency range of 90 to 100 Hz, aligning with the physiological

characteristics of a male modal voice. The activation levels were determined based

on muscle activation plots reported in [44]. The reference activation for the right

side is represented by:

a⃗R = [0.6, 0.6, 0.0, 0.6, 0.2] . (4.2)

To represent the imbalance during voiced phonation, an asymmetry factor q ∈

[0.5, 1.5] is introduced between the left and right sides in the a-TBCM. A similar

idea has been previously applied in [50], henceforth SH95. However, rather than

controlling asymmetries in the mass-spring elements through a gain parameter

as in SH95, the a-TBCM applies the asymmetry factor directly to the muscle

activation levels. These levels jointly influence the posture and configuration of

the VF. For comparison with other fold asymmetry approximations, the equivalent

of SH95 for the TBCM model is implemented, where:

mL =
mR

q
, kL = qkR. (4.3)
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The modified masses and springs correspond to those presented in Figure 4.1,

representing the upper, lower, and body blocks. Two primary scenarios of muscle

imbalance were explored: an asymmetric activation predominantly affecting glot-

tal adduction (vocal process) and an asymmetry in the biomechanical properties

(mass-spring values) of VF. To represent the first case, the asymmetry factor q

was applied to aLCA and aIA in the left VF. The muscle activation vector for the

left VF is then given by:

a⃗L = [q · 0.6, q · 0.6, 0.0, 0.6, 0.2] . (4.4)

For asymmetries in the biomechanical properties, q was applied to aCT and aTA

simultaneously, considering the CT-TA antagonistic relationship in determining

the viscoelastic (VE) properties in the VF [95]. The muscle activation vector for

the left VF in this scenario is expressed as:

a⃗L = [0.6, 0.6, 0.0, q · 0.6, q · 0.2] . (4.5)

Additionally, individual muscle imbalance in each CT and TA was studied

separately, given its significance in characterizing the glottal configuration in the

model, based on previous works [95, 98]. This resulted in a total of four config-

urations of muscular imbalance and the direct imbalance in masses and springs

The simulations were performed with a driving pulmonary pressure of 1 kPa. A

truncated Taylor-series approximation was implemented to simultaneously solve

the differential equations of motion for the six masses, using a sampling frequency
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of 44.1 kHz. The glottal tract was defined as the area function corresponding to

an /i/ vowel [64], and a subglottal tract as an inverted cone shape [163, 100].

4.3 Measures of muscle imbalance effect

4.3.1 Model derived measures

Several measures were derived from a-TBCM simulations to establish differ-

ences between the muscle imbalance scenarios, study the effect of the asymmetric

factor on VF vibratory asymmetries, and compare the model with certain clinical

cases. These measures include left-right amplitude asymmetry (AA), left-right

phase asymmetry (PA), fo, and open quotient (OQ). Following [51], synthetic

kymograms were generated from the right and left VF edge positions over time

as illustrated in Figure 4.2. Based on these representations, measures of the VF

oscillatory asymmetries can be defined:

AA =
AR − AL

W
, (4.6)

PA =
tL − tR
OP

, (4.7)

Note that the normalization factor OP for defining PA follows that of [51],

where the focus is on the acoustic effects generated during the open phase. These
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measures assess different aspects of oscillatory asymmetries. The left-right ampli-

tude asymmetry, Equation 4.6 [164], is the ratio between the difference and the

sum of the maximum excursions for the right (reference) and left (affected) VF

amplitude traces within one vibration period. The left-right phase asymmetry,

Equation 4.7 [165, 106], is the time delay between the maximum excursions of the

left and right VF normalized by the oscillation period.

Figure 4.2: Kymogram parametrization: xL, xR displacement of left/right VF; tL, tR

time of maximal left/right VF displacement; xc, xo mediolateral position of VFs at the

glottal closure/opening; AL, AR maximum displacement of left/right VF; W peak-to-

peak glottal width; P glottal period; and OP open phase.

The open quotient is also computed from the kymogram as the ratio of the

duration of the open phase (OP) to the period (P) for each cycle.

OQ =
OP

P
, (4.8)
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4.3.2 Clinical cases

In conjunction with the modeled scenarios, this study draws support from in

vivo high-speed video (HSV) recordings representing voice disorders. Two female

participants aged 25 to 30 years, one with NPVH (muscle tension dysphonia) and

another with unilateral VF paralysis, were included. During data acquisition,

participants produced a sustained /i/ vowel sound at optimal pitch and loudness

levels, adhering to informed consent procedures and Institutional Review Board

(IRB) protocols outlined in FONDECYT 1151077 project.

The HSV data collection involved an advanced high-speed camera (SA-X2,

Photron, Tokyo, Japan) synchronized with a rigid endoscope (9106, KayPentax,

Montvale, NJ) equipped with a 35 mm C-mount adapter and a xenon light source

(7152B, KayPentax, Montvale, NJ). The original HSV dataset, comprising approx-

imately 2,670 frames at 8,000 frames per second (fps), underwent pre-processing.

This included selecting 600 frames and identifying a 256 × 256 pixel region of

interest containing only the VFs. The refined HSV dataset was then used to

segment the glottis area using GlottalImageExplorer [166].

Subsequent to the glottis area segmentation, the digital kymogram (DKG)

technique proposed in [51] was applied to visualize VF trajectories. These lateral

displacement waveforms, capturing intricate motions of the left and right VFs,

were traced along a one-pixel line positioned at the midpoint of the glottal re-
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gion’s posterior-anterior length. Additionally, the DKG outputs facilitated the

automated extraction of amplitude and phase asymmetry metrics for the left and

right VFs.

To represent female phonations, geometric quantities of the model were ad-

justed. Specifically, the resting length (Lg) of the vocal fold was reduced from 16

mm to 10 mm, the resting thickness (Tg) from 3 mm to 2 mm, the ligament depth

from 20 mm to 15 mm, the mucosal depth from 20 mm to 15 mm, and the muscle

depth from 40 mm to 30 mm. Additionally, the model was coupled with a female

/i/ tract, utilizing the area function outlined in [64].

4.4 Compensation mechanism in muscle imbal-

ance

To investigate how muscle imbalance is compensated in the VFs, we designed a

simulation framework to study the compensation mechanisms for intensity (SPL)

and pitch (fo). The simulation begins with a reference configuration for SPL and

fo, generated using the symmetric (non-imbalanced) TBCM model. his refer-

ence serves as the starting point, providing baseline muscle activation levels and

subglottal pressure. The muscular imbalances studied include a viscoelastic im-

balance, imbalance isolated to the TA muscle, and a posterior/postural imbalance

involving the LCA and IA muscles, as defined in equations (4.5) and (4.4), re-
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Figure 4.3: Flow diagram of muscle imbalance compensation task.

spectively. For these simulations, a muscular imbalance is adding by 0.1 more in

the muscle activity.

The control scheme for adjusting the model is illustrated in Figure 4.3. A

Jacobian inverse method is employed to transform the errors in SPL and fo into

changes in muscle activation and subglottal pressure. This strategy is widely used

in fields such as robotics and motor control of speech [167, 168, 169], applies a

linear approximation to the vocal fold model, allowing for efficient updates to the

input parameters.

The linear approximation is represented by the equation:

Fx = Fx0 + J(x0)(x− x0) +O(2), (4.9)

where J is the Jacobian matrix, consisting of partial derivatives Ji,j(x0) =

∂Fj

∂xi

∣∣∣
x0

, and O(2) represents the higher-order terms that are neglected. By focus-

ing on the linear component, we establish a connection between the differences in
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the output space and the input space:

x− x0 = +J−1(x0)(Fx− Fx0). (4.10)

The inverse of the Jacobian, J−1, is computed using a damped least squares

method with a modified Moore-Penrose pseudoinverse [167, 168], which includes

a regularization term to ensure the stability of the solution:

J−1(x, t) = JT (x, t)
(
J(x, t)JT (x, t)− γ2I

)−1
, (4.11)

Using equation (4.10), the input x is updated iteratively. With YT = FxT

as the target output and Y = Fx as the current output, the update equation

becomes:

x(t+∆t) = x(t) + αJ−1(x, t)(YT − Y ), (4.12)

Several constants—such as α and γ—need to be adjusted in the equations

(4.11) and (4.12). In this context, the input vector x consists of the muscle acti-

vation parameters aCT , aTA, aLCA, and subglottal pressure PS, while the output

vector F contains fo and SPL. To maintain consistent magnitudes for the Ja-

cobian components, the input values were normalized. The following parameters

were used: α = 0.1, γ = 0.2, and ϵ = 0.02 for the numerical Jacobian calculations.

Each simulation step involved 100 iterations.
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A major challenge in this process is the multiplicity of laryngeal configurations

that can result in the same acoustic output [42, 44]. To address this issue, we sup-

plemented the baseline input by simulating 50 additional points in the input space,

applying a random perturbation modulated by 0.1. The input values were normal-

ized, with pressure values ranging from 0.5 to 1.7 kPa. This approach reduces the

impact of solution multiplicity, allowing the inverse Jacobian method to explore

a broader range of possible compensatory configurations. Additionally, statisti-

cal analysis was performed on the resulting compensatory solutions to quantify

the variability in muscle activation and pressure adjustments across the 50 sam-

pled configurations. Key metrics such as the mean and standard deviation for

each muscle activation parameter (aCT , aTA, aLCA) and PS were calculated. This

analysis provides insights into the robustness of the compensatory mechanisms

and how different muscle activations and pressure values can result in equivalent

acoustic outputs (SPL and fo).

To evaluate how the compensated pathological model adapts its control con-

figuration, we compute parameters such as the collision and subglottal pressure

quotient and MFDR, which are key indicators of how the vocal folds are affected

by muscle imbalance.

Two baseline configurations for muscle activation and lung pressure were con-

sidered: one representing an abducted vocal fold posture and the other an ad-

ducted posture. The explicit values for each configuration are presented in Table
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aCT aTA aLCA PL

Abducted 0.1 0.2 0.4 1200

Adducted 0.1 0.2 0.5 1200

Table 4.1: Model input for compensation configuration. muscle activation and lung

pressure

4.1.

4.5 Results

4.5.1 Influence of muscle imbalance on VF properties

To illustrate the change in the mechanical properties of the VFs due to the

muscle imbalance, Figure 4.4 shows the effect of q on the values of the masses

(pointed lines) and springs (solid lines) of the three blocks (upper, lower and

body) that compose the VFs, for the four different cases of imbalance described

in the method. The effect in mass and spring is represented by the normalized

value of these parameters, such normalization is made with respect to the value

in the balanced case (q = 1). In addition, the asymmetry mechanism introduced

in SH95 is included in gray color for comparison.

As shown in Figure 4.4 (a), the asymmetry in the adductor muscles (LCA/IA),
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Figure 4.4: Effects on normalized (pointed line) masses and (solid line) springs when

varying the joint asymmetry factor q for (a) LCA/IA, (b) CT/TA configurations, and

single asymmetry in (c) CT and (d) TA muscle. The legend represents the nomenclature

in a-TBCM scheme (see Figure 4.1) form mass and spring: upper, lower, and body

blocks. The gray lines describes the effects due to the asymmetry mechanism introduced

in SH95.

has a negligible impact on the mass of the blocks, pointed lines, but leads to a

minor alteration (<10%) in all the elastic component, solid lines. This is due to

the relatively minor role that adductor muscles play in the construction of the

folds, although they do contribute slightly to their elongation.

For the stiffness component, the solid lines in Figure 4.4 (c) and (d), the
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imbalance in the CT muscle produces a trend in the same direction as the SH95

reference mechanism, k increasing with q, although not in a strictly linear manner

in the cover component, orange line. Conversely, the imbalance in the TA muscle

produces an effect of decreasing stiffness with increasing q, opposite to the SH95

reference mechanism and the imbalance in the CT muscle.

Regarding the mass component, the pointed lines in Figure 4.4 (c) and (d),

imbalance in the CT muscle does not lead to any changes. However, an imbalance

in the TA muscle results in a linear change in the mass of the body block, green

dots, and redistributes the mass of the cover between the upper and lower blocks,

blue and orange dots. This pattern contradicts the direct imbalance in mass and

spring values and highlights the intricacy of the laryngeal control mechanism.

The CT muscle elongates the fold, impacting its elasticity without adding any

mass. In contrast, the TA muscle is responsible for adding mass to the fold and

redistributing it between the blocks by altering their dimensions. This generates

an effect on both the mass and spring components. Similar trends are described

in [95], where the mechanism we used to calculate masses and springs from muscle

activation is explained.

The joint imbalance in CT and TA, Figure 4.4 (b), shows the pondered effect

of the individual imbalances. The spring component, solid lines, is the sum of the

opposing effects, resulting in a decreasing effect with q of small magnitude. The

mass component, pointed lines, is the same as in the imbalance in TA, since the
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imbalance in CT has no effect on the mass of the blocks.

Figure 4.5 illustrates the impact of q on fundamental frequency (fo) and pos-

terior glottal opening (PGO) in various imbalance scenarios. Notably, the config-

uration with an imbalance in LCA and IA muscles exhibits a non-zero posterior

gap, resulting in an increased PGO for q < 1. This effect arises from the action of

the LCA and IA muscles in adducting the VFs. In contrast, other imbalance sce-

narios do not induce changes in PGO due to a lack of alteration in the adduction

degree of the folds. For instance, the SH95 approach, which does not consider

vocal posture, exhibits no PGO changes.

Upon examining the influence of the q factor on fundamental frequency, dis-

tinct behaviors emerge in comparison to the SH95 model. Similar to the mass and

spring figure, Figure 4.5 (b) shows fo normalized to the balanced case (q = 1). In

the SH95 model, the q factor proportionally affects fo, reflecting its design intent.

Conversely, in cases of muscle imbalance, different patterns are observed. An im-

balance in the TA muscle leads to an inverse relationship with fo—increasing q

results in a decrease in fo, influenced by the effect of TA on the VF spring. On

the other hand, an imbalance in CT exhibits a slight direct correlation with fo;

an increase in q correlates with an increase in fo, with a defined threshold for

the minimum and maximum fo values. In scenarios involving joint imbalance of

two muscles, CT/TA and LCA/IA, the fundamental frequency displays a step-like

behavior. At a specific point, there is a 10% variation in its value, indicating a
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transition between frequencies.

(b)(a)

Figure 4.5: Effects on fo and PGO when varying q for muscle imbalance configurations.

SH95 results shown for comparison.

4.5.2 Influence of muscle imbalance on VF oscillation

To examine the impact of muscle imbalance on VF oscillation, Figure 4.6

provides waveforms illustrating synthetic kymograms and glottal airflow. These

visualizations encompass the baseline a-TBCM simulation and imbalance scenar-

ios under two configurations: hypofunction (q = 0.5) and hyperfunction (q = 1.5).

The first row displays a synthetic kymograph illustrating the amplitude displace-

ments of the left and right VFs in millimeters. The second row presents glottal

airflow expressed in milliliters per second. All signals correspond to a 50 ms simu-

lation. Additionally, Table 4.2 furnishes computed asymmetry measures, including

fo, OQ, AA, and PA for the simulated scenarios.

In the context of direct mass and spring imbalance, as depicted in the second

column of Figure 4.6, the hypofunction configuration results in an augmented
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Figure 4.6: Comparison of kymograms and airflows from a-TBCM simulations for asym-

metry scenarios and two imbalance conditions: hypofunction (q = 0.5) and hyperfunc-

tion (q = 1.5.)

glottal area, indicated by an increase in airflow. Furthermore, the oscillation

amplitude of the affected fold is smaller compared to the unaffected fold, leading to

an AA value exceeding 30%. A positive PA value, surpassing 20%, is also evident,

accompanied by a decrease in the fundamental frequency during oscillation. In

the hyperfunction configuration, this displacement behavior is reversed. Now, the

affected fold undergoes greater displacement, reaching its maximum value first,

accompanied by an increase in frequency and a decrease in flow amplitude.

In the case of imbalance in the LCA/IA adductor muscles, hypofunction ex-
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hibits a slight increase in maximum airflow, along with asymmetry measurements

AA and PA below 2%. These measurements indicate that the less adducted (mod-

ified) fold exhibits greater displacement. A notable observation in this case is the

nonzero airflow value during the closed phase of VF oscillation, aligning with the

nonzero PGO value reported in Figure 4.5. In the hyperfunctional configuration,

this asymmetry maintains the baseline shape, as, after a certain level of activation

in LCA and IA, the folds are already parallel. Therefore, an increase in muscle

activation does not induce visible changes in the glottis with asymmetry measures

below 1%.

For individually applied CT and TA muscle imbalance, a cross-behavior is

observed in terms of hypo- and hyperfunction. In the case of altered CT muscle

activity, displacements comparable to the baseline are observed in hypofunction,

with greater displacement of the affected fold (AA=-3%) and reduced amplitude

oscillation for the hyperfunctional condition. Conversely, in TA imbalance, the

reduced amplitude of the folds occurs in hypofunction, while oscillation similar to

the baseline is observed in hyperfunction. This underscores the antagonistic nature

of this muscle pair in the viscoelastic composition of the VFs, as also observed in

the mass and spring curves presented in Figure 4.4. This cross-behavior is clearly

evident in the OQ, fo, and PA values presented in Table 4.2. For individual

muscle imbalance, positive values for AA are unattainable, signifying that the

affected muscle has a greater amplitude of oscillation.
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Baseline SH95 LCA/IA CT TA CT/TA

fo (Hz) 96
72.4 103.6 83.4 140.2 103.5

116.5 95.3 124 82.6 94.5

OQ (%) 49
60 66.5 51.8 78.7 68.4

53.9 49.1 72.8 52 49.2

AA (%) 0
31.3 -1.5 -3.1 -21.5 -8.27

-22.1 0.4 -8.7 -0.5 2.9

PA (%) 0
24.71 -1.9 18.2 -17.5 -5.8

-21.5 0.44 -16.9 18.2 0.3

Table 4.2: Comparison of asymmetry values and oscillation features between the baseline

and the q configurations shown in Figure 4.6. For each feature, the first row is for the

hypofunction (q = 0.5) and the second row is for the hyperfunction (q = 1.5)

In terms of VF oscillation behavior, Figure 4.8 demonstrates the influence of

the asymmetry factor q on AA and PA across the examined cases. The con-

ventional imbalance scheme, S&H95, yields positive values for AA and PA when

q < 1, indicating that the affected fold’s oscillation is dampened due to an increase

in mass and a decrease in elasticity. Conversely, it intensifies its oscillation and

frequency, resulting in negative values of AA and PA for q > 1.

When considering scenarios of muscle imbalance, several significant observa-
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tions emerge. The imbalance in CT mirrors the conventional scheme’s trend for

PA, while the imbalance in TA exhibits the opposite trend. This discrepancy can

be attributed to the behavior of the elastic component as a function of the q factor,

increasing in the CT imbalance and SH95, and decreasing in the TA imbalance.

Regarding AA, it proved challenging to find a muscle imbalance scenario that gen-

erated the same range as the reference scheme. This stems from the mechanism

of muscle activation control and the mass and spring parameters, where not all

mass values move in the same direction when varying muscle activation.

In contrast, the imbalance in LCA/IA yields the most minor effect on asym-

metry measurements within the studied range, resulting in asymmetries of less

than 2%. Meanwhile, the combined imbalance of CT/TA amalgamates the effects

of individual imbalance, producing phase asymmetries of approximately 6% and

amplitude asymmetries approaching 10%.

(a) (b)

Figure 4.7: Effect of changing q on asymmetry metrics; (Left) AA and (Right) PA, for

the different imbalance approaches.
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4.5.3 Contrasting a-TBCM against in vivo examples

To demonstrate the efficacy of incorporating muscle imbalance in modeling

various clinical scenarios, we present clinical HSV images alongside simulated

data generated using the a-TBCM in Figure 4.8. This illustration highlights two

distinct cases: unilateral VF paralysis (left) and muscle tension dysphonia (right).

Each case features the DKG derived from clinical data, juxtaposed with the syn-

thetic kymogram produced by the a-TBCM. Synthetic DKGs were generated by

adjusting amplitude and phase asymmetry measurements heuristically to align

with their respective clinical mean and variance values, employing the muscle

activation defined in Equation 4.5 as the baseline. The simulation process en-

compasses the insights detailed in the preceding subsections, accounting for the

characteristic oscillatory behavior associated with each pathology. Specifically,

for VF paralysis, our aim was to emulate a rigid VF, while for muscle tension

dysphonia, we introduced a subtle differentiation between the VFs.

Figure 4.8 highlights the specific imbalance factors employed in generating the

synthetic kymogram, providing clarity on the value of q and the muscle to which

it is applied. It is worth noting that while this approach may not be entirely sin-

gular, a more precise representation could potentially be achieved through model

optimization considering the complete kymogram signal. Nevertheless, in both

cases, the a-TBCM successfully produces a waveform closely mirroring the actual
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kymogram. In the instance of VF paralysis, this results in a fold with minimal am-

plitude oscillation, out of phase in time. In the case of muscle tension dysphonia,

it yields a slightly asymmetric oscillation in both amplitude and phase.

Figure 4.8 also presents corresponding AA and PA measurements from both

clinical and synthetic data. Clinical assessments of VF oscillatory asymmetry

display noteworthy variability, emphasizing their sensitivity to spatiotemporal

resolution and the challenges in obtaining precise measurements of this nature. In

the case of unilateral paralysis, both AA and PA values surpass 30%, indicating

substantial asymmetry. These asymmetry values are effectively captured by the

a-TBCM, which deactivates the TA in the paralyzed fold. Similarly, in the case

of muscle tension dysphonia, the a-TBCM enables the representation of such

levels of asymmetry by introducing an activation imbalance in the CT and TA

simultaneously.

4.5.4 Compensation mechanism for muscle imbalance

As a first step in studying compensation, we present the effect of varying a sin-

gle control parameter on the key characteristics of interest. Figures 4.9 and 4.10,

show the impact of single input compensation on the abducted muscle activation

configuration under the presence of imbalance in the TA and LCA muscles, respec-

tively. The summary of the imbalance effect on measured features is presented

in Table 4.3, and the summary of one input compensation effects is presented in
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Muscle Tension DysphoniaUnilateral Vocal Fold paralysis

Digital Kymogram
(DKG)

Synthetic kymogram
with a-TBCM

Asymmetry values 
obtained with DKG

AA (%) – (SD) PA (%) – (SD)

2.46 (1.56) 2.27 (1.53)

a-TBCM settings to 
represent 

experimental case

AA (%) – (SD) PA (%) – (SD)

58.22 (19.13) 36.46 (9.73)

q in aTA q in a CT

0 2

q in a CT and aTA

0.7

Asymmetry values 
with a-TBCM

AA (%) PA (%)

4.63 0.21

AA (%) PA (%)

47.5 49.3

Figure 4.8: Comparison of cĺınical (HSV and DKG) data and the corresponding simu-

lated responses using a-TBCM: (left) Unilateral VF paralysis and (right) Muscle tension

dysphonia.

Table 4.4, which shows common trends across both cases of muscle imbalance.

As extended from the results in Table4.3, for the abducted configuration, mus-

cle imbalance leads to an increase in SPL, with the effect being more pronounced

in the LCA imbalance. This is consistent with the adductor role of the LCA and

TA muscles [36]. In terms of frequency, the imbalances have opposite effects: the

TA imbalance decreases fo, while the LCA imbalance increases it. This difference

is not observed in the previously analyzed adducted configuration, Figure 4.5, but

can be explained by the tensor and contractor roles of the LCA and TA muscles
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Feature
Abducted Adducted

TA Imb. LCA Imb. TA Imb. LCA Imb.

SPL + ++ - o

fo - + – o

MFDR + + - o

PC

PS

- + - o

Table 4.3: Summary of the imbalance effect on measured features in both muscle activity

configuration. ++: high increase. + increase. -: decrease. –: high decrease. o: no

effect.

[36]. Both types of imbalances result in increased MFDR, while they have op-

posing effects on the pressure quotient, due to their impact on the cross-sectional

area of the VFs.

For the adducted configuration, LCA imbalance does not seem to significantly

affect either frequency or intensity. This can be attributed to the behavior of

the LCA muscle, which, above an activation level of 0.5, no longer appears to

influence these quantities. However, it does generate slight changes in MFDR and

the pressure quotient compared to the balanced configuration. In contrast, TA

imbalance leads to a decrease in all measured parameters, with its most notable

impact on fo.
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a)

b)

c)

d)

Figure 4.9: Effect of one variable compensation in an abducted VF configuration with

imbalance in TA muscle. Effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient

of collision and subglottal pressure. the columns denote each input variable: muscle

activations (aCT , aTA, aLCA) and lung pressure (PL).
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a)

b)

c)

d)

Figure 4.10: Effect of one variable compensation in an abducted VF configuration with

imbalance in LCA muscle. Effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient

of collision and subglottal pressure. the columns denote each input variable: muscle

activations (aCT , aTA, aLCA) and lung pressure (PL).
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Feature CT act. TA act. LCA act. PL

SPL +s +o +s ++

fo ++ - +s +o

MFDR +o +o +s ++

PC

PS

++ – +s o

Table 4.4: Summary of single compensation effect in muscle imbalance. ++: high

increase. + increase. -: decrease. –: high decrease. +s: increase and then saturation.

+o: non-consistent increase. o: no effect.

As detailed in Table 4.4, the compensation achieved through CT activation

shows strong control over fo and a minor influence on SPL. This is consistent

with the CT’s role as a tensor muscle, which also leads to a notable increase in

the pressure quotient by reducing the cross-sectional area of the vocal folds. In

contrast, compensation via the TA muscle results in slight or inconsistent increases

in SPL and MFDR, but a consistent decrease in both fo and the pressure quotient

due to the widening of the vocal folds. The tensor and thickening roles of the CT

and TA muscles, as well as their relationship with frequency and intensity, align

with previous findings from excised larynx experiments [36, 151].

For the LCA muscle, the compensation follows a uniform pattern across all

variables, showing an initial increase followed by saturation at an activation value
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near 0.5, where the vocal folds become nearly parallel. Lung pressure (PL), on

the other hand, has a significant effect on MFDR and SPL, underscoring the

strong correlation between these variables [10, 33], but it has minimal impact on

fo. Notably, the pressure quotient remains constant, suggesting that changes in

collision pressure relative to subglottal pressure are primarily due to alterations

in laryngeal configuration—an important factor in the pathophysiology of vocal

hyperfunction [119].

To mitigate the effects of muscle imbalances in both abducted and adducted

configurations, the following compensation mechanisms could be proposed:

For the abducted configuration, the increase in SPL caused by the imbalances

could be compensated by decreasing LCA activation while increasing CT activa-

tion or subglottal pressure (PS) to maintain fo levels. Such compensation mecha-

nisms have been hypothesized for NPVH, previously referred to as abducted vocal

hyperfunction [5, 6]. This compensatory strategy would likely increase MFDR due

to the combined effect of CT and PS, while the LCA would act to decrease it,

resulting in a pressure quotient close to the original value as the effects of CT and

LCA counterbalance each other.

For the adducted configuration, where TA imbalance dominates, the decrease

in measured parameters could be compensated by jointly increasing PS and CT

activation, with the LCA playing a secondary role. In the following section, which

presents the results of joint compensation, we will assess whether these compen-
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sation mechanisms hold consistent within the model.

Moving on to joint compensation, Tables 4.5 and 4.6 present the results of

the compensation process for the abducted and adducted configurations, respec-

tively. These tables compare the values of the control configurations (i.e., the

model without imbalance) with the mean and standard deviation of the compen-

sation process using the Jacobian scheme. It is important to note that 50 points

close to the initial configuration were simulated to mitigate the effect of solution

multiplicity [170].

Key observations include the fact that for both imbalances and VF configu-

rations, PS is elevated, but MFDR remains similar to the control configuration.

This result aligns with clinical data [10].

In terms of adduction degree, for the abducted configuration, the compensation

process shows an increase in PGO for LCA imbalance, while maintaining the

posterior gap level in the case of TA imbalance. This is consistent with the

characterization of NPVH as a form of non-adducted VH [5]. For the adducted

configuration, a larger posterior gap was not observed on average, but variability

in LCA activation was noted, which could suggest some degree of abduction.

These results indicate that both imbalances can characterize patterns observed

in NPVH. Specifically, in subjects with significant abduction, LCA imbalance

dominates, while in those with lower abduction but still elevated PS, TA imbalance

takes precedence. It is also worth noting that compensating for these imbalances
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Variable Unit Control
TA imbalance LCA imbalance

mean std mean std

SPL dB 86.31 86.31 0.00 86.31 0.01

fo Hz 128.20 128.23 0.02 128.23 0.03

CT act. – 0.1 0.16 0.02 0.17 0.03

TA act. – 0.2 0.37 0.08 0.35 0.09

LCA act. – 0.4 0.48 0.17 0.36 0.04

PS Pa 897.0 1058.0 193.4 1186.4 150.9

ACFL mL/s 505.62 464.57 165.31 603.06 94.85

MFDR L/s2 660.29 679.42 88.73 1008.86 231.55

PC/PS – 1.58 1.17 0.09 1.40 0.18

PGO mm2 1.65 1.18 1.29 2.18 0.40

Table 4.5: Results of compensation mechanism in muscle imbalance for an abducted

VF configuration.
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Variable Unit Control
TA imbalance LCA imbalance Nodules

mean std mean std mean std

SPL dB 97.83 97.82 0.01 97.81 0.03 86.29 0.36

fo Hz 157.50 157.52 0.02 157.51 0.04 128.22 0.54

CT act. – 0.1 0.18 0.03 0.20 0.03 0.25 0.14

TA act. – 0.2 0.38 0.07 0.39 0.06 0.48 0.19

LCA act. – 0.5 0.47 0.12 0.51 0.12 0.52 0.10

PS Pa 973.0 1230.9 116.1 1265.9 138.4 1226.8 169.6

ACFL mL/s 486.49 561.06 52.17 566.89 56.65 593.98 97.08

MFDR L/s2 2447.71 2600.45 430.15 2452.98 487.06 2329.47 631.61

PC/PS – 3.1 1.89 0.27 1.90 0.18 3.43 1.07

PGO mm2 0 0.49 0.52 0.62 0.58 0.25 0.36

Table 4.6: Results of compensation mechanism in muscle imbalance for an adducted

VF configuration.
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does not increase the pressure quotient, which may explain why elevated PS and

laryngeal tension do not result in vocal fold trauma in these cases.

4.6 Discussion

The primary aim of this study was to introduce and demonstrate the concept

of muscle imbalance as a mechanism for inducing asymmetries within the VFs. We

sought to establish its potential in characterizing clinical scenarios by examining

the influence of intrinsic laryngeal muscles on the glottis and drawing comparisons

with previous approaches for understanding asymmetric VF oscillations.

Our findings lead us to conclude that achieving a direct differentiation scheme

akin to SH95 through an imbalance in a single muscle alone is not feasible. The

closest approximation is attained through an imbalance in the CT muscle. Ad-

ditionally, the antagonistic relationship between the CT and TA muscles hinders

the replication of the direct imbalance scheme. However, introducing imbalance in

both these muscles concurrently, albeit in opposite directions with proportional

imbalance in CT and inversely proportional in TA, appears to be a promising

avenue towards achieving an analog of the conventional asymmetry mechanism

using muscle imbalance. It is worth noting that a comprehensive exploration of

this intricacy exceeds the scope of this initial study.

The proposed method for prescribing muscle imbalance provides a systematic
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means to introduce asymmetry in the composition and positioning of the VFs.

This asymmetry has been studied independently by other researchers. Prior efforts

[171, 120, 122, 51] report ranges of amplitude and base asymmetry akin to our

findings. Conversely, studies such as [120, 54, 55] report differentiation in the

vocal process without altering the mechanical properties of the VFs, resulting

in increased minimum glottal flow and decreased sound pressure, much like the

effects observed with the imbalance in the LCA and IA adductor muscles.

When considering the results of mechanical parameters and asymmetry mea-

surements collectively, it becomes evident that phase asymmetry aligns with the

spring component trends, while mass trends are associated with amplitude asym-

metry. This elucidates why the imbalance mechanism does not yield significant

amplitude values. Each block follows a distinct mass pattern when subjected to

imbalance, resulting in a small AA that deviates from the SH95 scheme, where

all blocks experience similar mass effects.

The clinical examples presented in this study serve to illustrate the potential

of our approach in emulating actual cases, thereby enhancing our understanding

of the origins of differences in VFs, be it in cases of vocal cord paralysis [172, 173]

and primary muscle tension dysphonia [174, 175]. While similar insights may exist

within other methodologies, our approach integrates muscular activity directly,

impacting glottal configuration.

For instance, paralysis is depicted as an inert and minimally mobile fold,
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whereas further variations showcase a fold with high mass and rigidity. Notably,

this work represents an initial foray into a parameter fitting and optimization

problem, without delving into extensive details. Our objective is to demonstrate

the utility of this imbalance approach, as exemplified in Figure 4.8.

The compensatory mechanisms identified in this study provide important in-

sights into how VF imbalances, and those that represent NPVH, can be managed.

Our findings highlight that muscular imbalances, whether in the LCA or TA,

can be compensated effectively through adjustments in muscle activation and PS

while maintaining stable acoustic outputs. Notably, the maintenance of the pres-

sure quotient without significant increases during compensation suggests that VF

configuration changes, rather than tension increases, play a crucial role in preserv-

ing healthy phonation. This helps explain why patients with NPVH can exhibit

high subglottal pressure without developing vocal fold trauma. However, it is

essential to recognize the limitations of this study, as it examines a single case.

Future research focusing on a broader set of compensatory behaviors across differ-

ent VF would provide a more comprehensive understanding of these mechanisms,

potentially reinforcing these compensatory strategies.

Studying VF oscillation with diverse properties presents several challenges, in-

cluding the presence of harmonics, as illustrated in Figure 4.6, a topic extensively

explored by other researchers [50, 48, 123]. In addition, the a-TBCM has some

limitations. This model is a simplified approach to VFs that uses a lumped ele-
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ment approach where one continuous block represents the entire anterior-posterior

direction. This approach does not allow the assignment of different oscillation pat-

terns to the anterior, medial, and posterior portions of the VF, where other studies

have shown different degrees of asymmetry [176, 177]. For an extensive validation

of this type of model, a critical consideration is the impact of the chosen reference

point, whether it pertains to muscular activation or the specific values assigned

to masses and springs.

On the other hand, the muscle imbalance postulate presents a greater chal-

lenge for its experimental validation. A first level of validation could be done

by experiments with excised larynxes. In this area, there are several works that

study the action of the laryngeal muscles on the elongation and posture of the

VFs [36, 37, 178]. A possible experiment would be the asymmetric stimulation

of the larynx to measure the differences in left and right oscillation, a setup like

the one presented in [179], where unfortunately the video analysis is done from

the glottal area wave (GAW) and not from the kymogram. The next level of val-

idation would be with intramuscular electromyography. Here there are few works

that present the action of the laryngeal muscles, and this has been done symmetri-

cally [39, 180]. Ongoing efforts measure simultaneously the activity of the left and

right TA and CT with intramuscular EMG and HSV of the larynx to associate

muscle imbalance with asymmetries in vocal fold oscillation, and contrasting with

asymmetric VF silicon model.

135



4.7 Chapter conclusions

This chapter introduced a novel asymmetrical TBCM model aimed at charac-

terizing the effects of muscular imbalance on VF oscillations, relevant to conditions

such as NPVH and VF paralysis. The model is built upon the TBCM framework,

allowing for direct manipulation of muscle activation to induce asymmetry, con-

trasting with previous methods that focused solely on altering the mechanical

components like mass and spring properties. The introduction of this control

mechanism opens new possibilities for representing the biomechanical and phys-

iological effects in VF conditions by muscle imbalance. In terms of findings, the

asymmetrical TBCM proved effective in replicating key features of asymmetry in

both amplitude and phase across various imbalance conditions. Muscle activa-

tion imbalance in the CT and TA muscles showed clear and distinct effects on

VF viscoelastic properties, reinforcing the idea that these muscles play critical

yet antagonistic roles in determining VF tension. The results confirmed that the

imbalance in adductor muscles, such as LCA/IA, had a smaller impact on the

mechanical characteristics of the folds but notably affected the PGO, influenc-

ing airflow and acoustic properties. A key takeaway from this study is that the

proposed approach provides a more physiologically grounded method for mod-

eling VF asymmetry, as it directly incorporates the role of intrinsic laryngeal

muscles. However, the study also revealed that a single muscle imbalance was
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insufficient to fully replicate the complexity of VF asymmetries observed in clin-

ical cases, particularly in conditions like VF paralysis. The combination of CT

and TA imbalances, along with their antagonistic interactions, offers the closest

approximation to clinical observations, though further refinement of the model

is needed to better capture these dynamics. On the clinical front, comparisons

between modeled and real-world data, including high-speed video kymograms,

showed promising alignment. This underscores the potential application of this

model in simulating clinical pathologies like VF paralysis and muscle tension dys-

phonia. The ability of the model to mimic the kinematic behavior of the VFs in

these conditions demonstrates its utility for understanding and diagnosing voice

disorders characterized by VF asymmetry.

The results presented in this chapter begin to reveal key differences in com-

pensatory mechanisms NPVH and PVH, supporting the initial hypothesis of this

thesis. The compensation of muscle imbalance in NPVH, characterized by sta-

ble pressure quotient values, suggests a protective mechanism that could explain

the absence of VF trauma in these patients, despite elevated subglottal pressures.

This contrasts with the patterns observed in PVH, where elevated pressure and

muscular tension contribute directly to VF damage. These findings mark an im-

portant step toward identifying distinct compensatory strategies that differentiate

NPVH from PVH, providing a foundation for further investigation into how these

mechanisms affect VF health and pathology.
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However, it is important to acknowledge the limitations of the current model.

The TBCM, as a lumped-element model, simplifies the VF dynamics by not dif-

ferentiating anterior, medial, and posterior regions of the VFs. This limitation

restricts the model’s ability to capture finer-grained oscillatory patterns that may

arise in real clinical cases. Additionally, while the muscle imbalance approach adds

a new layer of realism, experimental validation of these imbalances, particularly

through intramuscular EMG or excised larynx studies, remains a significant chal-

lenge. Future work will focus on refining the model to better represent VF asym-

metry across more varied pathologies, improving its predictive power in clinical

settings. Experimental validation, particularly through asymmetric stimulation

of excised larynxes or advanced imaging techniques, will be essential to verify the

model’s assumptions and outcomes. The model’s potential for optimization and

parameter fitting in clinical cases will also be explored, with the aim of enhancing

its relevance for both research and clinical applications in voice disorders.
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Chapter 5

Model for vocal fold nodules

This chapter outlines the construction of a VF model that includes nodules,

designed to characterize the condition of PVH. As in the previous chapter, the

proposed model is built upon the TBCM framework. In this adaptation, nodules

are introduced as fixed elements that alter the shape of the VFs and modify

their collision behavior, making a balance between physiological description and

adding complexity (degrees of freedom) in the model. The detailed equations and

modifications to the base model can be found in Appendix B. A comprehensive

literature review was conducted to define the operational ranges of the modeled

nodule parameters, including size and stiffness. Additionally, the chapter explores

the effect of these parameters on the PTP and examines how they influence vocal

quality through a compensation scheme based on pitch and intensity. The results

demonstrate that in the presence of nodules, the phonatory system compensates

for their effects by increasing subglottal pressure and activating laryngeal muscles

to maintain desired frequency and intensity levels.

In this context, the chapter presents a TBCM-based model for VF nodules,
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analyzes the impact of nodule parameters on the phonation threshold, and demon-

strates how laryngeal musculature can compensate for these effects. The trends

observed are compared to alternative modeling approaches and experimental data

from silicone VF models. The initial version of this model and preliminary findings

were presented at VOICE 2023. The extended results described in this chapter

are currently being prepared for submission to a peer-reviewed journal.

5.1 Nodule TBCM (n-TBCM)

The Nodule TBCM is constructed based on the TBCM model by adding a

fixed mass to the upper block that defines the cover of the VF. Figure 5.1 shows

the blocks that define the original TBCM in gray, and the nodules as blue blocks.

This adaptation of the TBCM to include nodules is inspired by previous works

[49, 48]. Both studies present lumped-element models of nodules. In the first

study [49], nodules are introduced as a change in collision position along with an

increase in the mass of the upper block and the coupling spring between the cover

masses. In the second study [48], the nodule is an additional block that oscillates

and changes the shape of the free edge of the vocal folds.

The proposed adaptation combines both ideas. The nodule is a small mass

that changes the shape of the free edge, but this mass does not oscillate; instead,

it generates an additional collision force on the vocal folds. The nodule block
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Figure 5.1: Scheme of VF nodule approach. Gray blocks represent the base TBCM

scheme. Blue blocks represent the nodules.

increases the mass of the upper block and the coupling spring in the cover.

As an additional element of this model, the position of the nodule is included

as a parameter, allowing it to be shifted in the anterior-posterior direction. This

parameter is inspired by the work of [52, 53] in finite element models.

Table 5.1 presents the set of parameters characterizing the nodule, along with

a description of these parameters and their operating range. This table is con-

structed based on the literature review presented in Table 2.2. The modifications

made to the TBCM model for the construction of this adaptation are detailed in
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Table 5.1: Definition of TBCM nodule parameters.

Feature Abbr. Range Unit Reference

Nodule Radious Rn 0 to 1.5 mm [7, 52, 114]

Nodule Young Modulus En 10 to 300 kPa [52, 53, 88, 114]

Nodule Poisson Ratio νn 0.3 – [92, 115, 52, 53, 97, 88, 118]

Nodule density ρn 0.9 to 1.2 gr/cm3 [115, 52, 53, 88, 48, 56]

Nodule position λn 0 to 1 – [52, 53]

Appendix B.

5.2 Effect of nodule parameters

5.2.1 Effects of nodule parameters on phonation threshold

The parameters defining the nodule have an effect on the oscillation of the

VFs. To describe this effect, the reference point is the onset of phonation, de-

fined by the PTP and the frequency at the onset (fo,t, [114]). This task has been

performed for excised larynges [36, 37], and silicone models [114]. The experi-

ment involves gradually increasing the pressure reaching the glottis, with a fixed

laryngeal configuration, until the point of phonation onset. PTP is the pressure

value at which phonation begins, and fo,t in the frequency of oscillation at that
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Figure 5.2: Model-based signal in PTP simulation: (a) Gottal iarflow. (b) Glottal area.

(c) Subglottal pressure. (d) Microphone signal.

The PTP value indicates the amount of energy required to oscillate the VFs,

and its value can be related to vocal efficiency [181]. Figure 5.2 shows a simulation

plot of PTP. In plot (c), we can observe how the subglottal pressure gradually

increases due to the gradual increase in lung pressure. At the moment when PTP

is reached, the oscillation of PS begins, and similarly, we see that the airflow,

glottal area and MIC signal start the oscillation from that point.

To observe the effect of the different nodule parameters on PTP, an initial

laryngeal configurations are defined, i.e. a muscle activation vectors:
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a⃗ = [0.4, 0.4, 0.0, 0.2, 0.1] . (5.1)

a⃗ = [0.5, 0.5, 0.0, 0.2, 0.1] . (5.2)

The selection of the first muscle activation is made to characterize a male modal

voice at about 130 Hz with a lung pressure os 1.2 kPa [44]; this configuration also

have a posterior gap, to analyze how the nodule affect this type of VF posture;

the second muscle activation is chosen to see the effect in no-gap VF posture. To

these initial configurations, a base nodule is added whose parameters are given in

the first row of Table 5.2. In addition, the nodule parameters are varied as shown

in the second row.

Rn (mm) ρn (gr/cm3) En (kPa) λn (–)

Baseline 1 1 10 0.5

Range 0.25 - 2 0.5 - 2 2.5 - 20 0 - 1

Table 5.2: Nodule parameters baseline value and range.

For each nodule configuration, PTP, fo,t, MFDR and PC are computed in the

threshold instant, consisting of a 2-second simulation at a sampling rate of 44.1

kHz, with lung pressure constantly increased from 100 Pa to 2.5 kPa. Subglottal

144



and glottal tracts are added to the phonation model for sustained /a/ phonation,

resulting in the phonation model simulation shown in the Figure 5.2.

5.3 Compensation mechanism in nodule model

To investigate how a subject compensates for the presence of VF nodules, we

designed a simulation scheme to simulate the compensation of intensity (SPL)

and pitch (fo) in the presence of a nodule. The simulation begins with a reference

SPL and fo generated using the nodule-free TBCM model. The muscle activation

and subglottal pressure from this reference simulation are used as the starting

configuration. The nodules are introduced in the form of fixed masses attached

to the VFs, with the following key parameters: (Rn = 1mm, En = 10kPa, ρn =

1gr/cm3 and λn = 0.5).

Nodule Model
𝑅𝑛 ,𝐸𝑛 , 𝜌𝑛

𝑃𝐿

𝑓𝑜𝑎

Acoustic Target
𝑆𝑃𝐿ref ,𝑓𝑜 ref

𝑆𝑃𝐿
+

Figure 5.3: Flow diagram of nodule compensation task.

The control scheme for generating model adjustments is represented in Fig-

ure 5.3. As in the case of muscle imbalance, the method of inverse Jacobian is
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employed to map errors in SPL and fo into changes in muscle activation and sub-

glottal pressure. For this experiment, we normalized the input variables (muscle

activations and subglottal pressure) to maintain consistent Jacobian scaling, with

values of α = 0.1 and γ = 0.2, and a numerical Jacobian approximation step size

ϵ = 0.01. After compensation is applied, key aerodynamic and acoustic param-

eters, such as collision pressure (PC), and MFDR, will be calculated to evaluate

the compensation mechanism and characterize the glottal airflow changes due to

the presence of nodules.

5.4 Results

5.4.1 Effects of nodule parameters - phonation threshold

Figures 5.4 and 5.5 present the effects of nodule parameters on phonation

threshold simulations for the different muscle activation configurations studied.

The figures show changes in PTP (row a), fo (row b), MFDR (row c), and the

collision-to-subglottal pressure ratio (row d), for variations in nodule size, Young’s

modulus, density, and position, across the different columns of the figures.

The first key observation is the negligible effect of nodule density on the stud-

ied parameters within an operational range of values around 1 (third column of

Figures 5.4 and 5.5). This is consistent with previous modeling studies, such as

those in [182], who describe its effect as weak, while other studies, like Deguchi
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a)

b)

c)

d)

Figure 5.4: Effect of nodule parameter in phonation threshold for an abducted VF

configuration: effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient of collision and

subglottal pressure. the columns denote each of the nodule parameter: size (Rn), elas-

ticity (En), density (ρn) and position (λn).
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[52], report only slight effects on airflow amplitude.

Another significant finding from these figures is that the effect of nodule po-

sition (fourth column of Figures 5.4 and 5.5) depends on the degree of VF ab-

duction. For example, in Figure 5.5, no effect is observed because the VFs are

parallel, whereas in Figure5.4, variations in the measured characteristics appear

due to the lower LCA activation, creating a posterior gap. As the nodule moves

towards the anterior region (λ < 0.5), greater contact between the nodules and

the VFs occurs, requiring higher pressures (i.e., higher PTP) as the nodule be-

comes more anterior. This increased pressure also results in an increase in fo and

MFDR for small λn. Regarding the collision pressure ratio, as the nodule moves

towards a more posterior position, it facilitates VF oscillation and lower pressure

values, yielding a better subglottal-to-collision pressure ratio. These results are

in line with previous studies that report a strong effect of posture or pre-collision

conditions on PTP [182]. However, this finding contrasts with Deguchi’s model

[52], where higher PTP was observed in the middle zone with a symmetric pat-

tern. The difference arises because that model uses a continuous representation of

the vocal folds, allowing for greater deformation of the folds in the middle zone,

which is not possible with the lumped-element model used here.

In terms of nodule elasticity, represented by its Young’s modulus (second col-

umn of the figures), we observe that PTP increases as En increases, saturating

at extreme stiffness values. This asymptotic behavior is also present in MFDR
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a)

b)

c)

d)

Figure 5.5: Effect of nodule parameter in phonation threshold for an non-abducted

VF configuration: effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient of collision

and subglottal pressure. the columns denote each of the nodule parameter: size (Rn),

elasticity (En), density (ρn) and position (λn).
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and the pressure ratio. These results align with previous findings from silicone

models [114], where no significant effect of stiffness on PTP or fo was observed.

However, in the case of the pressure ratio, those studies reported an increase with

stiffness. This difference is due to the way collision pressure is calculated in our

model—at the point of maximum collision force when both the upper and lower

masses are colliding—rather than when the nodule alone collides. The small area

of the nodule can result in a spike in pressure, even though the collision force is

minimal.

Finally, when studying the effects of nodule size on phonation threshold, we

find the expected results in line with previous studies [114, 53, 52, 182]: an increase

in PTP with larger nodule size, along with an increase in MFDR. It is also worth

noting that this model yields PTP values within a range consistent with normal

phonation, from soft to comfortable levels [29].

These results quantify the effect of the nodule on the initiation of phonation,

suggesting that greater pressure is required to compensate for the presence of the

nodule.

5.4.2 Effects of nodule parameters - phonation

Another interesting aspect to explore is the effect of the nodule during sus-

tained phonation, i.e., when delivering a consistent lung pressure in the simula-

tions. Figures 5.6 and 5.6 present the effects of the nodule parameters on two
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Feature
abducted adducted

Rn En ρn λn Rn En ρn λn

SPL – - o + - -s o o

fo - - s- + - -s s- o

MFDR - - o + - -s o o

PC/PS + + o - +s +s o o

Table 5.3: effects of the nodule parameters on phonation features. ++: high increase.

+ increase. -: decrease. –: high decrease. s: saturation. +o: non-consistent increase.

o: no effect.

muscle activation configurations with a lung pressure of 1.5 kPa. In these cases,

PTP is replaced by SPL to quantify vocal intensity. Similar to the asymmetric

model, Table 5.3 provides a summary of the effects of the nodule parameters on

phonation during sustained vocalization.

The effects of the nodule during sustained phonation complement the obser-

vations made under phonation threshold conditions. There is a reduction in SPL,

fo, and MFDR as the size or stiffness of the nodule increases, with this effect

being more pronounced in the abducted configuration. Similarly, nodule position

has an impact in the abducted configuration but not in the parallel vocal fold

configuration. Nodule density, however, does not seem to have any significant
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effect. One notable observation is that the pressure ratio is substantially higher

compared to the baseline configuration.

These results align with previous simulation studies [52, 53, 182], which demon-

strated a decrease in sound intensity and airflow amplitude as nodule size in-

creased. Additionally, the variation in pressure ratio between the two muscle acti-

vation configurations may be explained by observations from other authors [119],

who noted that different laryngeal configurations can produce similar phonatory

conditions but may lead to a higher vocal dose in certain cases.

5.4.3 Compensation mechanism for nodule

The presence of VF nodules introduces significant challenges to maintaining

normal vocal function, primarily by altering the biomechanical properties of the

VFs and disrupting the typical oscillatory patterns [7, 48]. To better understand

how the vocal system compensates for these alterations, we explore how changes in

muscle activation and subglottal pressure influence key aerodynamic and acoustic

parameters.

Figures 5.8 and 5.8 display the effect of varying the four primary model inputs

(muscle activations and PL) on the four key parameters of interest (fo, SPL,

MFDR, and the pressure quotient) for both the abducted and adducted muscle

activation configurations. The summary of each muscle’s compensatory action in

the presence of a nodule is provided in Table 5.4.
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a)

b)

c)

d)

Figure 5.6: Effect of nodule parameter in phonation for an adducted VF configuration:

effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient of collision and subglottal

pressure. the columns denote each of the nodule parameter: size (Rn), elasticity (En),

density (ρn) and position (λn).
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a)

b)

c)

d)

Figure 5.7: Effect of nodule parameter in phonation for an adducted VF configuration:

effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient of collision and subglottal

pressure. the columns denote each of the nodule parameter: size (Rn), elasticity (En),

density (ρn) and position (λn).
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a)

b)

c)

d)

Figure 5.8: Effect of one variable compensation in an abducted VF configuration

with nodules. Effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient of collision

and subglottal pressure. the columns denote each input variable: muscle activations

(aCT , aTA, aLCA) and lung pressure (PL).
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a)

b)

c)

d)

Figure 5.9: Effect of one variable compensation in an non-abducted VF configuration

with nodules. Effect on: (a) SPL, (b) fo, (c) MFDR and (d) quotient of collision and

subglottal pressure. the columns denote each input variable: muscle activations (aCT ,

aTA, aLCA) and lung pressure (PL)..
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For both vocal configurations, increasing PL and the activation of the CT

muscle leads to a noticeable rise in both fo and SPL. However, the CT muscle

proves to be more sensitive to changes in frequency (fo), while PL has a stronger

impact on SPL, which aligns with previous experimental findings that highlight

the role of CT as a tension regulator [36].

In the adducted configuration (Figure 5.9), the LCA muscle activation does

not contribute significantly to changes in vocal parameters, as it reaches satu-

ration, meaning its effect is diminished at higher levels of activation. On the

other hand, the TA muscle shows only minor contributions across the board. In

contrast, for the abducted configuration (Figure 5.8), increasing LCA activation

effectively compensates by raising both SPL and fo, consistent with the adducted

hyperfunction profile commonly associated with PVH [5]. These compensatory

behaviors mirror the observations made in excised larynx experiments, where the

CT muscle increases tension, the TA muscle counteracts it in terms of frequency,

and LCA exhibits adducting forces [36].

Shifting from the analysis of individual input effects on acoustic targets and

aerodynamic parameters, we now present the results from the compensation ex-

periment using the inverse Jacobian method to adjust for the presence of nod-

ules. Table 5.5 displays the model input values (muscle activations and subglottal

pressure), acoustic targets (SPL and fo), and key aerodynamic variables (ACFL,

MFDR, PGO, and the pressure quotient PC/PS) for the abducted and adducted
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feature CT act. TA act. LCA act. PL

SPL + o +s ++

fo ++ -s +s +o

MFDR o o +s ++

PC/PS ++ -o +s -

Table 5.4: Summary of single compensation effect in nodule. ++: high increase. +

increase. -: decrease. –: high decrease. +-s: increase/decrease and saturation. +-o:

non-consistent increase/decrease. o: no effect.

configurations.

Several important patterns emerge from this compensatory analysis. The first

observation is the marked increase in subglottal pressure, which has been previ-

ously reported in clinical data [10]. In both the abducted and adducted configura-

tions, the compensation mechanism leads to a near-closure of the posterior glottal

gap (PGO values approaching 0), consistent with what is observed in PVH, pre-

viously referred to as adducted VH [5]. There is also heightened activation of the

CT and TA muscles, with a high degree of variability, consistent with EMG ex-

periments reporting fluctuating muscle activations in hyperfunctional conditions

[159, 160].

From an aerodynamic perspective, the compensated configurations show a
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Variable Unit

abducted adducted

Control
Nodules

Control
Nodules

mean std mean std

SPL dB 86.31 86.29 0.36 97.83 97.84 0.26

fo Hz 128.20 128.22 0.54 157.50 157.52 0.37

CT act. – 0.1 0.25 0.14 0.1 0.28 0.16

TA act. – 0.2 0.48 0.19 0.2 0.46 0.18

LCA act. – 0.4 0.52 0.10 0.5 0.50 0.08

PS Pa 897.0 1226.8 169.6 973.0 1276.5 200.8

ACFL mL/s 505.62 593.98 97.08 486.49 590.95 84.14

MFDR L/s2 660.29 2329.47 631.61 2447.71 2729.89 403.34

PC/PS – 1.58 3.43 1.07 3.1 3.46 1.02

PGO mm2 1.65 0.25 0.36 0 0.25 0.36

Table 5.5: Results of compensation mechanism for nodules.
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higher MFDR compared to the control model, aligning with clinical measure-

ments that suggest a greater impact of muscular tension and subglottal pressure

in PVH cases [10]. Finally, the pressure quotient is significantly elevated when

compensating by eliminating the posterior glottal gap. This, together with the

elevated MFDR, suggests that the persistent trauma in PVH can be attributed

to the increased collision forces and heightened aerodynamic stress on the Vfs.

These results shed light on the compensatory mechanisms in the presence of VF

nodules. The increase in subglottal pressure and the elimination of the posterior

gap are key factors in maintaining phonatory function, yet they come at the cost

of elevated aerodynamic forces and increased collision pressure.

5.5 Discussion

The results presented indicate that the presence of a nodule leads to incomplete

closure in the membranous component of the VF. This effect has been reported in

previous modeling efforts of this pathology [49, 48, 57]. Nodule size is identified

as the parameter with the most significant influence on phonation. Variations in

nodule density do not have a noticeable effect on fo and PTP. This finding aligns

with the results reported in experiments with silicone models [114], where it was

observed that while nodule size increases PTP, and y the large scale the elasticy

of the nodule does not affect the fo.
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The decrease in fo for nodule sizes between 0-2 mm was also reported in the

finite element models [53, 52], which represented this type of pathology. The air

gap is also reflected in the increase of the PTP value as a function of the nodule

size, since it is the size of the nodule that defines the size of the gap.

Previous studies have modeled muscle activation under PVH conditions. In

[42], the authors presented a compensation scheme in an extended model of the

BCM with a triangular shape and posterior gap control, while in [57], the authors

demonstrated the impact of varying muscle activations in a polyp model, showing

how TA and LCA muscles stabilize VF oscillation. Both studies emphasized

the influence of PS and posterior gap size in generating significant compensatory

effects.

Our results align with clinical findings in PVH, where both abducted and

adducted configurations exhibit elevated PS as a compensatory mechanism, con-

sistent with clinical data reporting increased subglottal pressure in PVH [10]. The

complete closure of the posterior glottal gap (PGO near 0) in both configurations

reflects a key compensatory strategy, where eliminating any gap is crucial to sus-

tain VF oscillation.

A key feature of this compensatory mechanism is the significant increase in

MFDR, which mirrors clinical observations of higher MFDR in PVH [5, 10]. The

elevated MFDR and increased LCA activation suggest that the vocal system com-

pensates by increasing adduction and tension, which adds stress to the VFs. Ad-
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ditionally, the pressure quotient (PC/PS) shows a substantial increase, indicating

that higher aerodynamic forces are exerted on the VFs during compensation, fur-

ther explaining the risk of VF trauma in PVH.

Despite its simplified nature, the lumped-element model effectively captures

the critical aspects of how nodules impact vocal function and how compensatory

strategies exacerbate these effects. However, this study examines only a single

case, and a broader exploration of compensatory strategies across different con-

figurations and pathologies would help strengthen these findings.

The current nodule model demonstrates the ability of muscle activation to

jointly control VF viscoelasticity and posture in a bio-inspired framework. In in-

dividual compensation exercises, PS and LCA activation emerge as the primary

regulators of vocal function, while in joint compensation, LCA activation works

together with PS to maintain vocal quality (fo and SPL). Increased muscle acti-

vation in the membranous portion of the VFs further highlights the compensatory

role of TA and CT muscles. These findings are consistent with previous studies

[57, 100, 42], showing that muscle activation compensates for both posterior and

membranous gaps, with the LCA and TA playing dominant roles.

A notable limitation of this model is the decision to represent the nodule as

a static element, focusing on its elastic and geometric contributions rather than

adding dynamic degrees of freedom to the VF model. While this approach allowed

us to identify trends consistent with previous studies [53, 52, 114, 100], it prevents
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the analysis of oscillatory instabilities that more complex models can address

[57, 48, 56]. Additionally, it restricts the ability to continue compensating for the

membranous gap created by the nodule once the vocal folds are fully adducted.

There is also the lack of a mechanism to simulate the occurrence and progression

of nodules limits the ability to study their dynamic development over time. Future

work should explore this by incorporating nodule formation mechanisms and more

flexible VF representation, as has been done in finite element approaches [183,

184].

5.6 Chapter conclusions

The nodule TBCM model developed in this chapter successfully integrates

nodules as fixed elements within the VF structure, capturing the effects of such

pathologies on phonation dynamics. The primary findings highlight that the size

of the nodule significantly influences vocal fold behavior, particularly in terms of

PTP, MFDR, fo and pressure quotient. An increase in nodule size directly leads

to an increase in PTP, decreases in SPL, and changes in fo and MFDR. This

is attributed to the incomplete glottal closure caused by the nodule, which not

only modifies the collision pattern of the VFs, increasing the pressure quotient,

but also introduces a persistent air gap that impacts vocal quality. On the other

hand, variations in nodule elasticity and density had minimal impact on phonatory
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measures such as PTP or fo, reinforcing that size is the primary determining factor

in the acoustic and aerodynamic changes observed.

The chapter also explored how the phonatory system compensates for the pres-

ence of nodules by increasing subglottal pressure and adjusting muscle activation.

This results have presented a compensation mechanism in the nodule model that

differs significantly from the one observed in the asymmetry model discussed ear-

lier. While both models share an increase in PS as a compensatory response; the

complete closure of the PGO and an adducted VF configuration are critical fea-

tures in the compensation observed for nodules. Closing the gap is essential for

maintaining phonation in cases of PVH, a behavior not seen in the NPVH model,

where the presence of a posterior gap does not significantly impact compensation.

Additionally, in the nodule model, a notable increase in MFDR and the pres-

sure quotient was observed, making the VFs more prone to trauma. This contrasts

with the findings in the NPVH model, where the pressure quotient did not rise

significantly, explaining why vocal fold trauma is not typically observed in NPVH.

These differences between the two models underscore the importance of laryngeal

posture and aerodynamic dynamics in compensating for these two conditions.

These results validate the hypothesis that compensatory mechanisms differ

between PVH and NPVH. Specifically, the closure of the posterior gap, increased

MFDR, and elevated pressure quotient in PVH provide a physiological explanation

for the development of vocal fold trauma in these patients, aligning with clinical
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observations regarding laryngeal posture and increased tension in the VFs.

Looking forward, the development of a dynamic nodule model—capable of rep-

resenting transient states and fluctuating oscillation—remains an important step.

Additionally, understanding the relationship between the mechanical properties

of nodules and VF damage, particularly in the context of repeated phonotrauma,

could provide a more comprehensive view of the pathological mechanisms un-

derlying PVH. Integrating these elements into future models will enable deeper

analysis of the interaction between VF biomechanics and pathological conditions

like nodules.
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Chapter 6

Future work and conclusions

6.1 Future work

This thesis has focused on the characterization of VH through physiologically

inspired VF models. Given the growing interest in the mathematical modeling

of voice production, it is natural for future research to extend these foundational

elements and explore new avenues for model development and clinical application.

One important direction for future research involves the validation of muscle acti-

vation levels used in these models. Muscle control, which governs both the posture

and viscoelastic properties of the VFs, has been studied extensively, but the cur-

rent models do not fully capture the precise level of activation needed to generate

specific vocal behaviors. Previous research, [95, 98], laid the groundwork for un-

derstanding how muscle activation influences VF behavior, while the TBCM [44]

has demonstrated how different levels of muscle activation can produce various vo-

cal postures. However, future work will need to refine this aspect by incorporating

direct measurements of intrinsic muscle activity, using techniques like intramuscu-
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lar electromyography (EMG). This would allow for more accurate normalization

values, providing individualized assessments that account for the unique tension

patterns present in each subject’s larynx.

In addition to validating muscle activation, there is a need to explore the dy-

namic role of muscle variation over time and its effect on phonation. While this

thesis has included some time-varying elements, such as varying lung pressure in

PTP calculations, the dynamic nature of phonatory gestures remains underex-

plored. Modeling vocal onset and offset, for example, could provide significant

insights into the biomechanical underpinnings of VH, as parameters like relative

fundamental frequency (RFF) have been shown to differ between healthy con-

trols and patients [159, 160]. By simulating these transitions and comparing the

results with clinical data, future work could deepen our understanding of how

muscle activation patterns influence the onset and progression of vocal disorders.

Another promising avenue for future research is the identification of new

model-based features that can serve as indicators of vocal pathology. Several

studies have already demonstrated the potential of aerodynamic parameters, such

as PS (PS), in distinguishing between healthy and hyperfunctional populations

[10]. However, related parameters, such as collision pressure and dissipated power

during VF oscillation, are more challenging to measure directly. Using the TBCM,

we can estimate dissipated power as a function of PS and explore its potential as a

discriminating feature between healthy and pathological voice conditions. Prelim-
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inary results suggest a quadratic relationship between dissipated power and PS,

which may provide a powerful indicator of vocal hyperfunction. Additionally, an-

other important direction for future research is finding model-based features that

correlate more effectively with TA muscle activation. Currently, estimating TA

activation remains inconsistent, and identifying features that are more strongly

linked to TA behavior could provide a more reliable and direct way to estimate its

role in phonation, offering a clearer picture of its contribution to vocal pathologies.

Building on the work presented in chapter 3, future research could also focus on

incorporating pathological VF models into ambulatory analysis. While the current

methodology has proven effective for PVH, it is important to explore how the more

complex pathological models developed in this thesis could be integrated into

ambulatory monitoring frameworks. This would involve developing a systematic

approach to determine when to apply a pathological model versus a control model,

particularly in cases where the subject’s hyperfunctional state remains unclear.

By incorporating additional clinical measurements, such as video laryngoscopy,

it may be possible to create a continuous scale of vocal health, offering a more

nuanced understanding of the transition from healthy to pathological vocal states.

Finally, another area for improvement in the ambulatory analysis framework

is the connection between the accelerometer (ACC) signal and the glottal airflow

signal. In this thesis, the IBIF inverse filtering scheme was used to connect these

signals, but a more integrated approach would involve using the ACC signal as
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an output of the VF models themselves. By constructing a multi-layer propaga-

tion model that captures the relationship between glottal airflow and neck-skin

acceleration, we could directly link model parameters to ambulatory data. This

approach would allow for more accurate estimations of VF dynamics in real-world

conditions and provide a robust foundation for future clinical diagnostics.

6.2 General conclusions

This thesis has provided a comprehensive exploration of VH through physio-

logically inspired VF models, establishing a methodological framework that inte-

grates biomechanical and physiological insights into both laboratory and ambu-

latory settings. The research has made significant contributions across multiple

areas, each addressing different aspects of VH and its representation in VF models.

The first major contribution was the adaptation of a stationary VF model,

previously validated for sustained phonation, to the analysis of ambulatory data.

By employing a statistical sampling scheme, the research demonstrated that VF

models can effectively replicate ambulatory data distributions and estimate phys-

iological parameters such as PS and muscle activation. This supports Hypothesis

1, as the study successfully differentiated between control subjects and PVH pa-

tients, showing that PVH is characterized by increased PS and consistent laryngeal

muscle activation. This contribution marks a key advancement in the integration
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of biomechanical models into real-world monitoring tools, opening avenues for fu-

ture work that could include additional features and refine the models for more

diverse populations. The success of this methodology opens avenues for future

work, particularly in refining the model to better represent diverse populations,

including those with specific vocal pathologies. Future research should explore

how additional features can be integrated into this ambulatory framework to bet-

ter capture the complexities of vocal function. An important challenge lies in the

estimation of TA muscle activation. The current aerodynamic features struggles

to constrain the behavior of the TA muscle accurately, introducing uncertainty

into the estimation. This remains a key area for future improvement, as resolving

this will allow for a more reliable characterization of TA behavior in VH.

Additionally, the development and testing of new VF models that capture spe-

cific elements of VH, particularly asymmetry for NPVH and nodule behavior for

PVH, provided key insights into the role of muscle activation in both biomechan-

ical properties and VF posture. The nodule model for PVH used a fixed-mass

approach to represent the nodule as a static element, focusing on how it alters

VF mechanics. Despite this simplification, the model was able to replicate trends

observed in clinical data, as well as in previous silicone models and numerical

simulations. Specifically, the model showed how increased adductor muscle acti-

vation and PS are necessary to compensate for the presence of nodules, aligning

with clinical observations of elevated PS in PVH patients. This compensation
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strategy leads to greater mechanical stress on the VFs, as evidenced by the ele-

vated MFDR and the increased pressure quotient, both of which are known risk

factors for VF trauma.

The asymmetry model for NPVH introduced a new framework for understand-

ing how muscle imbalances affect VF oscillation and lead to compensatory behav-

ior. This study found that NPVH compensation primarily involves increased PS

and laryngeal tension but does not result in a significant increase in adduction,

thus validating Hypothesis 2, which posits different compensation mechanisms be-

tween NPVH and PVH. The comparison between the two models highlighted key

compensatory differences: PVH compensation requires complete closure of the

posterior glottal gap and leads to elevated MFDR and a higher pressure quotient,

which contributes to VF trauma. In contrast, NPVH compensatory strategies

maintain a higher PS without increasing the pressure quotient, dont need the ad-

duction of the VFs offering an explanation for why VF trauma is absent in NPVH

patients despite the presence of elevated PS and muscle tension.

The compensation study in both models revealed important distinctions be-

tween the two types of hyperfunction, particularly regarding the degree of ad-

duction and the pressure quotient. These findings underscore the importance of

understanding how different VH conditions influence the underlying compensatory

mechanisms and their potential impact on VF health.

Each chapter contributes essential building blocks for the next stages of VF
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modeling and clinical application. The ambulatory data integration establishes

a foundation for future work, where new acoustic or aerodynamic features could

be incorporated into the analysis. The asymmetrical model introduces a frame-

work for exploring muscle imbalance not just in NPVH but also in other vocal

pathologies, highlighting the need for dynamic, patient-specific modeling in fu-

ture research. Lastly, the nodule model provides a simplified but effective way to

model VF trauma, which could be expanded with more sophisticated simulations

and experimental validation.

By addressing these critical areas, this thesis not only advances the current

understanding of VH and its manifestations but also sets the stage for more re-

fined and clinically relevant modeling approaches. Future efforts should focus on

validating these models with clinical data, exploring dynamic control schemes,

and integrating more detailed physiological measurements, such as intramuscu-

lar EMG or high-speed video analysis, to bridge the gap between mathematical

models and clinical practice.
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Appendix A

Implementation of the a-TBCM

The proposed a-TBCM is, an extension of the TBCM [42, 44], builds upon

prior efforts [90, 95, 98, 42, 84]. The proposal moves from a symmetrical to an

asymmetrical glottal configuration considering the left and right VFs with two

VFs with their independent muscle activation vector.

A.0.1 Posture and biomechanical properties

For each side of the a-TBCM, as shown in Figure 4.1, the dynamic adjustment

of vocal posture and VF configuration as a function of activation vector a⃗i in

Equation 4.1 follows the methodology in the TBCM. The theoretical development

and the implementations were described in [42, 44], and are briefly summarized

for completeness.

A system of equations of motion models the laryngeal posturing by describing

the relative movements between the arytenoid cartilage and the cricoid cartilage,

and between the cricoid cartilage and the thyroid cartilage, in response to the

forces in the laryngeal tissues. Vocal process Cartesian coordinates are tracked,
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and from this information and the forces in the laryngeal tissues, the adductory

displacements, ∆xu,i,∆xl,i, and the VF lengths, Li, for i ∈ {L,R} are obtained

(see Figure A.1).
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Figure A.1: (Color online) Top view: 2D diagram describing the abducted VFs posi-

tioning for the cover blocks in the a-TBCM.

Thereupon, empirical rules are applied for adjusting the geometrical and biome-

chanical parameters [95, 44] (e.g., thickness, depth, and massm for each block, the

nodal point, the glottal convergence, and the values for the spring k and damping

d parameters (see Figure 4.1)) of the left/right TBCM.
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A.0.2 Glottal areas calculation

The total glottal area Ag is the contribution of the membrane portion of the

VFs (MGO) and the posterior gap (PGO), as shown in the Figure 4.1.

In the a-TBCM, the MGO for upper or lower blocks is computed as follows:

Am = ATrR + ATrL + ARect, (A.1)

where the subscripts indicate whether the area is triangular, Tr, or rectangular,

Rect. For the computation of these areas, the fraction of the block that is under

collision is introduced as a quantity that simplifies the expressions [84, 42]:

αi = max

(
0,min

(
ycol
Li

, 1

))
i ∈ {L, R}. (A.2)

The collision height ycol in Equation A.2 denotes the y-coordinate of the point

where the left- and right-edge lines intercept determines the collision height (see

the red dot in Figure A.2). There are two possible scenarios for the glottis, as

shown in Figure A.2. (top) VF in no collision: (α = 0), and (bottom) VFs in

collision: (α > 0).

The triangular-shaped glottal area is calculated as follows:

ATri = (1− αi)
2Li

∆xi
2
, (A.3)

where factor (1 − αi) is the non-collision portion of the VF, and the subscript

i ∈ {L,R}. On the other hand, the rectangular-shaped area is obtained from:

ARect = max (0, xBR
− xBL

)
LR + LL

2
. (A.4)
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Figure A.2: (Color online) Glottal area scheme for VF blocks: (top) no collision, (bot-

tom) collision.

Note that during VF collision, ARect = 0 in Eq. (A.1).

The cross-sectional area, At, and the contact area, Ac, are obtained from the

collision fraction, αi, in a similar way as in [44, 42]:

Ati = (1− αi)LiTi, (A.5)

Aci = αiLiTi, (A.6)

where i ∈ {L,R}.

The posterior glottal opening, PGO, is defined for each VF following [44],

using the cricoarytenoid junction coordinate. In the a-TBCM, the PGO is the
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contribution of both VFs:

PGO = PGOR + PGOL. (A.7)

The total glottal area is the sum of the membranous area and the posterior gap:

Ag = AM + PGO, (A.8)

where AM = min (Amu , Aml
), the minimum between upper and lower MGO, as

shown in Figure A.1.

A.0.3 Equations of motion

The asymmetrical VF vibrations are simulated on the basis of coupled left/right

systems of equations of motion. Each system simulates the medial-lateral displace-

ments for the upper (u) and lower (l) cover masses and the body (b) mass in the

TBCM (see Figure 4.1).

The equations of motion for each VF are:

mu,iẍu,i = Fk;u,i + Fd;u,i − Fk;c,i + Fe;u,i + Fcol;u,i, (A.9a)

ml,iẍl,i = Fk;l,i + Fd;l,i − Fk;c,i + Fe;l,i + Fcol;l,i, (A.9b)

mb,iẍb,i = Fk;b,i + Fd;b,i − Fk;u,i − Fd;u,i − Fk;l,i − Fd;l,i, (A.9c)

where i denotes the considered side (L or R), m is the mass of the block and x is

the medial-lateral displacement over time. The right side of the equation presents
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the net force acting upon the block due to elastic (k), damping (d), aerodynamic

(e), and collision (col) components.

The elastic forces (Fk;u,i, Fk;l,i, Fk;c,i, Fk;b,i) are modeled through a nonlinear

Hooke’s law, and the damping forces (Fd;u,i, Fd;l,i, Fd;b,i) are modeled proportional

to the velocity. These force components are not affected by the presence of the

other VF; the rules for calculation are the same as in [90, 42]. The explicit equation

for each force component can be found in the appendix in [42].

The aerodynamic driving forces (Feui
, Feli) represents the force that the in-

traglottal pressure exerts on the VFs. It depends on the glottal flow, glottal and

transversal area. Previous works explain how to calculate the intraglottal flow and

pressure from the upper/lower glottal area [64]. Using the definition of pressure,

the aerodynamic force for the upper/lower block is:

Faer = Pint(Ag)× At, (A.10)

where Pint is the intraglottal pressure (constant in the entire upper or lower block)

which is a function of glottal area Ag and the sub- and supra-glottal pressures,

and At is the cross-sectional area that multiplies the pressure to compute the force

component, which depends on the geometry and collision fraction α of the VF.

The equations from [42, 81] are used to calculate the intraglottal pressure from

the glottal area; however, it is necessary to define how to calculate the glottal and

cross-sectional areas in the a-TBCM due to the lack of mirror symmetry.
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The collision forces (Fcol;u,i, Fcol;l,i) depend on the interpenetration distances in

the upper/lower cover masses due to the impact between opposing VFs. Therefore,

the computation of the collision force requires defining when the collision occurs,

and the VF section undergoing the collision.

Similar to [42], the total collision force for the lower or upper blocks is:

Fcol;j,i = −k∗col;j
∫ ycol;j

0

(
dj,i(y) + ηcol;jd

3
j,i(y)

)
dy, (A.11)

where i ∈ {L, R}, j ∈ {l, u}, d(y) is the interblock penetration distance, ycol

is the collision height, k∗col is the effective spring collision constant, and ηcol is a

nonlinear coefficient. To calculate the interblock penetration distance d(y), the

VF edge is described as a straight line. The x position of the VF is a function of

the y coordinate, as follows:

xj,i(y) = bj,iy + cj,i, i ∈ {L, R} and j ∈ {l, u}, (A.12)

where b is the slope and c is the intercept, see below. The explicit values for

quantities are obtained from Figure A.1 that shows a 2D top view of the cover

masses, where Li is the VF length, xj,i is the mass position and ∆xi,j is posterior

displacement, given the degree of abduction by the muscle activation.

bj,i =

{
−∆xj,L

LL
for i = L and j ∈ {l, u}

∆xj,R

LR
for i = R and j ∈ {l, u}

, (A.13)

cj,i =

{
xj,L +

∆xj,L

2
for i = L and j ∈ {l, u}

xj,R − ∆xj,R

2
for i = R and j ∈ {l, u}

. (A.14)
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Without loss of generality, consider one of the cover elements, either upper or

lower for both VFs; the upper or lower subscript is removed to have a short nota-

tion since the expression and the formulation is equivalent for both blocks. With

the mathematical description of the VF edges in Equation A.12, the interblock

penetration distance is defined by:

dR(y) = xR(y)− xL(y), (A.15)

note that dL(y) = −dR(y), this denotes the opposite direction in collision forces.

Additionally, this distance gives the collision condition:

dR(0) ≥ 0. (A.16)

For the calculation of the collision height ycol in Equation A.11, three possible

glottal configurations are considered (see Figure A.3): the posterior portions in

both VFs are abducted (∆xR,∆xL > 0), the right VF is adducted and the left one

is medialized (∆xR > 0 and ∆xL = 0) and vice versa, and both VFs are tightly

adducted (∆xR,∆xL = 0).

For the cases where at least one of the VFs has an adduction degree:(∆xi ̸= 0),

the collision height is calculated from the interpenetration distance condition:

dR (ycol) = 0, (A.17)

with some algebra:

ycol =
cL − cR
bR − bL

= −c
∗

b∗
. (A.18)
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For the case of parallel VFs, i.e., the case for ∆xL = ∆xR = 0. The collision

height is calculated simply based on the collision condition and the length of the

VF:

ycol =

{
min(LL, LR) if dR(0) ≥ 0

0 if dR(0) < 0
. (A.19)

The effective spring collision constant in Equation A.11 is computed assuming an

in-series spring configuration:

1

k∗col
=

1

kcolL
+

1

kcolR
, (A.20)

which comprises the contributions from the left- and right-side collision springs.

The values for kcolR , kcolL and ηcol are computed following [42].

Replacing the Eqs. (A.15) and (A.20) in the integral in Eq. (A.11) the total

collision force can be computed by:

Fcol =− k∗col
4
ycol (2c

∗ + b∗ycol)×[
2 + ηcol

(
2c∗2 + 2b∗c∗ycol + b∗2y2col

)]
.

(A.21)

Note that the quantities c∗, b∗, k∗col, and ycol have information on the properties

of both VFs.
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Figure A.3: (Color online) The three collision scenarios in the a-TBCM determined by

the left/right posterior displacements: (Top) case ∆xR,∆xL > 0, (Middle) ∆xR > 0

and ∆xL = 0 (and vice versa), and (Bottom) ∆xR,∆xL = 0.
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Appendix B

Implementation of the n-TBCM

kckc

kb

db
kl

dl

du

ku

PGO

MGO

db

kb

kl

dl

ku

du

Figure B.1: Vocal fold nodule approach scheme. Gray blocks represent the base TBCM

scheme. Blue blocks represent the nodules

Figure B.1 shows the scheme of nodule approach in the TBCM as a fixed shift

in length distribution. Figure B.2 shows the sections for nodule implementation
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and some important positions in the nodule. In this approach, nodules appear as

a new element in the vocal fold. This new element doesn’t have movement but

changes the collision condition, glottal area calculation and vocal fold mass and

stiffness.

Different geometries for the nodule are proposed here: Rectangular, Cylindrical

and Spherical. All the definitions and changes that will be shown next can be

applied to both vocal fold masses (lower and upper).
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Figure B.2: Vocal fold with nodule as a shift in the length distribution. (Left) Base

position . (Right) new rest position
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B.1 Model parameters

In our approach for vocal folds nodules. The model add these nodules param-

eters:

• Nodule position ratio λ, from 0 to 1.

• Nodule nodule length (Radius) Rn = Dn, Ln = 2Rn.

• Nodule density ρn.

• Coupling spring gain β.

• Elastic properties for nodule: Nodule Young Modulus En and Poisson Ratio

νn.

B.2 Definitions

B.2.1 Nodule position

One of the approach parameters is the nodule position ynod:

ynod =
Lnod

2
+ λ (Lg − Lnod) (B.1)

where λ is the fraction of position in function of vocal fold length, meaning λ = 0

bottom and λ = 1 top.
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B.2.2 Points position

For an easier write of the changes in TBCM, we define some positions that

will be linked to the equations, the position represented in the Figure B.2.

1. Posterior position.

x1 = x− ∆x

2
(B.2)

2. Upper A section position.

For this position, we start with x1 position plus a fix distance, this distance

is calculated using triangle similarity.

x2 = x1 + x′ (B.3)

x′

ynod − Lnod/2
=

∆x

Lg

→ x′ =
∆x

Lg

(ynod − Lnod/2) (B.4)

x2 = x− ∆x

2
+

(
ynod −

Lnod

2

)
∆x

Lg

(B.5)

x2 = x+∆x

[(
λ− 1

2

)
− λ

Lnod

Lg

]
(B.6)

3. Lower nodule position.

x3 = x2 −Dnod (B.7)

x3 = x+∆x

[(
r − 1

2

)
− λ

Lnod

Lg

]
−Dnod (B.8)

4. Upper nodule position.

We use another triangle similarity. to move from x3 to x4.

x4 = x3 + x′′,
x′′

Lnod

=
∆x

Lg

(B.9)
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x4 = x3 +
Lnod

Lg

∆x (B.10)

x4 = x+∆x

[(
λ− 1

2

)
+ (1− λ)

Lnod

Lg

]
−Dnod (B.11)

5. Lower C section position.

x5 = x4 +Dnod (B.12)

x5 = x+∆x

[(
λ− 1

2

)
+ (1− λ)

Lnod

Lg

]
(B.13)

6. Anterior position.

x6 = x+
∆x

2
(B.14)

B.2.3 Section parameters

Figure B.3 shows a section collision and how the area is defined for times in

collision α ̸= 0 and free α = 0.

To the area, collision and other equation we use the section parameters: base

position xbase, length xlen and height L. These parameters can be write with the

points position.

• Height

L =


ynod − Lnod

2
for A

Lnod for B

Lg −
(
ynod +

Lnod

2

)
for C

(B.15)

• Length

xlen =


x2 − x1 for A

x4 − x3 for B

x6 − x5 for C

(B.16)
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Figure B.3: Vocal fold section area. (a) α = 0, (b) α ̸= 0.

• Base position

xbase =


x1 for A

x3 for B

x5 for C

(B.17)

Replace the value of points position:

• Height

L =


λ (Lg − Lnod) for A

Lnod for B

(1− λ) (Lg − Lnod) for C

(B.18)

• Length

xlen =



λ

(
1− Lnod

Lg

)
∆x for A

Lnod

Lg

∆x for B

(1− λ)

(
1− Lnod

Lg

)
∆x for C

(B.19)
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• Base position

xbase =


x− ∆x

2
for A

x+∆x

[(
λ− 1

2

)
− λ

Lnod

Lg

]
−Dnod for B

x+∆x

[(
λ− 1

2

)
+ (1− λ)

Lnod

Lg

]
for C

(B.20)

B.3 Changes in TBCM implementation

B.3.1 Equilibrium position of cover masses

In a tight vocal process like ∆x = 0, the nodule produce a collision in the

equilibrium position, for that reason the new relaxing position will be different to

posterior position equal to 0.

xres =Max

[
0,−x3

(
∆x

2

)]
=Max

[
0,−

(
∆xλ

[
1− Lnod

Lg

]
−Dnod

)]
(B.21)

this xres is the lower nodule position when the vocal fold is in x = ∆x/2, the Max

function is used to keep the displacement equal to zero when the nodule don’t cross

the media line. So, we define the total equilibrium position and displacement:

x̂ = x−
(
∆x

2
+ xres

)
(B.22)

As a parameter in me implementation we have a switch for this additional rest

position. to use or not.
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B.3.2 Collision fraction

In figure B.3 appear α as the percentage that indicates how much surface of

the mass is actually colliding. To define this proportion, we will do the difference

between ∆x = 0 and ∆x ̸= 0.

A general way to write it is:

α =

{
(x < 0) ∆x = 0

Max
(
0,Min

(
−xbase

xlen
, 1
))

∆x ̸= 0
(B.23)

The Min function limit the proportion to a maximum value of 1, the Max function

regret negative values, this values happen when the section don’t cross the y-axis.

Replace the value using section parameters.

αA =


(x < 0) ∆x = 0

Max

0,Min

− x−∆x/2

λ

1−
Lnod

Lg

∆x

, 1


 ∆x ̸= 0

(B.24)

αB =


(x−Dnod < 0) ∆x = 0

Max

0,Min

−
x+∆x

λ−
1

2

−λ
Lnod

Lg

−Dnod

Lnod

Lg

∆x

, 1


 ∆x ̸= 0

(B.25)

αC =


(x < 0) ∆x = 0

Max

0,Min

−
x+∆x

λ−
1

2

+(1−λ)
Lnod

Lg


(1−λ)

1−
Lnod

Lg

∆x

, 1


 ∆x ̸= 0

(B.26)
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B.3.3 Glottal area

The glottal area will be the sum of the three component, for each one we define

the area like a sum of a triangle and a rectangle, as in TBCM implementation. In

the figure B.3 we have the two possibilities for a section. α = 0 and α ̸= 0.

The area for the section is:

Area = 2(1− α)L [Max(0, xbase) + (1− α)xlen/2] (B.27)

The factor (1 − α) means the portion of h and xlon free. The glottal area for a

mass in the vocal fold, is the sum of the three sections area.

The total glottal area in n-TBCM is:

Ag =
∑

i=A, B, C

2(1− αi)L [Max(0, xbasei) + (1− α)xleni
/2] (B.28)

B.3.4 Collision force

To represent the collision force when there is a nodule, we consider it as an

additional force.

The nodule collision force is equivalent to the vocal fold collision, resented in

equation (2.34):

Fcol = −kc
∫ yc

0

(
x(y) + ηcx

3(y)
)
dy, (B.29)
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using the figure B.3 we describe the position position as:

x(y) = xbase +
xlen
h
y. (B.30)

Solving the integral is:

Fcol = −1

4
kcα (2xbase + αxlen)

(
2 + ηc

[
2x2base + 2αxbasexlen + (αxlen)

2]) (B.31)

The value for xbase and xlen for each section are in equation (B.20) and (B.19).

kc is the elastic coefficient not per unit of length, kc = k̂cLg. The total collision

force is the sum of each section force. To compute this force, we create a function

for B.31.

Fcol = f (α, xbase, xlen, kc, ηc)

For the nodule, the collision force have a maximum value, when the entire nod-

ule is in collision, this is computed with an effective xbase: We use the traditional

force with a limit in the xbase position.

x′base = max [xbase,−Dnod] (B.32)

B.3.5 Collision pressure - contact area

To define the pressure made for the collision force, we need an expression for

the contact area, this expression is similar to the glottal area but with thickness

dimension.
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Figure B.4: 3D representation: Section transverse area: (a) α = 0, (b) α ̸= 0. (c) Full

block view

Looking the Figure B.4 (c), we understand the contact and transverse area is

define into two sections. One with depth T−Lnod, this section uses TBCM normal

equations and the second section uses the nodule distribution in three section.

Contact area for one section is:

Ac = αLgT (B.33)

the total contact area is the sum of all sections.

Ac = ATBCM + Anod

= αLg(T − Lnod) + Lnod

∑
i=A,B,C

αiLi (B.34)

B.3.6 Aerodynamic force - transverse area

The sub-glottal flow do a force in the vocal folds, this force is pressure applied

in the transverse area for each fold. For the transverse area we have an expression
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similar to contact pressure:

For one section, is equal to (2.39):

At = (1− α)LT (B.35)

The total transverse area is:

Ac = (1− α)Lg(T − Lnod) + Lnod

∑
i=A,B,C

(1− αi)Li (B.36)

B.3.7 Vocal fold parameters

The last two changes in the TBCM is the increase of mass and the spring

upper block.

• Nodule spring constant, flowwing [95]:

kn =
En

(1 + νn)
Dn (B.37)

Here we use elastic and geometrial properties of the nodule and the relation

between shear modulus, Young modulus and Poisson ratio.

• Increase in mass:

m′ = m+ ρnodDnodL
2
nod (B.38)

Here we use the water density as nodule density reference.

• Increase in coupling spring:

k′c = (1 + β) kc (B.39)
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In this equation define a gain β.
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[73] Mat́ıas Zañartu. Influence of acoustic loading on the flow-induced oscillations of

single mass models of the human larynx. Master’s thesis, School of Electrical and

Computer Engineering, Purdue University, West Lafayette, IN, 2006.

[74] James L Flanagan. Speech analysis synthesis and perception, volume 3. Springer

Science & Business Media, 2013.

[75] Mazin G. Rahim. Artificial Neural Networks for Speech Analysis/synthesis. Chap-

man & Hall, 1994.

[76] Brad H Story. Mechanisms of voice production. The handbook of speech production,

pages 34–58, 2015.

[77] Ingo R Titze. Parameterization of the glottal area, glottal flow, and vocal fold

209



contact area. The Journal of the Acoustical Society of America, 75(2):570–580,

1984.

[78] Xavier Pelorson, Avraham Hirschberg, RR Van Hassel, APJ Wijnands, and Yves

Auregan. Theoretical and experimental study of quasisteady-flow separation

within the glottis during phonation. application to a modified two-mass model.

The Journal of the Acoustical Society of America, 96(6):3416–3431, 1994.

[79] Byron D. Erath and Michael W. Plesniak. The occurrence of the Coanda effect

in pulsatile flow through static models of the human vocal folds. The Journal of

the Acoustical Society of America, 120(2):1000–1011, 2006.

[80] Xiaojian Wang, Xudong Zheng, Ingo R Titze, Anil Palaparthi, and Qian Xue.

Examining the quasi-steady airflow assumption in irregular vocal fold vibration.

Applied Sciences, 13(23):12691, 2023.

[81] Jorge C. Lucero and Jean Schoentgen. Smoothness of an equation for the glottal

flow rate versus the glottal area. The Journal of the Acoustical Society of America,

137(5):2970–2973, 2015.

[82] Steven D Gray, Fariborz Alipour, Ingo R Titze, and Thomas Hale Hammond.

Biomechanical and histologic observations of vocal fold fibrous proteins. Annals

of Otology, Rhinology & Laryngology, 109(1):77–85, 2000.

[83] Marie D. Dubois, Martin Ch, and Jean M. Prades. Cellular, extracellular and

210



histological analysis of the vocal folds: correlation between structure and function.

Revue de Laryngologie-Otologie-Rhinologie, 128(5):267–271, 2007.

[84] Peter Birkholz, Bernd J Kröger, and Christiane Neuschaefer-Rube. Synthesis of

breathy, normal, and pressed phonation using a two-mass model with a triangular

glottis. In Interspeech, pages 2681–2684, 2011.

[85] Livija Cveticanin. Review on mathematical and mechanical models of the vocal

cord. Journal of Applied Mathematics, 2012(1):928591, 2012.

[86] Zhaoyan Zhang, Jody Kreiman, Bruce R. Gerratt, and Marc Garellek. Acoustic

and perceptual effects of changes in body layer stiffness in symmetric and asym-

metric vocal fold modelsa). The Journal of the Acoustical Society of America,

133(1):453–462, 2013.

[87] Fariborz Alipour, David A. Berry, and Ingo R. Titze. A finite-element model

of vocal-fold vibration. The Journal of the Acoustical Society of America,

108(6):3003–3012, 2000.

[88] Jack J. Jiang, Carlos E. Diaz, and David G. Hanson. Finite element modeling

of vocal fold vibration in normal phonation and hyperfunctional dysphonia: Im-

plications for the pathogenesis of vocal nodules. Annals of Otology, Rhinology &

Laryngology, 107(7):603–610, 1998.

211



[89] Brad H. Story. An overview of the physiology, physics and modeling of the sound

source for vowels. Acoustical Science and Technology, 23(4):195–206, 2002.

[90] Brad H. Story and Ingo R. Titze. Voice simulation with a body-cover model of the

vocal folds. The Journal of the Acoustical Society of America, 97(2):1249–1260,

1995.

[91] Fariborz Alipour-Haghighi and Ingo R. Titze. Elastic models of vocal fold tissues.

The Journal of the Acoustical Society of America, 90(3):1326–1331, 1991.

[92] Fariborz Alipour and Sarah Vigmostad. Measurement of vocal folds elastic prop-

erties for continuum modeling. Journal of Voice, 26(6):816–e21, 2012.

[93] Roger W. Chan and Ingo R. Titze. Viscoelastic shear properties of human vocal

fold mucosa: Measurement methodology and empirical results. The Journal of

the Acoustical Society of America, 106(4):2008–2021, 1999.

[94] Dinesh K. Chhetri, Zhaoyan Zhang, and Juergen Neubauer. Measurement of

Young’s modulus of vocal folds by indentation. Journal of Voice, 25(1):1–7, 2011.

[95] Ingo R. Titze and Brad H. Story. Rules for controlling low-dimensional vocal fold

models with muscle activation. The Journal of the Acoustical Society of America,

112(3):1064–1076, 2002.

[96] Mikhail Wadie, Stewart I. Adam, and Clarence T. Sasaki. Development, anatomy,

212



and physiology of the larynx. In Principles of Deglutition: A Multidisciplinary

Text for Swallowing and its Disorders, pages 175–197. Springer, 2013.

[97] Ingo R. Titze. The Myoelastic Aerodynamic Theory of Phonation. National Center

for Voice and Speech, 2006.

[98] Ingo R. Titze and Eric J. Hunter. A two-dimensional biomechanical model

of vocal fold posturing. The Journal of the Acoustical Society of America,

121(4):2254–2260, 2007.

[99] Ingo R Titze. Regulating glottal airflow in phonation: Application of the maxi-

mum power transfer theorem to a low dimensional phonation model. The Journal

of the Acoustical Society of America, 111(1):367–376, 2002.
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[115] Tomáš Vampola, Jaromı́r Horáček, and Ivo Klepáček. Computer simulation of

mucosal waves on vibrating human vocal folds. Biocybernetics and Biomedical

Engineering, 36(3):451–465, 2016.

[116] Kerstyn Comley and Norman Fleck. The compressive response of porcine adipose

tissue from low to high strain rate. International Journal of Impact Engineering,

46:1–10, 2012.

[117] Young B Min, Ingo R Titze, and Fariborz Alipour-Haghighi. Stress-strain re-

sponse of the human vocal ligament. Annals of Otology, Rhinology & Laryngology,

104(7):563–569, 1995.

[118] Haoxiang Luo, Rajat Mittal, Xudong Zheng, Steven A. Bielamowicz, Raymond J.

Walsh, and James K. Hahn. An immersed-boundary method for flow–structure

interaction in biological systems with application to phonation. Journal of Com-

putational Physics, 227(22):9303–9332, 2008.

216



[119] Philippe H Dejonckere and Malte Kob. Pathogenesis of vocal fold nodules: new

insights from a modelling approach. Folia Phoniatrica et Logopaedica, 61(3):171–

179, 2009.

[120] Christian Dresel, Patrick Mergell, Ulrich Hoppe, and Ulrich Eysholdt. An asym-

metric smooth contour two-mass model for recurrent laryngeal nerve paralysis.

Logopedics, Phoniatrics, Vocology, 31(2):61–75, 2006.

[121] Zhaoyan Zhang and Trung Hieu Luu. Asymmetric vibration in a two-layer vocal

fold model with left-right stiffness asymmetry: Experiment and simulation. The

Journal of the Acoustical Society of America, 132(3):1626–1635, 2012.

[122] Qi Xue, Rajat Mittal, Xudong Zheng, and Steven Bielamowicz. A computational

study of the effect of vocal-fold asymmetry on phonation. The Journal of the

Acoustical Society of America, 128(2):818–827, 2010.

[123] David E. Sommer, Byron D. Erath, Mat́ıas Zañartu, and Sean D. Peterson.
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[154] Byron D. Erath, Mat́ıas Zañartu, and Sean D. Peterson. Modeling viscous dis-

sipation during vocal fold contact: the influence of tissue viscosity and thickness

with implications for hydration. Biomechanics and Modeling in Mechanobiology,

16(3):947–960, 2017.

[155] Jackie Gartner-Schmidt and Amanda I. Gillespie. Conversation training therapy:

let’s talk it through. Seminars in Speech and Language, 42(1):32–40, 2021.

[156] Nelson Roy, Diane M. Bless, Dennis Heisey, and Charles N. Ford. Manual circum-

laryngeal therapy for functionaldysphonia: An evaluation of short- and long-term

treatment outcomes. Journal of Voice, 11(3):321–331, 1997.

[157] Katherine Verdolini. Lessac-Madsen Resonant Voice Therapy Clinician Manual.

Oxfordshire, UK: Plural Publishing Inc, 2008.

223



[158] Leena Rantala and Erkki Vilkman. Relationship between subjective voice com-

plaints and acoustic parameters in female teachers’ voices. Journal of Voice,

13(4):484–495, 1999.

[159] Cara E Stepp, Robert E Hillman, and James T Heaton. Use of neck strap muscle

intermuscular coherence as an indicator of vocal hyperfunction. IEEE Transac-

tions on Neural Systems and Rehabilitation Engineering, 18(3):329–335, 2010.

[160] Cara E. Stepp, Gabrielle R. Merchant, James T. Heaton, and Robert E. Hillman.

Effects of voice therapy on relative fundamental frequency during voicing offset

and onset in patients with vocal hyperfunction. Journal of Speech, Language, and

Hearing Research, 54(5):1260–1266, 2011.

[161] Juan P. Cortés, Gabriel A. Alzamendi, Alejandro J. Weinstein, Juan I. Yuz,

Vı́ctor M. Espinoza, Daryush D. Mehta, Robert E. Hillman, and Mat́ıas Zañartu.
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