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ABSTRACT

Obstructive Sleep Apnea (OSA) is a highly prevalent sleep-related breathing disorder characterized
by repetitive upper airway collapse during sleep. Despite its clinical significance, current diagnostic
techniques remain resource-intensive and often inaccessible. This thesis proposes two modelling
approaches aimed at characterizing upper airway acoustics and investigates their potential application
as non-invasive, quick and reliable OSA diagnosis during wakefulness.

The first approach involves a hybrid aero-acoustic simulation framework that decouples airflow
dynamics and sound propagation. Using patient-specific airway geometries reconstructed from high-
resolution CT scans, Large Eddy Simulation (LES) was employed to model unsteady inspiratory
flow. Aero-acoustic sources were extracted using Lighthill’s analogy and mapped onto a finite
element mesh to solve the wave equation for acoustic propagation. This enabled detailed analysis of
how anatomical features—including velopharyngeal, oropharyngeal, and tracheal constrictions—
alter airflow patterns, acoustic pressure distribution, and resonance frequencies at the trachea. The
results demonstrated strong correlations between geometrical narrowing and frequency shifts in
tracheal breathing sound spectra.

The second approach develops an empirical acoustic transfer function estimation between the mouth
and the trachea during controlled wakefulness breathing. Participants were exposed to broadband and
chirp input signals at the mouth, and tracheal responses were recorded to estimate the transfer
function. A novel piezoelectric contact microphone was developed to record the sounds with minimal
background interference. Statistical analysis revealed repeatable and individualized transfer
functions, with significant spectral variations corresponding to anatomical differences and potential

airway obstruction.



Together, these approaches provide a comprehensive understanding of the relationship between the
upper airway anatomy, airflow mechanics, and the spectral content of breathing sounds. The findings
support the feasibility of using tracheal acoustic responses during wakefulness for OSA diagnosis. In
addition, they provide mechanistic insights into OSA pathophysiology by linking specific acoustic
signatures to underlying anatomical abnormalities. This enables not only OSA classification, but also
identification of the likely anatomical contributors to obstruction in each case. Such individualized
insights advance the understanding of the disorder mechanism and pave the way for more targeted,
personalized therapeutic strategies. Furthermore, the methodology establishes the groundwork for

developing accessible, non-invasive, and personalized screening tools for sleep-disordered breathing.
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CHAPTER ONE: MOTIVATION AND RESEARCH OBJECTIVES

1.1 Motivation

Obstructive sleep apnea (OSA) remains a major health challenge worldwide, yet current
diagnostic methods are slow, costly, and resource-intensive. Polysomnography (PSG), the
diagnostic gold standard, provides accurate classification of OSA severity but requires overnight
monitoring in specialized facilities, contributing to long delays in diagnosis and treatment
initiation. These limitations emphasize the urgent need for faster, more accessible, and non-
invasive screening tools with comparable accuracy to PSG, while providing insight into the
pathophysiology of OSA.

Tracheal breathing sounds (TBS) recorded during wakefulness is a promising alternative.
TBS acquisition is simple, rapid, and inexpensive, making it feasible for large-scale screening.
However, while spectral features of TBS have been shown to distinguish OSA from non-OSA with
encouraging accuracy, their physiological interpretation remains limited. Specifically, the
influence of anatomical variations in the upper airway on the acoustic properties of TBS remains
insufficiently characterized, and this lack of mechanistic understanding constrains the diagnostic
and clinical utility of sound-based methods.

Computational and experimental models provide an opportunity to bridge this gap by
linking airway structure, airflow dynamics, and acoustic signatures. This dissertation proposes two
modelling approaches: (1) a hybrid aero-acoustic simulation framework to model and validate the
generation and propagation of tracheal breathing sounds, and (2) an empirical methodology for
estimating the acoustic transfer function of the upper airway. Together, these approaches aim to

improve the interpretability and diagnostic accuracy of TBS, provide mechanistic insights into the
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anatomical determinants of OSA, and lay the groundwork for accessible, personalized,

reproducible, and non-invasive diagnostic strategies.
1.2 Goals and objectives

Although considerable effort has been made to acoustically model the upper airway,
existing approaches have several limitations. Many models are based on simplified geometries that
fail to capture the anatomical complexity and inter-patient variability of the human airway. Critical
structural features such as asymmetries in the nasal passage, and variable pharyngeal constrictions
are often excluded, despite their critical roles in airflow behaviour and sound generation.
Moreover, most existing studies either lack experimental validation or validate their models using
idealized or oversimplified airway geometries, limiting their clinical relevance. Importantly, the
relationship between upper airway anatomy and the characteristics of TBS remains underexplored.
In addition, while TBS has been proposed as a non-invasive tool for screening OSA, most
classification approaches rely on spectral features, without linking them to specific anatomical or
physiological characteristics, limiting interpretability and diagnostic precision.

Furthermore, although the typical frequency content of TBS lies within the [100-3000] Hz
range [1], a model that enables extraction of information of the upper airway across a broader
frequency spectrum could provide deeper insight into upper airway function and pathology.
Therefore, the primary goal of this dissertation is to develop an anatomically accurate aero-
acoustic model of the upper airway capable of simulating tracheal breathing sounds and to
investigate the influence of the anatomical features such as pharyngeal constriction size and
location, and tracheal length on the simulated sounds. Furthermore, this dissertation has a
secondary goal to formulate an empirical acoustic transfer function of the upper airway that is

robust and consistent across an extended frequency range (up to 5000 Hz), enabling the extraction
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of clinically relevant information and supporting potential OSA classification. To achieve these
goals, the specific objectives are as follows:

Primary goal: Developing an anatomically accurate aero-acoustic model of the upper
airway.

Objective 1.1: Develop and experimentally validate an aero-acoustic model of a
simplified tube with a constriction.

As an initial step toward validating the aero-acoustic simulation framework, this objective
involves simulating sound generation due to airflow through a simplified tube with a geometric
constriction. The primary aim is to iteratively refine the numerical methodology by benchmarking
it against controlled experimental results. An experimental setup will be constructed to
systematically investigate the influence of various constriction sizes on the resulting acoustic
spectra. This approach will provide fundamental insights into the effects of flow disturbances
caused by geometric features and serve as a foundational step before extending the model to
anatomically realistic upper airways.

Objective 1.2: Develop an aero-acoustic model of a realistic upper airway of a healthy
participant and validate TBS clinically (in-vivo).

This objective extends the validated modelling framework to anatomically realistic upper
airway geometries obtained from CT scan of a healthy participant. Simulations will be conducted
under physiologically relevant boundary conditions, and their acoustic output will be compared
with in-vivo TBS recordings obtained from the participant. The purpose is to establish a reliable
modelling platform that replicates real-life breathing acoustics.

Objective 1.3: Investigate the influence of anatomical features on the simulated

breathing sounds.



To better understand the relationship between upper airway morphology and acoustic
output, a series of sensitivity analyses will be carried out by systematically altering key anatomical
features within the aero-acoustic model. Parameters such as the size and location of pharyngeal
constrictions and tracheal length will be modified, based on clinically observed characteristics
from individuals with OSA, to assess their effect on the simulated TBS spectrum. Quantifying
these effects will help identify which anatomical variations most significantly influence acoustic
characteristics, ultimately contributing to the interpretability and diagnostic relevance of TBS
simulations.

Objective 1.4: Extend the aero-acoustic model to a realistic upper airway of an OSA
participant and assess the effectiveness of the anatomical features detected.

An anatomically accurate model of the upper airway from a participant diagnosed with
OSA is reconstructed and integrated into the aero-acoustic simulation framework. The anatomical
features, identified in Objective 1.3 as influential, will be specifically examined in the context of
this OSA participant’s airway geometry. Their individual and combined effects on the simulated
tracheal breathing sounds will be evaluated to determine whether the acoustic signatures predicted
by the sensitivity analyses are manifested in the OSA case. This analysis will help validate the role
of these features in real clinical cases and assess their potential as acoustic biomarkers for OSA.

Secondary goal: Formulate an empirical acoustic transfer function of the upper airway.

Objective 2.1: Design and test a contact-based piezoelectric microphone for robust
TBS recording and empirical transfer function setup.

A contact-based piezoelectric microphone is developed and tested to accurately capture
body-conducted sounds with minimal interference from environmental and background noise.

This microphone serves two critical purposes. First, it plays a central role in the experimental setup
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for estimating the acoustic transfer function of the upper airway. In this setup, a known sound is
introduced through a speaker positioned in the participant’s mouth, and the resulting output is
recorded at the suprasternal notch. To ensure that the captured signal represents sound transmitted
through the airway, and not contaminated by airborne sound from the speaker, effective isolation
from external noise is essential. Second, the microphone is used to record TBS while suppressing
airborne sound generated at the mouth or nose.

Objective 2.2: Develop an empirical acoustic transfer function of the upper airway of
healthy individuals and assess its intra-day and inter-day consistency.

The upper airway can be treated as an acoustic filter that shapes the frequency content of
sounds propagating from the mouth/nose to the trachea. Using controlled input signals (e.g. white
noise) introduced orally and recordings obtained from the contact piezo-electric microphone
placed at the suprasternal notch, an empirical transfer function can be estimated for each
participant. The repeatability of this test is assessed intra-day and inter-day to select the most
consistent protocol.

Objective 2.3: Examine correlations between transfer function parameters and
participant demographics, to evaluate the potential of the model in personalized diagnosis or
classification of OSA.

The transfer function parameters reflect the individual’s airway morphology. A statistical
analysis is conducted to explore how the empirical transfer function relates to participants’
demographics (e.g. BMI, height and neck circumference). The objective is to assess whether the
acoustic transfer function can serve as a personalized diagnostic signature for airway health and

OSA classification.



1.3 Thesis Structure

This dissertation is organized into eight chapters and two appendices.

Chapter One provides the motivation of this work, and outlines the goals, specific research
objectives, and the scope of the study.

Chapter Two provides the foundation for this work. It begins with an introduction to
tracheal breathing sounds and their clinical significance, particularly in the context of OSA. A
comprehensive literature review follows, summarizing existing approaches in both experimental
and computational modelling applied to the upper airway. The key research gaps and challenges
in simulating and interpreting TBS are identified.

The following five chapters consist of 5 individual manuscripts; four published in peer-
reviewed journals and one published in peer-reviewed conference proceedings.

Chapter Three partially addresses objective 1.1 and presents an experimental study that

investigates the relationship between airflow and sound generation in a simplified airway model
with a constriction. A 3D-printed tube with varying circular constrictions was used to mimic
changes in airway constriction in a simplified manner, with tracheal breathing sounds recorded at
multiple locations under different flow rates. This foundational study highlights the influence of
localized airway narrowing on sound characteristics and sets the stage for further modelling of
flow-acoustic interactions in anatomically realistic upper airway geometries.

Chapter Four addresses objective 1.1, objective 1.2 and partially objective 1.3 by

outlining the simulation methodology used to model sound generation and propagation in
simplified tube with a constriction. The computational framework, including the governing
equations, turbulence models, mesh generation, and acoustic analogy is described. The chapter

also covers the boundary conditions applied in both flow and acoustic simulations and explains
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the procedures used to validate simulation results against experimental data. Building upon this
validated framework, the methodology is extended to an anatomically realistic upper airway model
reconstructed from high-resolution CT scan data. The anatomical model is meshed and simulated
under conditions mimicking physiological inspiration. The resulting flow and acoustic fields are
analyzed, and simulated TBS are compared with actual tracheal recordings obtained from the
healthy individual. Key aerodynamic features (e.g., turbulence zones, pressure drops, coefficient
of pressure) and their associated acoustic emissions are explored. This chapter demonstrates the
capability of the proposed model to replicate clinically relevant sound characteristics, representing
a significant validation step in the development of the aero-acoustic simulation framework.

Chapter Five addresses objective 1.3 and objective 1.4 by investigating the influence of
specific anatomical features on the simulated TBS. Using systematic modifications in the upper
airway geometry, sensitivity analyses are performed to assess how these morphological
parameters, such as regional narrowing and airway length, alter both the aerodynamic behavior
and the resulting acoustic spectrum. The chapter explores how changes in airway shape and
constriction severity impact turbulence intensity, airway resistance, and spectral content of the
generated sounds. The findings contribute to a deeper understanding of the role of anatomical
features in shaping the TBS spectrum and support the identification of potential acoustic
biomarkers for detecting and characterizing upper airway abnormalities.

Chapter Six addresses objective 2.1 and presents the design and testing of a custom
contact piezoelectric microphone optimized for tracheal sound recording. The design emphasizes
minimal susceptibility to ambient and background noise by capturing vibrations transmitted
through the skin rather than airborne sound. The microphone is tested under controlled conditions

to assess its sensitivity, frequency response, and robustness. The results demonstrate the
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microphone’s reliability and accuracy in capturing TBS, establishing its essential role in the
subsequent transfer function experiments and clinical studies.

Chapter Seven addresses objective 2.2 and objective 2.3 and focuses on the empirical

characterization of the acoustic transfer function of the upper airway in healthy individuals. Using
the custom-built contact microphone, controlled input signals are introduced through the mouth,
and the resulting tracheal outputs are recorded. The estimated transfer function is analyzed to
understand how sound propagates through the airway and is shaped by anatomical structures.
The chapter evaluates the reproducibility of the transfer function by assessing its
consistency within a single day (intra-day) and across multiple days (inter-day). These findings
offer important insights into the stability and diagnostic potential of the upper airway transfer
function, laying the groundwork for potential applications in OSA screening and classification.

Chapter Eight concludes the work and summarizes the main findings and contributions

of the research. The chapter also reflects on the limitations of the current study and suggests
directions for future work.

Appendix A presents the governing equations and numerical modelling approaches used
in the computational fluid dynamics (CFD) simulations. It includes detailed formulations for both
Reynolds-Averaged Navier—Stokes (RANS) and Large Eddy Simulation (LES) models, as well as
the theoretical foundation of Lighthill’s acoustic analogy for aero-acoustic source prediction.

Appendix B provides supplementary visualizations from the aero-acoustic simulations of
the simplified tube model. It includes additional contour plots of flow and acoustic fields that
support the results discussed in Chapter Three, offering further insight into the spatial distribution

of key aerodynamic and acoustic variables.



CHAPTER TWO: INTRODUCTION AND BACKGROUND

2.1 Background

Sleep apnea is a prevalent, underdiagnosed sleeping disorder associated with several
clinical conditions such as cardiovascular disease, depression, diabetes and daytime
hypersomnolence [2], [3]. It is characterized by a complete (apnea) or partial (hypopnea) cessation
of breath during sleep that lasts > 10 sec and is associated with >3% drop in blood oxygen
saturation [4]. There are three types of sleep apnea: Central sleep apnea, obstructive sleep apnea
(OSA), and mixed sleep apnea [5]. Central sleep apnea is characterized by a temporary cessation
of respiratory effort due to diminished neural output from the brainstem [2], while OSA —
accounting for approximately 84% of sleep apnea cases [6] — occurs due to the partial or complete
collapse of the upper airway during sleep. Mixed sleep apnea features characteristics of both
central sleep apnea and OSA. This dissertation focuses on OSA, given its higher prevalence and

clinical significance.

2.1.1 Clinical Presentation of OSA

OSA is typically characterized by a range of nocturnal and daytime symptoms resulting
from repeated episodes of the upper airway obstruction during sleep. Common nocturnal
symptoms include habitual loud snoring, gasping or choking during sleep, and frequent nocturnal
awakenings. These episodes lead to fragmented sleep and reduced oxygen saturation. As a result,
patients often experience excessive daytime sleepiness, morning headaches, impaired
concentration, irritability, and fatigue [7]. In severe cases, untreated OSA can significantly affect
quality of life, and it is associated with cognitive dysfunction, mood disturbances, and increased

risk of motor vehicle accidents [8]. Furthermore, several demographic and anthropometric
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factors—such as age, body mass index (BMI), male sex, and neck circumference—have been
shown to correlate significantly with the presence and severity of OSA [9]. The severity of OSA
is quantified using the Apnea-Hypopnea Index (AHI), defined as the number of apneas and
hypopneas per hour of sleep. Based on AHI values, OSA patients are categorized as mild (5-15
events per hour), moderate (15-30 events per hour), or severe (>30 events per hour). AHI is

typically measured during an overnight sleep study known as polysomnography (PSG).

2.1.2 Screening and Diagnosis

PSG is considered the gold standard for sleep apnea diagnosis. It involves comprehensive
overnight monitoring, including electroencephalography (EEG), electrooculography (EOG),
electrocardiography (ECG), electromyography (EMGQG), respiratory airflow, oxygen saturation, and
thoracoabdominal movements. While PSG provides a high level of diagnostic accuracy, it is
associated with several limitations: It is expensive, time-consuming, and requires specialized
equipment and trained personnel. For that reason, patients often face long wait times; exceeding
12 months in some locations in Canada [10], while in Manitoba the waitlist can reach up to 5,000
patients [11]. Therefore, OSA imposes a high economic burden on the healthcare system,
accounting for billions of dollars annually in both direct and indirect costs [3], [12].

Notably, while numerous portable monitoring devices have been developed for the
diagnosis of OSA, they still require overnight recordings and subsequent verification by a trained
sleep specialist or respirologist [13]. Thus, fast screening questionnaires (e.g., Epworth sleepiness
score, STOP-Bang, Berlin, etc.) are commonly used based on the aforementioned correlated
parameters such as age, gender, weight, and smoking history. While these questionnaires

demonstrate high sensitivity, their specificity remains very low, approximately 36% [14]. This
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challenge is particularly critical in preoperative settings, where undiagnosed OSA significantly
increases perioperative risk [15]. Since there is usually insufficient time to conduct PSG,
anesthesiologists often depend on questionnaires, which can lead to inefficient allocation of
perioperative resources. Therefore, there is a need for a screening tool that addresses the limitations
of both polysomnography (PSG), namely its high cost, lengthy wait times, and requirement for
specialized expertise, and questionnaire-based methods, which are limited by very low specificity.

Recently, several studies have explored the potential of tracheal breathing sounds (TBS)
[16], [17], [18] and voice analysis [19], [20] as diagnostic tools for OSA diagnosis during
wakefulness. The underlying hypothesis of these studies is based on the existence of anatomical
and morphological differences between OSA and non-OSA individuals reported in [21], [22].
Increased pharyngeal length, higher dilator muscle activity, and longer/thicker soft palate were
observed in OSA individuals [22]. These characteristics imply a narrower (higher collapsible)
airway cavity and higher tissue stiffness for OSA individuals, which can be detected by breathing
sounds generated due to airflow turbulence in the upper airway during wakefulness.

As air moves through the airway, it interacts with the surrounding anatomical structures,
producing turbulence and pressure fluctuations that generate acoustic signals. In OSA patients, the
altered airway geometry modifies the acoustic properties of these sounds. These differences can
be captured and analyzed through signal processing techniques to identify distinctive spectral
features associated with OSA. For instance, the study in [17] demonstrated that TBS analysis
during wakefulness could classify between OSA and non-OSA with an accuracy of 81.1%, with a
sensitivity of 84.4% and a specificity of 77%. Similarly, an accuracy of 83.92% was reported in
[16] using TBS spectral features alone, which increased to 84.53% when combined with

anthropometric features such as BMI, age, and gender. Two sound features identified in their study
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were: (1) the ratio of the mean summed power spectra of the inspiration and expiration phases in
the 130-250 Hz band to the 1200—1300 Hz band while breathing through the mouth, (2) the slope
of the power spectrum of the inspiration phase in 210-350 Hz band, also during mouth breathing.
In another study [23], an accuracy of 86.4% was achieved, with a sensitivity of 84.6% and a
specificity of 88.9%. Their algorithm utilized the fourth formant frequency of breathing sounds
and breath-to-breath variability of its amplitude as spectral features, along with BMI as an
anthropometric parameter. Despite these promising results, the physiological interpretation of the
extracted spectral features and their direct association with airway collapse remains insufficiently
explored. Moreover, the specific effects of morphological changes in the upper airway on TBS

have not yet been thoroughly investigated, highlighting the need for further research in this area.

2.1.3 Clinical Challenges in OSA Treatment

The detailed mechanism of the upper airway collapse in OSA remains unclear. In
particular, the exact location of airway occlusion and its association with the physiological and
anatomical factors influencing are in question. Different methods, such as fluoroscopy,
nasopharyngoscopy, pressure measurements, computed tomography (CT) scanning, and magnetic
resonance imaging (MRI), have been used to extract the precise location of the collapse. However,
these methods are time-consuming, expensive, and not readily available in clinical settings.

Consequently, due to lack of a complete knowledge of the pathophysiology of the sleep
apnea, no current treatment method has been shown to be capable of completely eliminating OSA.
Although continuous positive airway pressure (CPAP) therapy is considered the gold standard
treatment, with a success rate of approximately 50% [24], its long-term adherence and

effectiveness are limited. Nevertheless, the CPAP is an OSA management regardless of knowing
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the main cause of the OSA. That said, alternative treatments do exist, including surgical
interventions such as maxillomandibular advancement, uvulopalatopharyngoplasty, nasal surgery,
tongue base reduction, or genioglossal advancement [25], [26]. However, these approaches often
exhibit variable and generally low success rates, which can result in challenging clinical decision-
making. The variable success rate in OSA treatment is largely influenced by the limited
accessibility of simple, scalable, non-invasive tools for patient-specific endotyping [27], [28].
While airway collapse is recognized as the hallmark of OSA, the precise mechanisms underlying
this collapse, such as the location of obstruction, the role of tissue compliance, and the contribution
of regional airway narrowing, remain poorly defined. Furthermore, OSA is a heterogeneous
disorder [29]; patients may present with varying sites of collapse (velopharyngeal, oropharyngeal,
or multi-level), different airway shapes, and distinct patterns of airflow obstruction. Without a
reliable tool to characterize these morphological variations, treatment selection often relies on
trial-and-error, contributing to variable and often low success rates of interventions such as surgery
or oral appliances. For example, procedures like uvulopalatopharyngoplasty may fail if the primary
site of obstruction or narrowing is not identified [30]. Therefore, there is a need for diagnostic and
research tools capable of quantitatively characterizing upper airway morphology and linking these
structural features to airflow dynamics and acoustic signatures. Such tools would not only improve
mechanistic understanding of OSA pathophysiology but also support personalized treatment
planning and enhance therapeutic outcomes. Given the aforementioned limitations, computational
modelling and numerical simulations have emerged as promising tools to enhance our

understanding of upper airway mechanics in obstructive sleep apnea (OSA).
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2.1.4 Computational Modelling of The Upper Airway

Due to the complexity of the upper airway structure, establishing a quantitative relationship
between airway structure and function remains challenging [31]. In recent years, numerical
simulations have become a prominent tool for exploring various biomechanical and physiological
processes. Researchers have employed a range of computational modelling techniques to elucidate
the mechanisms of pharyngeal airway collapse, examine the interaction between airflow dynamics
and airway deformation, evaluate the effectiveness of OSA treatment strategies, and simulate the

aero-acoustic behaviour of the airway.

2.1.4.1 Application of Computational Fluid Dynamics

One commonly used approach involves computational fluid dynamics (CFD), which is
crucial in characterizing airflow patterns within the upper airway. The breathing airflow within the
human upper airway is inherently complex and can exhibit laminar, transitional, or turbulent flow
regimes depending on the local geometry, flow rate, and physiological conditions [32]. For
simplicity, some studies have employed a laminar flow model, assuming a low Reynolds number
(Re <2000) throughout the upper airway [33], [34], [35], [36]. However, this simplification may
not accurately capture the airflow behaviour in all regions of the upper airway, particularly where
anatomical narrowing leads to flow acceleration and transition from laminar to turbulent regimes.
Consequently, turbulence models are more suitable for analyzing airflow characteristics in the
pharyngeal airway, where intricate flow patterns and instabilities often occur. The study in [37]
investigated the aerodynamic characteristics of 58 individuals with mild, moderate and severe
OSA using steady-state Reynolds-Averaged Navier Stokes (RANS), k- o shear stress transport

turbulence model. The mean velocity was higher in patients with severe OSA compared to those
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with mild and moderate conditions. Furthermore, they identified a statistically significant
correlation between AHI and both the maximum velocity and the airway resistance. Airway

resistance is typically calculated using Eq. 2-1:

o AP
Q

2-1

Where AP is the pressure drop between the inlet and the outlet boundaries, and Q is the
volumetric flow rate. Furthermore, recent advancements in computational modelling have yielded
valuable insights into the impact of therapeutic interventions on upper airway dynamics,
demonstrating how numerical simulations can inform clinical practices and support the
development of personalized treatment strategies. For instance, the study in [38] employed CFD
to investigate the impact of oral appliance therapy on the upper airway in OSA patients. Before
treatment, regions of low pressure were identified in the velopharynx, oropharynx and
hypopharynx, with the most pronounced drop observed in the velopharynx region — an area
particularly susceptible to airway collapse. Although the overall pressure profile remained similar
following treatment, the pressure gradients were significantly reduced, indicating improved airway
stability. Notably, the study also reported a strong correlation between the change in AHI and the
change in the square root of the maximum pharyngeal pressure drop across seven OSA
participants, reinforcing the potential of CFD as a predictive tool for treatment efficacy.

However, a key limitation of CFD models is the assumption of rigid walls in the airway,
thus preventing a comprehensive explanation for airway occlusion. Therefore, to address the

compliance and collapsibility of the airway soft tissue, a more accurate modelling tool, such as

fluid-structure interaction (FSI), has been used.
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2.1.4.2 Application of Fluid-Structure Interaction

FSI framework enables the simulation of interactions between dynamic airflow and the
compliant soft tissues that compose the upper airway, revealing critical insights into airflow
characteristics, tissue deformation, and the effectiveness of various treatment options for OSA
[39]. One application of FSI involves elucidating the mechanisms of pharyngeal airway collapse.
The study in [40] demonstrated that airway collapse can result from a positive feedback loop
between the deformation of the anterior airway wall and the pressure gradient across the airway
cross-section. The study identified that the pressure differential between the anterior and posterior
walls leads to a narrowing of the airway, with the anterior wall playing a dominant role in collapse
dynamics. It is known that the pressure difference between mouth/nasal passage and the alveoli
affects the airway resistance. Notably, the curvature of the anterior wall was found to correlate
with OSA, suggesting that patients with narrower airway or larger airway wall curvature are more
vulnerable to obstruction. The work in [41] adopted a 3D FSI model to investigate the mechanism
of pharyngeal collapse and snoring. The results showed that airway occlusion could occur at the
region of the velopharynx in the absence of neurological control and gravity due to the high
negative static pressure at this location during inspiration. The study also observed a minor
deformation of the velopharyngeal wall during expiration, attributed to a reduction in outward
pressure forces. In [42], the pharyngeal collapse of the passive movement of the soft palate during
calm respiration was simulated using a 3D FSI model . Their study revealed that airway narrowing
can also occur during expiration due to posterior displacement of the soft palate, causing a
narrowing in the airway between the soft palate and the posterior pharyngeal wall. The same
finding was previously reported by [43] who simulated soft palate deformation before and after

nasal surgery. Similarly, the study in [44] reported that soft palate deformation is more pronounced
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during expiration than inspiration. Their results suggested that complete airway obstruction is
more likely in narrower airways, where the posterior wall displaces significantly toward the soft
palate. In addition, partial obstruction was observed under the same conditions in models with
wider airways.

Anatomical variation also influences airway collapse sites. Previous work [45] investigated
the effect of skeletal deformity on the prevalence of OSA using an FSI model. By simulating the
upper airway of a patient with mandibular retrusion, they found that the airway occlusion tended
to occur between the epiglottis and the oropharynx. This was attributed to a localized region of
minimum pressure. Their findings were consistent with those reported in [46], which showed that
although the velopharynx showed minimal displacement, a substantial pressure drop in that region
led to airway collapse at the oropharyngeal segment. Similarly, substantial deformation along the
airway between the nasal cavity and the trachea was reported in [47] . Interestingly, the location
of maximum deformation did not correspond to the region of minimum pressure, which was
instead found near the laryngeal-tracheal junction. This suggests that the site of minimum pressure
alone may not reliably predict the actual location of airway collapse.

Additionally, sleeping position may play an important role in airway deformation and the
onset of obstruction. In biomechanical modelling, sleeping posture is typically represented by the
application of gravitational forces [39]. The study in [48] demonstrated that the pharyngeal
deformation was significantly influenced by the Young’s modulus of the tongue and soft palate
when gravitational effects were included in the simulation. This deformation was not observed in
the absence of gravity, highlighting the importance of posture in OSA pathophysiology.

Furthermore, their results showed that in the supine position, airway obstruction may not solely
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result from negative pressure during inspiration; the gravitational weight of the tongue can also
contribute to airway collapse by displacing soft tissues posteriorly.

Snoring has also been regarded as a preliminary indicator of OSA. Using a 3D FSI model,
the study in [41] predicted soft palate flutter with a dominant frequency of 17.8 Hz. Interestingly,
their simulation identified snoring as occurring during the expiratory phase through the nasal
cavity, in contrast to the more commonly reported inspiratory snoring in clinical observations. The
authors attributed this discrepancy to the application of a closed oral cavity boundary condition in
their model. However, the physiological implications of this boundary condition—and how it
might influence the timing and mechanism of snoring—were not thoroughly addressed in their
study.

Furthermore, a sensitivity study was conducted in [49] to explore the effects of the
mechanical properties of the airway’s tissue, tongue, and soft palate on airway collapsibility. Their
findings indicated that the collapse pressure was most sensitive to the Young’s modulus of the
tongue. Similarly, the study in [42] compared two linear models with different soft palate stiffness
and observed greater compliance and deformation in the model with a lower Young’s modulus.
They concluded that soft tissue stiffness could serve as an indicator of airway compliance. It is
important to note that most computational studies have employed simplified assumptions, typically
modelling upper airway tissues as linear elastic materials using previously reported values for
Young’s modulus and Poisson’s ratio. However, other studies have implemented more realistic
material behaviour. For instance, the soft tissue of the upper airway was considered as viscoelastic,
or, quasi-incompressible material, reflecting their high water content and associated high Poisson’s
ratio [40], [50], [51]. In [52], the viscoelastic properties of the soft tissue were derived ex-vivo by

accounting for their non-linear properties, while the work in [53] used magnetic resonance
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elastography to measure the viscoelastic properties of the tongue and soft palate in vivo. However,
tissue mechanical properties are patient-specific, resulting in inaccurate simulation outcomes when
incorporating universal properties. Consequently, some research groups have included the hyper-
elasticity behaviour of the soft tissues of the airway in their models. For instance, Yeoh and Ogden
hyper-elastic models were employed in [54] to characterize the soft palate and tongue mechanics
more accurately.

Furthermore, several studies considered the effect of the nasal cavity on the airflow field.
The study in [41] concluded that the nasal valve plays a significant role in airflow resistance and
reported that pressure drops across the nostrils accounted for approximately half of the total
pressure drop across the upper airway. This finding was supported in [55], where 50% pressure
reduction was observed when the nasal cavity was omitted from their model. Similarly, the study
in [56] incorporated the nasal cavity into both numerical and experimental models to assess the
impact of nasal resistance on airway collapsibility, showing that reduced nasal resistance increased
the peak flow rate in a collapsible airway—highlighting its significant influence on the pressure
field. Conversely, the nasal cavity was excluded from the simulation in [45] assuming that the
pressure change within the nostrils was negligible, contributing less than 10% of the total pressure
drop within the pharyngeal region. This simplification was supported in [57] where a CFD study
was conducted using anatomically accurate airway models and noted that, although the nasal
cavity can introduce turbulence upstream of the pharynx and its exclusion may lead to unrealistic
upstream pressure profiles, its inclusion had minimal effect on downstream airflow results. The
study in [57] suggested a simplification of the nasal cavity to a convergent channel capable of
reproducing the correct flow conditions upstream of the pharynx. This finding was later adopted

in [58] to reduce the computational cost. Overall, the inclusion or simplification of the nasal cavity
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in airway modelling remains dependent on the specific objectives of the study, with previous works
demonstrating both physiological benefits and computational trade-offs.

One of the most clinically relevant metrics used to quantify the mechanical stability of the
pharyngeal airway is the critical closing pressure, or Pcit. The critical pressure (Peit) is defined as
the pharyngeal pressure drop at which airway collapse occurs with a cessation of airflow [59]. In
general, non-OSA subjects tend to exhibit a sub-atmospheric Pcit, whereas OSA subjects tend to
have a higher Pt (closer to atmospheric pressure) than a non-OSA subject, indicating a lower
pressure drop is required to induce airway collapse. Pcic values above the ambient atmospheric
pressure indicate an increasingly greater propensity for an airway to collapse. In [44], a Pcric of -
2.1 emH20 was reported using 2D FSI incorporating a laminar flow model constructed from a
magnetic resonance image of a healthy subject. To simulate a narrower airway, the posterior
airway wall of the original MRI was displaced by half the distance between the tip of the soft
palate and the airway wall. This modification resulted in an increased Pcrit to -1.25 cmH20. The
study concluded that an increase of Young’s modulus of the soft palate from 25 kPa to 100 kPa
led to a 3.5-fold decrease in Peit, indicating the critical influence of tissue stiffness on airway
collapsibility. Expanding upon this work, the study in [59] proposed dividing Pt into two
components: passive and active. Passive Pcit was defined as the closing pressure reflecting the
contribution of mechanical loads on the collapsibility of the pharyngeal airway. Active Peit, on the
other hand, was defined as the closing pressure reflecting the contribution of mechanical loads and
neural reflex responses. The work in [59] compared measured (active and passive) and simulated
Peric on children with OSA. Significant agreement was observed between the measured passive Pt
and the simulated Pcig; thus, concluding that the simulated Pci¢ better reflected passive rather than

active Pcrit. Additionally, the study reported a Pearson correlation of 0.56 (p = 0.002), 0.62 (p <
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0.0001) and 0.83 (p < 0.0001) between AHI and the measured passive, measured active, and
simulated P, respectively. Further insights were provided in [60], who developed 3D finite
element models of six OSA patients with varying upper airway anatomies. Pt ranged from -0.1
to -4.1 cmH>0. Their analysis revealed that the mean width of the soft palate had the highest
correlation with Pit, and there was no correlation between the minimum airway space and Pcrit.
However, they did not consider the effect of FSI in their study. Since two-way coupling FSI
includes the feedback of the tissue deformation on the airflow characteristics, its exclusion from a
model would affect Peric. The study in [31] showed that the soft palate of an OSA patient was
hypertrophic with a rapid change in velocity and pressure gradients, resulting in a narrower airway
compared to healthy individuals. These dynamic changes suggest that increased local pressure and
velocity gradients can cause substantial soft palate displacement, promoting pharyngeal collapse.
Similarly, FSI analysis of the upper airway before and after mandibular advancement splint (MAS)
treatment was implemented in [46]. The pressure at the posterior region of the oropharynx was
lower than that at the anterior region as the flow was attached to the posterior oropharynx wall,
which initiated the collapse of the airway wall. These findings demonstrate that anatomical and
mechanical variations in the upper airway structure have a significant influence on airway
collapsibility and the pathophysiology of OSA.

FSI modelling additionally provides insights into the efficacy of therapeutic strategies for
OSA. The use of computational modelling in the analysis of OSA treatment is considered a non-
invasive method capable of assessing the effectiveness of different treatment responses.
Simulation may help predict treatment success in patient specific models. The study in [61]
reported a decrease in the flow resistance inside the oropharynx after MAS by virtually modifying

the original upper airway model of an OSA patient to mimic the surgical adjustment. The study in
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[62] adopted the approach of virtual surgery (adenoidectomy, palatoplasty, and genioglossus
advancement) by reducing the thickness of the adenoid, palate, and tongue tissues by 10 mm, 6
mm, and 2 mm, respectively, from the MRI scan acquired for an OSA patient. Following the virtual
surgery, velopharyngeal resistance and velum displacement were reduced by 66% and 63%,
respectively [62]. However, it should be noted that their virtual surgery was not validated
experimentally pre- and post-operation; thus, its efficacy remains theoretical. A different virtual
approach was examined in [63], where a suture-patch device applying a pulling force to the tongue
was modelled to keep the airway open. The study was able to identify the optimum position of the
patch, and the minimum force required to prevent airway collapse, while taking into consideration
the patient’s comfort. Nevertheless, muscle forces were not included in that study. The effect of
MAS therapy was further assessed in [46] using magnetic resonance images of the patient before
and after treatment. The results showed that deformation was reduced in the oropharynx region
although the volume increase occurred at the velopharyngeal region after MAS. This finding
indicated that geometric modification was not the only contributor to the treatment response; thus,
multiple factors should be considered in the selection of a treatment method. This finding was
discussed in [64] where 3D FSI simulations were performed for three OSA patients before and
after nasal surgery. Although the nasal resistance decreased in all patients, the soft palate
displacement for the most severe OSA patient was higher than before the surgery. Therefore, it
was recommended to combine other treatment methods for that patient. In [65], the effect of
miniscrew-assisted rapid palatal expansion (MARPE) on the airway geometry and flow
characteristics was investigated in an OSA patient. An increase in the cross-sectional area of the
airway and a decrease in the airway resistance were observed. Thus, the study suggested MARPE

as an alternative treatment for patients who refuse a positive airway pressure device or cannot
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undergo MAS. In summary, numerical simulations have an essential role in OSA treatment
through virtual surgery. Although a numerical simulation may need patient-specific geometries,
accurate input parameters and flow models, and high computational time, it may well provide

quantitative evidence for critical clinical decisions.

2.1.4.3 Application of Aero-Acoustic Modelling

While CFD and FSI approaches are effective in analyzing the mechanical and aerodynamic
behaviour of the upper airway, aero-acoustic modelling provides essential insights into the
mechanisms of sound generation and propagation during respiration. This capability is particularly
relevant for the non-invasive diagnosis and continuous monitoring of sleep-related breathing
disorders such as OSA. Respiratory sounds—especially those altered due to structural or functional
airway changes—offer a valuable physiological signal that can be leveraged for clinical
assessment, provided that their sources and propagation are well understood.

Previous studies have applied aero-acoustic simulations to investigate various
physiological and pathological conditions of the upper airway, including phonation, stridor, and
breathing sounds. For instance, the study in [66] simulated stridorous sound inside the upper
airway using a one-way coupled fluid-structure-acoustic model, demonstrating a relationship
between the characteristics of the stridor noise and the location and size of the airway obstruction.
Their results indicated significantly higher sound pressure levels at the tracheal outlet in the
stridorous model compared to the healthy model, although no frequency shift was observed
between the two conditions. In contrast, a slight shift in the resonating frequencies with the
increase of flowrate was reported in [67]. The study also observed an increase in the sound
amplitudes as the flowrate increased from 0.32 L/s to 1 L/s, suggesting that flow-induced changes

can influence both the spectral content and intensity of breathing sounds. Similarly, the effect of
23



dynamic glottal aperture on the breathing sound generation was investigated in [68] using an upper
airway model under four different breathing scenarios (combination of constant and sinusoidal
flow rate with rigid and dynamic glottis). Their findings showed that flow speed through the glottis
was a key determinant of sound intensity, and that glottal aperture dilation from 64 to 140 mm?
contributed to a 20-35 dB decrease in the sound power. Further anatomical specificity was
addressed in [69], where the aecrodynamic sound contributions from distinct anatomical regions of
the upper airway—including the uvula, pharynx, and glottis— were examined and their relative
impact was quantified. The study noted that uvular obstruction increased the sound pressure level
and decreased the fundamental frequency at an inhalation rate of 0.5 L/s. Moreover, it was
observed that the nasopharynx predominantly contributed to the low-frequency acoustic energy,
while the airway narrowing, due to the uvular blockage, was responsible for energy shifts toward
higher frequencies in the range of 15-20 kHz. These findings suggest that spectral features of
breathing sounds could serve as diagnostic indicators for localized anatomical obstructions.
Nevertheless, the comprehensive relationship between upper airway anatomical variations and
OSA-specific acoustic features remains insufficiently characterized through computational aero-
acoustics. Most existing models either simplify anatomical geometry or lack validation against
realistic physiological conditions, thus underscoring the need for patient-specific, validated aero-
acoustic simulations that integrate both flow dynamics and sound propagation in a realistic clinical
context.

Although recent advances in computational fluid dynamics (CFD) and aero-acoustic
modelling have enabled more accurate simulation of breathing sounds, current studies often rely
on simplified anatomical geometries or lack validation against real patient data. Moreover, existing

research predominantly focuses on general respiratory airflow or speech sounds, while tracheal

24



breathing sounds—especially in the context of obstructive sleep apnea (OSA)—remain
underexplored. The complex relationship between upper airway geometry and the resulting
frequency response of breathing sounds has not been thoroughly quantified. Furthermore, there is
a scarcity of models that can link patient-specific anatomical features to acoustic characteristics in
a clinically meaningful way.

This study addresses these gaps by combining CFD simulations with acoustic finite
element modelling (FEM) using patient-specific airway geometries. It aims to establish a clearer
connection between anatomical constrictions and the frequency content of tracheal sounds, thereby

providing a foundation for non-invasive diagnostic tools for conditions such as OSA.
2.2 Anatomy and Physiology of The Human Upper Airway

The human upper airway plays a central role in several vital functions, including
respiration, phonation and deglutition. It serves as the primary conduit for air passage into the
lower respiratory tract and is structurally and functionally adapted to facilitate the simultaneous
processes of breathing, speaking, and eating. As illustrated in Fig. 2-1 [70], the upper airway
begins at the nasal and oral cavities, separated by the hard palate, a bony structure forming the
anterior roof of the mouth. Posterior to the hard palate lies the soft palate, a flexible and muscular
structure that dynamically modulates airflow direction during respiration and prevents food from
entering the nasal cavity during deglutition. The airway continues posteriorly into the pharynx, a
muscular tube divided into three anatomical regions: the nasopharynx (extending from the nasal
cavity to the soft palate), oropharynx (from the soft palate to the epiglottis), and laryngopharynx
(from the epiglottis to the larynx). The pharynx serves as a shared pathway for both air and food,
necessitating precise neuromuscular coordination to prevent aspiration. Inferior to the pharynx lies

the larynx, commonly known as the voice box, which houses the vocal folds and is essential for
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sound production and airway protection during swallowing. Finally, the trachea extends from the
larynx into the thoracic cavity, serving as a rigid guideway for air to enter the lower respiratory
tract, ultimately enabling gas exchange in the lungs.

Structurally, the upper airway comprises tissues with varying biomechanical properties,
arranged in a stiffness gradient from hard to soft; ranging from bone (e.g., hard palate), to cartilage
(e.g., laryngeal framework), to muscle, ligament, and soft tissue [71]. This heterogeneity plays a
significant role in the dynamic behaviour of the airway during the respiratory cycle. Additionally,
the autonomic nervous system, in coordination with the central nervous system, regulates the tone
of the pharyngeal dilator muscles, which help maintain airway patency, particularly during sleep
[72]. The neuromuscular control of these muscles is critical, as their dysfunction or weakening can
lead to airway collapse, a key feature in respiratory disorders such as obstructive sleep apnea
(OSA).

Consequently, both the morphological characteristics of the upper airway and its
neuromuscular control significantly influence the development and manifestation of various upper
airway pathologies. In particular, anatomical narrowing or collapsibility—especially in the
pharyngeal region—can result in airflow limitations and abnormal sound generation, which are
hallmarks of conditions such as OSA, snoring, and stridor. Previous studies have shown that
patients with OSA tend to have a smaller pharyngeal airway compared to healthy individuals [73].
This observation was initially reported in [74] where CT scans were used to assess 30 awake
participants, including 20 OSA patients. Their findings indicated that OSA patients exhibited
reduced airway area in the regions of nasopharynx, oropharynx and hypopharynx, with the site
and severity of narrowing varying among individuals. Similarly, the study in [75] utilized

volumetric MRI to evaluate the anatomical risk factors for OSA and found that patients with OSA
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had significantly increased upper airway soft tissue volumes. Notably, the tongue and lateral
pharyngeal wall volumes were identified as independent risk factors. These findings underscore
the importance of a detailed understanding of upper airway anatomy and function for the accurate
diagnosis, modelling, and treatment of respiratory and sleep-related disorders, particularly

obstructive sleep apnea (OSA).
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Fig. 2-1: Anatomical illustration of the upper airway [70]. Image licensed under CC BY 4.0

2.3 Pathophysiology of OSA

OSA is a complex disorder characterized by recurrent episodes of upper airway obstruction
during sleep, leading to intermittent hypoxia and sleep fragmentation. The pathophysiology of
OSA is multifactorial, involving anatomical, neuromuscular, and physiological mechanisms that
contribute to airway collapse and its systemic consequences. To maintain upper airway patency
during breathing, a balance must be achieved between the compliance of the airway — which is
significantly influenced by anatomical features such as shape, size, and soft tissue composition —
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and the level of pharyngeal dilator muscle activation [76]. Airway compliance, defined as the
change in volume per unit change in transmural pressure, plays a critical role in determining the
airway’s susceptibility to collapse under negative inspiratory pressures. A highly compliant airway
deforms more easily under sub-atmospheric pressures, particularly during inspiration when
intraluminal pressure becomes negative relative to surrounding tissue pressures. During
wakefulness, the tonic activity in the upper airway muscles, such as the genioglossus and
pharyngeal constrictors, maintains airway patency despite potential narrowing [77], [78]. This
neuromuscular compensation counteracts the collapsing forces acting on the pharyngeal walls
during breathing. However, during sleep, especially in rapid eye movement (REM) phases, the
muscle activity is significantly reduced, leading to reduced neuromuscular support and increased
susceptibility to airway collapse [73]. This cyclical collapse and reopening of the upper airway
trigger a cascade of pathophysiological responses. The obstruction leads to apnea (complete
cessation of airflow) or hypopnea (partial airflow limitation), which in turn causes hypoxemia and
hypercapnia. These changes in blood gas composition activate chemoreceptors and elicit cortical
arousals, which restore upper airway muscle tone and reestablish airflow [2], [79], [80], [81].
However, the arousals themselves fragment sleep architecture and prevent the attainment of deep,
restorative sleep stages. The repetitive nature of these events results in chronic sympathetic
nervous system activation, contributing to systemic hypertension and cardiovascular disease [82],
[83]. An additional contributor to OSA pathophysiology is ventilatory control instability, typically
assessed via loop gain. In Engineering, loop gain is used to determine the stability of a feedback
loop system [84]. In the context of sleep apnea physiology, loop gain refers to the sensitivity of
the respiratory control system to deviations in ventilation and reflects how strongly the body

responds to changes in CO: or Oz [85], [86]. A high loop gain system is more prone to overshooting
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in response to an apnea-induced hypoxic event, leading to alternating periods of hyperventilation
and hypoventilation. This instability fosters periodic breathing and promotes recurrent apneas,
particularly in individuals whose anatomical or neuromuscular vulnerabilities already compromise
airway patency. Studies show that severe OSA patients tend to exhibit higher loop gain, resulting
in a less stable ventilatory control system [87], [88].

Furthermore, an important concept in understanding upper airway collapsibility is the
critical closing pressure (Pcrit). As previously mentioned, Peric represents the pressure at which the
upper airway collapses and airflow ceases. In physiological terms, a more positive Pt indicates a
more collapsible airway, whereas a negative Pt reflects a more stable airway structure. To
conceptualize this phenomenon, the upper airway has been modelled as a collapsible tube situated
between two rigid segments; nasal segment upstream and tracheal segment downstream as
illustrated in Fig.2-2 [89], [90], [91]. This model, derived from the Starling resistor concept,
provides a mechanical framework to describe pharyngeal airflow regulation through pressure
dynamics. In this model, the pressure within the upstream (nasal) rigid segment is denoted as Py
(often approximated as nasal pressure), the downstream pressure at the tracheal end is Pp (tracheal
pressure), and the pressure surrounding the collapsible pharyngeal segment, reflecting tissue
pressure, is Pcit. The mechanical behavior of the airway under this model depends on the
relationship between these three pressures. For instance, if Py > Pp> Pcit, the pharyngeal segment
will remain patent with unrestricted airflow, governed by the pressure gradient between the
upstream and downstream pressures. However, when Py > Peiit > Pp, the airway becomes partially
collapsed. In this flow-limited state, although airflow persists, it is restricted due to dynamic
narrowing, and increases in upstream pressure do not lead to proportional increases in airflow.

This condition is commonly observed during snoring or hypopnea events in OSA patients. In the
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case when P.it > Py > Pp, the pharyngeal segment collapses completely, resulting in total airflow
obstruction and an apneic event, as often seen in individuals with severe OSA. In healthy
individuals without OSA, Pcrit is typically sub-atmospheric, meaning that the airway remains
patent even at low intraluminal pressures. In contrast, patients with OSA often exhibit a supra-
atmospheric or near-zero Pcrit, indicating a highly collapsible airway that requires continuous
positive pressure to remain open during sleep [92], [93]. Pcrit is influenced by both anatomical
and neuromuscular factors. Anatomical narrowing or increased soft tissue volume (e.g., enlarged
tongue or lateral pharyngeal walls) increases Pcrit, while activation of dilator muscles lowers it by
stabilizing the pharyngeal wall. Thus, Pcrit not only reflects the mechanical properties of the upper
airway but also captures the dynamic interaction between anatomical vulnerability and
neuromuscular compensation. It has become a key parameter in research and clinical studies for
assessing the severity of upper airway collapsibility and the effectiveness of therapeutic
interventions such as continuous positive airway pressure (CPAP), mandibular advancement

devices, or hypoglossal nerve stimulation.
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Fig. 2-2: Starling resistor model of the upper airway represented as a collapsible segment characterized by critical
closing pressure (P.riy) connected by a rigid upstream nasal segment with upstream pressure (Py) and a downstream
tracheal segment with downstream pressure (Pp). Adapted from [89]

Contemporary models of OSA pathophysiology advocate a “multifactorial threshold

model,” emphasizing that the disorder arises when multiple physiological traits converge to breach
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the threshold for airway collapse. These include anatomical compromise, inadequate muscle
compensation, high loop gain and low arousal threshold, among others. Importantly, each of these
traits is modifiable, offering the potential for tailored treatment approaches. For instance, patients
with primary anatomical compromise may benefit most from continuous positive airway pressure
(CPAP), mandibular advancement devices, or surgical intervention, while those with ventilatory
control abnormalities may respond better to pharmacologic agents aimed at reducing loop gain
(e.g., acetazolamide ) [85], [94], [95] or increasing neuromuscular tone (e.g., noradrenergic or

serotonergic agents) [96].
2.4 Respiratory mechanics

The primary function of the respiratory system is to facilitate the exchange of gases,
delivering oxygen from the external environment to the body’s tissues while simultaneously
eliminating carbon dioxide, a metabolic waste product. This essential process, known as
pulmonary ventilation, relies on the intricate mechanics of breathing, which are governed by the
physical principles of pressure and volume dynamics. Air movement into and out of the lungs
occurs as a result of pressure gradients established between the atmosphere and the small air sacs
within the lungs, known as alveoli. These pressure gradients are created by changes in the volume
of the thoracic cavity during the processes of inhalation and exhalation.

A fundamental principle governing respiratory mechanics is Boyle’s law, which states that
at a constant temperature, the pressure of a gas is inversely proportional to its volume. In the
context of the respiratory system, this means that when the volume of the thoracic cavity increases,
the pressure inside the lungs (intrapulmonary or alveolar pressure) decreases, causing air to flow
in from the atmosphere. Conversely, when the thoracic volume decreases, alveolar pressure rises

above atmospheric pressure, resulting in the expulsion of air from the lungs. Thus, ventilation is
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fundamentally a process of creating favorable pressure differentials by altering lung volume
through the coordinated activity of respiratory muscles.

During inspiration, the diaphragm contracts and flattens, and the external intercostal
muscles elevate the rib cage, expanding the thoracic cavity. This expansion reduces intrapleural
pressure (the pressure within the pleural space) and, in turn, lowers alveolar pressure below
atmospheric levels. As a result, air flows passively into the lungs until alveolar and atmospheric
pressures equalize. Importantly, the airways themselves must remain patent throughout this
process, and the pressures within the lumen of the upper and lower airways, collectively referred
to as intraluminal pressures, play a critical role in ensuring that airflow is unimpeded.

The dynamics of intraluminal pressure are particularly significant in collapsible airway
regions, such as the pharynx. Here, the maintenance of airway patency depends not only on
anatomical features but also on the balance between internal luminal pressures and the surrounding
extraluminal (tissue) pressures. A drop in intraluminal pressure during inspiration, especially in
the presence of negative pleural pressures, can promote airway narrowing or collapse if not
counteracted by sufficient muscular tone or structural support. This is a key consideration in
conditions like obstructive sleep apnea, where mechanical instability of the upper airway during
inspiration leads to airflow limitation or complete obstruction.

Alveolar pressure, the pressure within the alveoli, is the primary driver of airflow during
breathing. At rest, when no air is moving, alveolar pressure equals atmospheric pressure (usually
defined as 0 cmH20). During quiet inspiration, alveolar pressure drops to approximately -1 cmH-O
drawing air into the lungs. With expiration, especially during passive breathing, the relaxation of

the inspiratory muscles causes the thoracic volume to decrease, raising alveolar pressure to around
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+1 cmH-0 and expelling air. During forced expiration, such as coughing or vigorous breathing,
alveolar pressures can rise significantly, further promoting airflow out of the lungs.

Another important concept is transpulmonary pressure, the difference between alveolar
pressure and intrapleural pressure. This pressure gradient keeps the lungs inflated against their
natural elastic recoil. If intrapleural pressure becomes equal to or greater than alveolar pressure,
such as in cases of pneumothorax, the lung may collapse. Maintaining a positive transpulmonary
pressure throughout the respiratory cycle is essential for effective ventilation and alveolar stability

(See Fig. 2-3 for a schematic of pressure relationships within the thoracic cavity).
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Fig. 2-3: Pressure relationships in the thoracic cavity. This diagram illustrates the pressure gradients critical to
pulmonary ventilation. Intra-alveolar pressure (760 mm Hg or 0 mm Hg gauge) is equal to atmospheric pressure at
rest, while intrapleural pressure (756 mm Hg, or -4mm Hg gauge) remains slightly negative to prevent lung
collapse. The transpulmonary pressure (difference between intra-alveolar and intrapleural pressure) maintains lung
expansion. The diagram also shows the anatomical relationship between the visceral pleura, parietal pleura,
pleural cavity, lungs, and thoracic wall. [97] copyright © 2019 by Lindsay M. Biga, Staci Bronson, Sierra Dawson,
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Airway resistance and lung compliance also modulate the mechanics of breathing.
Resistance is influenced by the diameter of the airways and the viscosity of the inhaled air, as
described by Poiseuille’s law. In diseases like asthma or chronic obstructive pulmonary disease
(COPD), increased airway resistance can significantly hinder airflow, necessitating greater
muscular effort to achieve adequate ventilation. Lung compliance, defined as the change in lung
volume per unit change in transpulmonary pressure, reflects the distensibility of the lung tissue.
High compliance means the lungs can expand easily, while low compliance, as seen in pulmonary
fibrosis, indicates stiffness and difficulty in lung expansion.

Moreover, the interaction between alveolar pressure and atmospheric pressure is not
merely a passive consequence of volume changes but is finely regulated by neural and chemical
feedback mechanisms. Central and peripheral chemoreceptors continuously monitor arterial levels
of CO2, O, and pH, adjusting respiratory rate and tidal volume accordingly to maintain
homeostasis [98].

The mechanics of breathing represent a dynamic interplay between anatomical structures,
muscular activity, and fundamental physical laws governing gas behavior. Alveolar and
intraluminal pressures, modulated by changes in thoracic volume and tissue mechanics, create the
necessary pressure gradients for airflow. Boyle’s law provides a foundational understanding of
how these volume and pressure changes drive ventilation, while factors such as airway resistance,
lung compliance, and pleural pressure differentials ensure the system operates efficiently. A
comprehensive understanding of these mechanics is essential for diagnosing and treating
respiratory disorders, modelling airflow in clinical simulations, and designing effective ventilatory

support systems.
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Abstract

Obstructive sleep apnea (OSA) diagnosis using tracheal breathing sound analysis during
wakefulness has already shown great potential with an accuracy of 84.5% compared to the gold-
standard polysomnography (PSG). The inclusion of geometrical parameters in the acoustic
diagnosis of OSA during wakefulness may not only increase the accuracy but also provide insight
into OSA pathology. In this study, we aimed to develop an upper airway model for a flow-sound
relationship in the presence of a constriction (e.g. increased airway stiffness and/or collapsibility).
The geometrical change selected for this study is a circular constriction representing tracheal
narrowing. An experimental measurement was conducted on a 3D-printed model of a tube with a
constriction while recording the airflow-generated sound at three locations. Several constriction
sizes were tested at different airflow rates. The results show a higher frequency shift for the
resonating frequencies for the smaller constrictions. In addition, larger slopes of the logarithmic
relationship between airflow and the generated sound power were observed for the larger

constrictions. These findings are encouraging for future studies to evaluate the mathematical
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relationship between the tracheal breathing sounds in the presence of different constriction sizes

for a realistic upper airway geometry.
3.1 Introduction

Obstructive sleep apnea (OSA) is a prevalent sleeping disorder associated with several
clinical conditions such as cardiovascular disease, depression, diabetes and daytime
hypersomnolence [1]. It is characterized by either a complete (apnea) or partial (hypopnea)
collapse of the upper airway during sleep that lasts >10 sec and is also associated with a >3% drop
in blood oxygen saturation. Polysomnography (PSG) is considered the gold standard for OSA
diagnosis. Given that PSG is an expensive and time-consuming test requiring highly skilled labor
and has a long wait, OSA is still massively underdiagnosed [2]. PSG’s economic burden on the
healthcare system accounts for billions of dollars annually [3]. In addition, PSG is not a suitable
option to diagnose OSA prior to a surgery for patients requiring full anesthesia due to lack of time
for a sleep study. Thus, fast screening questionnaires (Ex: STOP-Bang, Berlin) are usually
employed using parameters such as age, gender, weight, smoking history, etc. Although these
questionnaires have high sensitivity, their specificity is very low (~36%) [4]. In the last decade,
several studies have been conducted on OSA diagnosis using tracheal breathing sounds (TBS) [5],
[6] and voice analysis [7], [8]during wakefulness. The underlying rationale of these studies is
based on imaging studies that provided evidence for the existence of anatomical and morphological
differences between OSA and non-OSA individuals during wakefulness [9], [10], where an
increased pharyngeal length, higher dilator muscle activity and longer/thicker, soft palate were
observed in OSA individuals [10]. These characteristics can potentially be detected by breathing
sounds generated due to airflow turbulence in an upper airway with these deformities. The study

in [6] reported an accuracy of 83.92% using sound features only and 84.53% using sound features
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and anthropometric features such as BMI, age, and gender. The study employed spectral and bi-
spectral features of the tracheal sound signal generated due to breathing; however, anatomical and
morphological features were not included.

The combination of the anatomical features of the upper airway structure and the spectral
features may then benefit OSA classification by understanding the effect of the upper airway
geometry on TBS. Extensive research has been previously conducted regarding TBS modelling
and the sound generation mechanism. The study in [11] developed a dynamic acoustic model of
the respiratory tract including the sound sources generated due to turbulent flow with a focus on
the glottal aperture variation. The respiratory tract consisted of short sections with each section
represented by a lumped acoustic circuit element. The sound pressure and velocity were considered
analogous to voltage and electrical current respectively. The model predicted an increase in the
sound power with the increase of respiration flow rate (0.5 to 2 L/s) with the greatest increase
observed between 0.5 and 1 L/s. In addition, the sound power was greater during the expiration
phase than during the inspiration phase, based on measurements performed on 4 participants, due
to the smaller glottal opening size during expiration [11]. However, no specific parameter has been
reported to evaluate the effect of the opening size on the rate of increase in the sound power. The
study in [12] employed the power law relationship between the respiratory flow and the sound
power as in Eq. 3-1:

P=K xQ¢“ 3-1

where P is the sound power and Q is the respiratory flow rate. K and a are model constants
that vary based on several factors in the sound generation mechanism in the upper airway.
Furthermore, the study in [13] employed Eq. 3-1 to study the variation in the respiratory flow-

sound relationship between OSA and non-OSA during wakefulness and sleep, while assessing the
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effect of different levels of airway obstruction. The study was performed on experimental patients’
recordings of TBS rather than upper airway modelling. It was found that the power factor (a)
varied significantly from wakefulness to sleep for OSA patients only, which depicts the
dependency of the power factor on the airway collapsibility while the tracheal length was found to
be a significant factor affecting the parameter K [13].

The above results show a great interest in a study that evaluates the effect of the upper
airway narrowing size and location on the flow-sound relationship parameters quantitatively. The
findings could be helpful for the classification of OSA and non-OSA individuals. Therefore, the
purpose of this study is to experimentally study the effect of a constriction size in a simplified tube,
representing trachea, on the sound generated due to airflow. In addition, the effect of the airflow

rate is investigated.

3.2 Methodology

Fig. 3-1 shows a schematic of the experimental test setup. A compressor was used as the
flow source which was attached to a rotameter serving as the flow control meter. The outlet of the
rotameter was connected to the simplified tube model. The trachea was simplified as a circular
tube with a constant diameter of 20 mm and a total length of 280 mm. An inlet tube with a diameter
of 4 mm was added to facilitate the attachment to the flow control meter. The tube was constricted
at a distance of 100 mm from the inlet. The CAD model of the simplified tube is shown in Fig. 3-
2. The simplified tube model was 3D printed using PLA material. The complete setup, excluding
the flow source and flowmeter, was placed in a small anechoic chamber to reduce the acoustic
reflections. The sound was recorded for 5 seconds of continuous flow using Sony ECM-77B
microphones with a sensitivity of -52 + 2 dB at three microphone locations. Microphones 1 and 2

were placed on the tube surface with direct contact with the flow and located 175 mm and 225 mm
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from the inlet, respectively. Microphone 3 was placed at the tube centerline located 50 mm from
the outlet. The voltage signals were amplified, filtered with a 3 kHz low pass filter, 0.05 kHz high
pass filter and sampled at 10 kHz using Biopac DA 100C. The raw voltage-time domain signals
were then converted to pressure signals which were then segmented with a Hamming window of
size 250 ms and 50% overlap. The frequency components were calculated utilizing fast Fourier
transformation. The sound pressure level (SPL) was calculated for each microphone using Eq. 3-
2.

SPL = 20log 32

ref

where; P is the measured acoustic pressure in Pascal and Py s is the reference acoustic
pressure (threshold of hearing) and is equal to 2 x 10 Pascal. The test was conducted for three
constriction diameters (5 mm opening/ 75% constriction, 10 mm opening/ 50% constriction and
15 mm/ 75% constriction) and at 7 flow rates (8 L/min to 20 L/min with a step of 2 L/min). Finally,
the logarithmic relationship between the airflow rate and the acoustic power is investigated.

It was expected to observe a strong effect from the jet noise generated at the inlet vicinity
due to the large area change at this location. To reduce this non-physiological effect, the test was
repeated using a longer tube (340 mm) containing cell foam at the inlet to dampen out the noise
generated at the inlet. The new microphones’ locations were 235 mm and 285 mm from the inlet

and 50 mm from the outlet for microphones 1, 2 and 3, respectively.
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Fig.3-2: Simplified Tube CAD model with the location of the three microphones
3.3 Results

Fig. 3-3 shows the sound pressure level measured at three different constriction sizes (25%,
50% and 75%) using the 280 mm long tube model without the cell foam. There was no change in
the 1% resonating frequency between the three constrictions since the tube length did not change.
However, there was a frequency shift at the 2" and 3™ resonating frequencies implying a
relationship between the constriction size and these frequencies. Moreover, higher amplitudes
were observed at the larger constriction openings, especially at higher frequencies. This can be
explained by the greater effect of the jet noise occurring at the inlet vicinity as previously
mentioned. Larger areas allow for larger pressure amplitudes to be captured by the microphones
downstream of the flow. Therefore, to magnify the physiological significance of the constriction

in the tube model, the longer tube of 340 mm in length with added cell foam at the inlet was tested.
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Fig. 3-4 shows the results of this new setup. For this experiment, two additional constriction sizes
(7 mm opening diameter/65% constriction and 8 mm opening diameter/60% constriction) were
added to the test to amplify the inference. Several observations are depicted in this plot. First, the
sound pressure measured at the two microphones placed on the tube surface was able to classify
between the five constrictions, especially in the low-frequency region (below 500 Hz). Larger

amplitudes are expected at the higher constrictions due to the larger area change generating higher

flow turbulence, as shown in Fig. 3-4.
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Fig.3-3: Experimental sound pressure level (SPL) of three constriction sizes measured at the three microphones
(tube length = 280 mm without cell foam)

Furthermore, the logarithmic root mean square (RMS) pressure is plotted against the inlet
flow rate. As shown in Fig. 3-5, steeper slopes were observed at higher constrictions, depicting an

increase in the growth rate of the sound power for smaller opening sizes when the flow rate was

elevated.
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3.4 Discussion

OSA classification during wakefulness using the spectral features of tracheal breathing
sounds along with anthropometric features has already been proven. However, the inclusion of
geometrical features and breathing airflow has not been analyzed. This study aimed to
experimentally measure the sound pressure level generated due to airflow inside a tube with a
constriction to study the effect of the constriction size and the flow rate on the generated sound.
Two tests were performed for this objective. The first test involved direct measurement of the
sound generated in the tube without eliminating the effect of jet noise while the second test
included the use of cell foam before the constriction opening to study the effect of the constriction
solely. The results of this study have shown a resonance frequency shift towards higher frequencies
when reducing the constriction (larger opening diameter). Moreover, higher sound power was
observed at increased flow rates with an increased logarithmic slope for larger constrictions. This
finding came in line with those in [13] that reported an increase in the logarithmic slope of the
flow-sound power relationship from wakefulness to sleep with a significant change for OSA
individuals. In addition, the study in [14] investigated the sensitivity of TBS to degrees of
respiratory airflow obstruction by measuring the airflow of acromegaly and healthy participants
with the aid of orifice plates of different sizes. Higher sound power was found for smaller orifice
diameters for both groups. In addition, acromegaly patients showed increased sound power
compared to the healthy participants [14]. These findings show a great potential for quantifying
the relationship between the breathing flow rate and the constriction size; thus, providing more
rationale for the classification of OSA during wakefulness and assessing the constriction size of

an OSA patient using tracheal breathing sounds only.
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Fig.3-4: Experimental sound pressure level (SPL) at 5 constriction sizes measured at the three microphones (tube
length =340 mm with cell foam)

This study encounters two primary limitations. Firstly, there is a geometric
oversimplification of the trachea, as the experiment employs a tube with a sharp constriction,
disregarding the various shapes of tracheal narrowing seen in OSA patients, such as tube,
hourglass, and bottle shapes as demonstrated in [9]. A future study should explore the impact of
these diverse shapes on TBS. Secondly, the rigid material used in the 3D printed model fails to
accurately represent the high damping for sound amplitudes caused by human skin. This constraint
could be mitigated in a future study by incorporating a more pliable 3D printing material with
acoustic properties resembling human skin and by creating a realistic 3D model of the upper airway

through CT scans.
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Fig. 3-5: Experimental logarithmic RMS pressure squared vs the inlet flow rate measured at the three microphones
for the five constriction sizes for microphone 1 (upper figure) and microphone 2 (lower figure), (Measured ----Dash

This study reports the results of an experimental upper airway modeling implemented on a
simplified tube with a constriction representing trachea. Despite the oversimplification of the
model, many important findings have been drawn and validated. There is a strong relationship
between the frequency shift and the constriction size, representing tracheal narrowing. In addition,
the evaluation of the slope of the logarithmic relationship between the airflow rate and the sound

power could serve as a factor in OSA classification during wakefulness. These results indicate
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great potential for further studies assessing the geometrical features of the upper airway and their

effect on TBS to help in the diagnosis of OSA during wakefulness.
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Abstract

Tracheal breathing sounds (TBS) are widely used in assessing respiratory disorders such as
obstructive sleep apnea but a mechanistic relationship between airway morphology and aero-
acoustics remains undefined. Here we use a realistic upper airway model reconstructed from a
human CT scan to investigate aerodynamic and acoustic effects of velopharyngeal constriction on
TBS. A hybrid aero-acoustic modeling approach was employed, combining computational fluid
dynamics (CFD) with acoustic finite element simulation. The model was validated against
recorded TBS and showed strong agreement in both amplitude and resonant frequencies.
Simulation of four graded degrees of velopharyngeal constriction demonstrated a significant
influence of geometric narrowing on airflow dynamics. Specifically, the pressure drop across the
velopharyngeal segment (APyelopharynx) followed a power law relationship with the percent area
change (AAuvelopharynx) With an exponent of 4.93 (R? = (0.998). Similarly, the dimensionless pressure
coefficient (Cp) exhibited a strong correlation with (AAvelopharynx), With a power law exponent of
1.47 (R?=0.999). Wall shear stress (WSS) at the velopharyngeal area increased dramatically with
constriction severity, increasing 15-fold from 0.8 Pa to 12 Pa in the most severe case. These
aerodynamic changes were closely linked to acoustic responses, leading to upward shifts in

resonant frequencies within the [1000-1700] Hz range as the velopharyngeal area increased. These
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findings indicate a strong relationship between airway geometry and acoustic response, thus
suggesting that TBS could be a valuable tool for quantitative non-invasive assessment of the upper

airway in healthy and obstructive sleep apnea populations.
4.1 Introduction

Breathing sounds have been an area of longstanding interest in both clinical and
engineering research. Breathing sounds and respiratory acoustics provide qualitative diagnostic
insights into the health of an individual’s respiratory system [1], [2], [3], [4], [5], [6]. Various
conditions, such as Obstructive Sleep Apnea (OSA), chronic obstructive pulmonary disease
(COPD), tracheal stenosis, and asthma, exhibit characteristic acoustic signatures that have been
attributed to changes in airflow through the central and upper airways. These changes arise mainly
from the disease-related differences in upper airway anatomy. For instance, anatomical differences
between OSA and non-OSA individuals may include increased in pharyngeal length, increased
thickness of the velum and the pharyngeal wall, and narrowed pharyngeal lumen [7]. These
anatomical variations are thought to influence airflow and, thereby, sound generation in the upper
airway. Up to now, however, the link between anatomy and TBS has been empirical and correlative
rather than quantitative and mechanistic.

Consequently, many research groups have explored the use of tracheal breathing sounds
(TBS) in diagnosing respiratory disorders such as OSA either during sleep [2], [8], [9] or even
wakefulness [5], [10], [11]. Spectral features of TBS have been employed to differentiate OSA
from non-OSA patients during wakefulness with classification accuracy of 81.1% [11] and
83.92% [5]. Incorporating anthropometric features like body mass index (BMI), age, and gender
alongside spectral features further improved accuracy to 84.53% [5]. In contrast, studies analyzing

TBS during sleep focused on detecting disordered breathing events. Using power spectrum
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features, One study achieved a sensitivity of 93% with a specificity of 67% at an Apnea-Hypopnea
Index (AHI) cut-off of 5 and a sensitivity of 79% with a specificity of 95% at an AHI cut-off of
15 [8]. Similarly, TBS combined with blood oxygen saturation has yielded a sensitivity of 91.6%
and a specificity of 97.8% at an AHI threshold of 20 [2]. These findings support the viability of
utilizing TBS as an effective diagnostic tool for respiratory disorders with a particular focus on
OSA. However, a deeper understanding of the multi-physical mechanisms of sound generation in
the upper airway and how anatomical differences affect the acoustic behavior of TBS is essential
for enhancing the diagnostic effectiveness of TBS.

The generation of tracheal breathing sounds results from the complex multi-physical
interaction between airflow and upper airway geometry. The turbulence generated inside the upper
airway during breathing creates hydrodynamic and acoustic pressure fluctuations which propagate
to the inner surface of the upper airway. These pressure perturbations cause tissue vibrations that
correspond to sound detected at the microphone placed over the suprasternal notch of the trachea.

This interaction falls within the domain of computational aeroacoustics (CAA), a field that
combines fluid dynamics and acoustics to model sound generation from turbulent flow. Hybrid
methods such as Lighthill’s acoustic analogy [12], Curle’s dipole extensions [13], and the Ffowcs
Williams—Hawkings (FW-H) formulation [14] have been widely applied to simulate low Mach
number flows in both free-field and confined flows [15]. While CAA has been widely adopted in
several engineering domains, its applications in physiological systems have been gaining attention.
For instance, substantial progress has been made in applying CAA to model voice sound
production, particularly human phonation [16]. A numerical aero-acoustic larynx model was
developed to replicate functional laryngeal disorders such as glottal insufficiency and

asymmetrical vocal fold oscillations [17]. The study combined Large Eddy Simulation (LES) with
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the acoustic perturbed convective wave equation (PCWE) in a simplified larynx geometry coupled
to a vocal tract model. Similarly, Acoustic perturbation equations (APE) were employed to
investigate the effect of different glottal configurations on the acoustics of human phonation [18].
A comparative study evaluated Lighthill’s analogy and APE in modelling phonation finding that
both methods showed good agreement, with an overprediction of Lighthill’s analogy in the sound
pressure level of the fundamental frequency [19]. That study also incorporated 2D coupled fluid-
structure interaction to simulate the airflow generated due to vibration of vocal folds during
phonation and compared the results with a 3D computational fluid dynamics (CFD) model driven
by prescribed vocal folds motion. A pressure boundary condition was found necessary in the CFD
model to capture the physical effects. Additionally, realistic vocal tract geometries reconstructed
from magnetic resonance Imaging (MRI) have been employed to identify the flow-induced sound
and acoustic sources in voiced speech using FW-H analogy [20]. Beyond phonation, few studies
focused on applying CAA to the pharyngeal airway in the context of breathing-related disorders.
For instance, the effects of pharyngeal anatomical effects on the breathing resistance and acoustic
generation showed that uvular constriction significantly elevated both pressure drop and sound
power levels [21]. A one-way coupled fluid-structure-acoustic interaction model was developed
to study the sound generated from turbulent airflow and vibrating tissue in a partially obstructed
pharyngeal airway [22], and another study identified that the highest sound pressure occurred
downstream of the glottis [23]. Furthermore, the validation of CAA methodologies in confined
flows has received significant attention. A study compared Lighthill’s analogy and Ribner’s
dilatation equation [24] on a computational domain consisting of a rectangular duct with a
diaphragm [25]. Ribner’s approach decomposes the fluctuating pressure field into two

components: a pseudo-sound (associated with near-field hydrodynamic fluctuations) and a true

65



acoustic pressure that propagates through the medium. While both formulations showed good
agreement with experimental measurements, Lighthill’s analogy demonstrated slightly higher
predictive accuracy [25]. Similarly, in a comparison between Lighthill’s analogy and Curle’s
analogy in a diaphragm-confined rectangular duct, the flow field was modelled using delayed
detached eddy simulation (DDES), a hybrid Reynold average Navier-Stokes (RANS)-LES
approach [26]. The results indicated good agreement for both methods within the frequency range
0f 200-3500 Hz with Lighthill’s analogy offering advantages due to its volumetric 3D description
of the aero-acoustic source terms, which is especially beneficial for confined geometries.
Additionally, The acoustic source terms of Lighthill’s analogy, PCWE and Ribner’s formulation
were investigated numerically on a circular duct with a halfmoon shaped orifice [27].

Taken together, this past work establishes that numerical simulations provide new
opportunities for studying breathing sounds in unprecedented mechanistic detail. Numerical CFD
simulations, such as Large Eddy Simulations (LES) and Direct Numerical Simulations (DNS),
allow us to model complex turbulent airflow through anatomically realistic geometries of the
airway. These geometries are typically derived from medical imaging techniques such as computed
tomography (CT) or magnetic resonance imaging (MRI). These imaging techniques ensure the
inclusion of patient-specific anatomical features that shape airflow dynamics and sound
production. Coupled with acoustical theories, such as Lighthill's theory of turbulent sound
generation [12], these simulations enable the detailed mechanistic analysis of sound propagation,
frequency distribution, and amplitude characteristics of breathing sounds.

Here we employed CAA to simulate breathing sounds within the upper airway. A high-
resolution CT scan was used to reconstruct realistic airway geometry, preserving critical

anatomical features. The numerical analysis explored the influence of various structures on the
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acoustic signature of breathing. We focused upon how airway constrictions, such as those seen in
OSA, modify aero-acoustic behavior of the generated sounds. We validated the numerical results
with experimental data recorded from the trachea of a healthy participant. The experimental setup
involved placing a microphone over the suprasternal notch of trachea to capture the actual sound
profile during breathing. To the best of the authors' knowledge, this study is the first to validate an
aero-acoustic numerical model using actual recordings of breathing sounds for the whole TBS

frequency bandwidth.

4.2 Materials and Methods

4.2.1 Simplified Airway Model geometry

The numerical simulation was initially conducted on a simplified tube model with a
constriction, as illustrated in Fig. 4-1 [28], before being applied on a realistic upper airway
geometry. The tube model had a diameter of 20 mm, narrowing to 10 mm in the constriction region.
The inlet diameter was set to 4 mm to match the experimental setup described in [28]. The tube
length measured 280 mm. The purpose of this initial simulation was twofold: first, to
experimentally validate the complete numerical simulation methodology using a 3D-printed model
of the simplified tube, thereby facilitating the tuning of CFD and FEM model parameters and
boundary conditions. Second, to gain preliminary insights into the effect of constriction size on
the acoustic response of airflow within a tube, as discussed in [28]. For the experimental validation,
a steady airflow of 18 L/min was introduced at the tube inlet. The setup was housed within an
anechoic chamber to suppress external acoustic interference. A SONY ECM-77B condenser
microphone (sensitivity: —52 + 2 dB) was positioned 50 mm downstream from the tube outlet along

the centerline to capture the radiated sound. The signal was amplified using a BIOPAC DA100C
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amplifier module and sampled at 10 kHz. Further details concerning the experimental setup and

signal processing were provided in [28].

280 mm
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Fig.4-1: Cross section of the CAD model of the simplified tube with constriction [28]

4.2.2 Data collection and generation of the upper airway CAD model

4.2.2.1 Airway model segmentation

Following the validation of the simplified tube model, the second stage of validation
involved comparing the simulated sounds with actual tracheal breathing sounds (TBS) recorded
from a healthy subject (Female - 76 years old). The numerical simulation was applied to a realistic
upper airway model reconstructed from a CT scan of the same subject with the aid of semi-
automatic segmentation software ITK-SNAP [29]. The segmented 3D CAD geometry undergoes
a two-stage refinement process to ensure accuracy and smoothness. In the first stage, Autodesk
Fusion 360 software is used to eliminate voids and correct any geometric irregularities that arise
from the segmentation process. This correction was essential for preserving the anatomical fidelity
of the model while maintaining a mesh suitable for numerical simulations. In the second stage,
Blender software was employed to smooth the airway walls and prepare the inlets and outlets for

boundary condition application in the numerical simulations. This step ensured the creation of a
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continuous, high-quality surface, minimizing potential numerical artifacts that could arise during

the simulation. The upper airway 3D geometry is shown in Fig. 4-2.

Nasal Passage

Velopharynx
Oropharynx

Hypopharynx

Larynx

Trachea

Fig.4-2: 3D CAD model of the upper airway segmented from CT scan of a healthy subject.

4.2.2.2 TBS recording protocol and signal processing

Tracheal breathing sounds (TBS) were recorded from the healthy subject for validation
using a SONY ECM-77B microphone positioned over the suprasternal notch, while the subject
was in supine position, aligning with the subject's posture during the CT scan for consistency. The
recording protocol involved the subject performing a deep inhalation, holding their breath for three
seconds followed by a deep exhalation, repeated for five full breathing cycles through the nose,
with closed mouth [5], [30]. The recorded sound signals were sampled at 11,025 Hz and processed
using a fourth-order Butterworth filter, with a band-pass range of [75-3000] Hz. For analysis, a
segment corresponding to 50% of the duration centered around the peak of the inspiratory phase
was selected, resulting in an approximately 300 ms window. This segment is identified as a

stationary signal [31] and suitable for comparison with a simulation setup designed to replicate
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steady inspiratory conditions using a constant-pressure drop. A detailed description of the pre-
processing and signal analysis procedures can be found in [5]. This study was approved by the
Biomedical Research Ethics Board of the University of Manitoba and the subject signed an

informed consent prior to the experiment.

4.2.3 Computational Aero-acoustic (CAA) Simulation Process

Computational Aero-acoustic (CAA) simulations can be performed using either a direct or
a hybrid approach. The direct method involves solving the compressible Navier-Stokes equations,
where the pressure calculation accounts for both hydrodynamic and acoustic fluctuating
components. While this approach provides a complete representation of the flow and sound
generation, it is computationally expensive due to the need for high spatial and temporal
resolutions to capture the entire range of acoustic frequencies. Consequently, its use is limited in
practical engineering applications. In contrast, the hybrid approach employs a decoupled
methodology, separating the generation of aero-acoustic sources from the acoustic propagation.
Hybrid approaches based on acoustic analogies are specially well suited for low Mach number
flows and acoustically compact sources [32]. This makes them ideal for modeling physiological
systems such as breathing sounds, where the flow is generally subsonic (Ma <0.2). In this study,
it is assumed that the acoustic waves generated by breathing do not influence the airflow dynamics,
justifying the use of a hybrid approach. This assumption is often referred as the weak acoustic

coupling. The hybrid approach combines Computational Fluid Dynamics (CFD) for airflow
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analysis with Finite Element Modelling (FEM) for acoustic propagation, enabling a

comprehensive assessment of both aecrodynamic behavior and acoustic characteristics.

4.2.3.1 CFD simulation

The airflow dynamics within the upper airway are governed by the incompressible Navier-
Stokes equations, which ensure the conservation of mass and momentum. These are given by the
continuity equation (4-1) and the momentum equation (4-2).
0 Uu; 4-1

ax; 0
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Where i and j are the cartesian tensor notation, u the velocity vector, P the pressure, p the
fluid density, and v the kinematic viscosity respectively.

Turbulence is inherently a chaotic and unsteady phenomenon characterized by swirling
vortices that induce velocity and pressure fluctuations in the flow [33]. These vortices, or eddies,
span a wide range of length scales, from large energy-containing structures to small dissipative
scales where kinetic energy is converted into heat. In computational aero-acoustics, accurately
capturing these eddies is critical, as they serve as the primary sources of sound. Therefore,
resolving these eddies is essential to ensure the precision of aero-acoustic source calculations.

In this study, the transient Large Eddy Simulation (LES) is employed to model turbulent
airflow within the upper airway due to its ability to explicitly resolve the large-scale turbulent
structures that are most influential in sound generation [34]. LES achieves this by filtering the

Navier-Stokes equations, separating the velocity field into resolved and subgrid scale components.

71



The resolved eddies are directly computed, while the effects of the smaller, subgrid scales are
modeled using a subgrid-scale (SGS) model [35]. This approach ensures a balance between
computational efficiency and accuracy, as it avoids the excessive computational cost of resolving
all scales, as required in Direct Numerical Simulation (DNS), while providing a more accurate
representation of turbulence than Reynolds-Averaged Navier-Stokes (RANS) models. In LES, an
arbitrary filtered flow variable ¢p(x) can be defined by the convolution of the instantaneous

variable and the filter function G . It is expressed as:

) = [ $eNGG - ¥, A)ax
where ¢ is the instantaneous unfiltered flow variable, D is the fluid domain, and 4 is the
filter width, typically set based on the mesh size. The filtered Navier Stokes equations then

become:
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Where 7; jS G5 denotes the subgrid scale stress tensor. In this study, the subgrid scale stress
is modeled using Smagorinsky-Lilly model [36], [37], [38] for its high performance in wall
bounded flow as shown in [39], where the Smagorinsky constant (Cs) is set to 0.1. The simulation
was initialized using a steady-state RANS solution with the k- SST turbulence model, providing
an initial condition for LES. This hybrid approach allowed the LES to start from a physically
realistic flow field, reducing the computational cost of developing turbulence from rest. The RANS

solution also offered insights into turbulence characteristics, informing decisions on mesh
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refinement and boundary conditions. Moreover, it had been shown in [40] that the frequency band
of the normal tracheal breathing sounds is >100 Hz and <3000 Hz, therefore, in accordance with
[5], the upper frequency limit in this study was set at 2500 Hz. The transient LES equations were
conducted with a constant time step of 1e™ second over 8000-time steps. The first 1000-time steps
were dedicated solely to achieving a fully developed flow and ensuring numerical stability, while
the subsequent 7000-time steps were retained for acoustic simulations, yielding a physical
simulation time of 0.7 seconds. The discretized governing equations were solved in ANSY'S Fluent
using the SIMPLE (Semi-Implicit Method for Pressure Linked Equations) algorithm for the
pressure-velocity coupling [41]; while bounded central-differencing scheme was employed for the
momentum discretization and bounded second order implicit was adopted for the transient

formulation.

4.2.3.2 Acoustic Finite element model

The instantaneous velocity fields obtained from the CFD simulation were mapped onto a
new finite element model in the frequency domain to compute the aero-acoustic sound sources.
Several aero-acoustic analogies can be employed for this purpose, each providing a framework to
relate the unsteady flow field to the resulting sound generation. For instance, the studies in [21],
[22] utilized the Ffowcs Williams-Hawking’s (FW-H) analogy. The study in [23] adopted the
acoustic perturbation equations (APE), while [42] employed the Lighthill’s analogy. Since FW-H
is more suitable for external flow scenarios and far-field acoustic prediction, thus Lighthill’s
analogy was implemented in this study. Lighthill’s acoustic analogy is based on the reformulation
of the Navier-Stokes equations to isolate acoustic sources within the turbulent flow [12]. The

analogy treats sound generation as a consequence of fluctuating stress and density fields. The
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governing equation for Lighthill’s analogy is derived from the conservation of mass and

momentum and can be expressed as:

1 azp' azp'_ OZTU- 4-6
c2 0t2  Ox? 0x;0x;

where,
p' = c*(p — po) 4-7
and c is the speed of sound, p is the fluid density, p, is the ambient density, and p’ is related
to the total pressure p through p’ = p — p, , where p is the ambient pressure. Tj; is the Lighthill
stress tensor and can be approximated for low Mach number flow as:
Tij = puju; 4-8
The computation of aero-acoustic sound sources was conducted using ACTRAN-
Acoustics software. The instantaneous velocity fields from the LES simulations served as input to
ACTRAN, where the propagation of acoustic waves was simulated using the finite element method
(FEM). The FEM solution of the acoustic wave equation provided the sound pressure level (SPL)
at specified microphone location within the acoustic domain, allowing for direct comparison with

experimental measurements and validation of the numerical model.

4.2.4 Meshing and Boundary conditions

4.2.4.1 Simulation 1: Simplified airway model

For the CFD simulation, a mass flow inlet boundary condition of 0.0003675 kg/s was
applied at the tube inlet, corresponding to a volume flow rate of 18 L/min and an air density of
1.225 kg/m>. A large buffer volume was added to the tube outlet to minimize potential backflow

and ensure numerical stability by allowing the flow to fully develop before exiting the domain. At
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the outlet, atmospheric pressure (zero-gauge pressure) was imposed. The walls of the tube were
modeled with a no-slip boundary condition. The fluid domain was discretized using tetrahedral
cells. According to Pope [43], the computational grid for LES should resolve at least 80% of the
turbulent kinetic energy, which was achieved by maintaining a minimum of 5 to 20 cells across
the integral length scale [41]. This requirement led to an average mesh size of 0.3 mm. To
accurately capture the near-wall effects, an inflation layer mesh consisting of 15 prism layers was
added along the tube wall. The total thickness of the inflation layers was 0.8 mm, with a growth
rate of 1.2. This setup ensured that the wall-adjacent cells maintain a non-dimensional wall
distance y* < 1, critical for resolving the turbulent boundary layer. The final mesh comprised
approximately 4 million elements, balancing computational efficiency and the resolution needed
to capture the flow dynamics accurately.

For the acoustic simulation, a propagation domain was added at the outlet to account for
sound propagation, while infinite surface elements were applied at the boundaries of this domain
to prevent reflections of acoustic waves. The propagation domain was discretized using a finite
element mesh consisting of quadratic tetrahedral elements, ensuring that each wavelength is
resolved with at least six elements. Given that the maximum frequency of interest (f;qx) 18 2500
Hz and the speed of sound (c) in air is 343 m/s, the smallest wavelength (4,,;,) can be calculated

as:

c
Amin = 77— 4-9

f max

The average element size of the acoustic domain mesh was 3 mm; corresponding to 45
elements per the smallest wavelength. The following configuration resulted in approximately

39,000 3D elements and 2,600 infinite surface elements. MUMPS (multifrontal massively parallel
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sparse direct solver) was employed to solve the system of equations formulated by the finite
element method. The frequency response curve was then plotted at a microphone placed along the

centerline, at a distance of 50 mm from the outlet.

4.2.4.2 Simulation 2: Upper airway model

As for the CFD simulation of the second model, a zero-gauge pressure boundary condition
was applied at the inlet (nostrils), while a pressure drop of -280 Pa (-2.8 cmH>0) was imposed at
the outlet (trachea). This pressure-driven setup was selected to simulate the peak inspiratory flow,
corresponding to the 300 ms stationary segment identified in the tracheal breathing sound
recordings [31]. By approximating the flow during this quasi-steady peak phase of inspiration, the
simulation enabled a meaningful comparison with the experimentally recorded signals. The walls
of the airway were treated with a no-slip boundary condition. The mesh was refined in regions of
high curvature and constrictions to capture key flow features, ensuring proper resolution of
turbulent structures in the LES stage. 12 Inflation layers with a total thickness of 1.2 mm were
added near the walls. A grid independence study was conducted using four mesh resolutions
comprising approximately 1.3 million, 2.0 million, 2.9 million, and 6.7 million elements. The
analysis was performed at t = 0.4 s, focusing on two key aerodynamic indicators: (1) the pressure
drop across the velopharyngeal segment, and (2) the mean velocity measured at two probe points
located at the entrance and exit of the velopharyngeal region. The results from each mesh were
compared against the finest mesh (6.7 million elements) as the reference. For the pressure drop,
the deviation from the reference solution was 5.9%, 2.2%, and 1.8% for the 1.3M, 2.0M, and 2.9M
meshes, respectively. Similarly, the velocity probes showed deviations of 2.4%, 0.3%, and 0.17%
across the same mesh sizes. These results indicate that mesh refinement beyond 2.9 million

elements yields minimal changes in the key flow metrics (<2%), confirming that the 2.9 million
76



element mesh provides a sufficient balance between computational cost and solution accuracy.
Additionally, the mesh resolution was verified to ensure that over 80% of the turbulent kinetic
energy was resolved.

For the acoustic simulation, large propagation domains were added at both the inlet and
outlet to capture wave behavior effectively. Since the flow is modeled during inspiration phase,
the infinite surface element was set at the inlet to prevent acoustic wave reflections. The finite
element mesh consisted of quadratic tetrahedral elements, maintaining an average element size of
3 mm resulting in approximately 40,000 3D elements and 2000 infinite surface elements. The
frequency response curve was plotted at a microphone located within the propagation domain

added to the outlet (trachea), capturing the tracheal breathing sounds.

4.2.5 Geometrical modifications of the upper airway model

To study the effect of velopharyngeal narrowing on the acoustic response of the airway,
the upper airway geometry was modified using Blender software. Four distinct modifications were
applied to the original geometry to investigate how changes in the airway shape influence the
frequency response and acoustic characteristics of the flow. These modifications focused on the
velopharyngeal region, where constrictions or narrowing can significantly impact airflow
dynamics and sound generation. The modifications included two levels of narrowing, with
reductions of 27.4% and 68.9% in the minimum cross-sectional area (CSA), and two levels of
enlargement, with increases of 79.0% and 177.8%, all relative to the baseline geometry. These
values were chosen to span a physiologically relevant range as supported by previous clinical
imaging studies [44], [45]. In particular, healthy participants were reported to have a

velopharyngeal CSA of 98.3+32.5 mm?® (mean =+ std), while individuals with OSA showed a
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significantly reduced CSA of 52.3+23.6 mm? during wakefulness, corresponding to a reduction of
approximately 47% compared to healthy controls [44]. In another study, the maximum and
minimum CSA values for OSA participants were reported as 91+40 mm? and 64+30 mm?,
respectively, while those for BMI-, age- and gender- matched healthy controls were reported
substantially larger at 153+84 mm? (maximum) and 10629 mm? (minimum) [45]. These
anatomical benchmarks support the clinical relevance of our geometric modifications, which span
from severely narrowed configurations consistent with OSA pathology to expanded airway
conditions that mimic therapeutic outcomes or inter-subject variability in healthy population. Fig.
4-3 shows the CSA of the velopharynx for the different modifications, along with the original
airway geometry. The modified models were then used to perform simulations and analyze the
corresponding changes in the tracheal breathing sounds. These geometrical alterations will allow
for a detailed understanding of how specific anatomical variations influence the aero-acoustic

behavior in the context of obstructive sleep apnea (OSA) and healthy airway conditions
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Fig.4-3: Top- Cross-sectional view of the velopharyngeal region showing geometric modifications of the upper
airway (Middle: Original geometry, Left: Modifications 1 & 2 with larger cross-sectional area; Right:
Modifications 3 & 4 with smaller cross-sectional area). Bottom — Cross sectional area vs z- distance in the
velopharyngeal area indicating maximum percentage changes from the original cross-sectional area.

4.3 Results and Discussion

4.3.1 Acoustic Validation

The frequency response curve at the microphone placed outside the flow region for

Simulation 1 (the simplified airway model) was compared against the experimental data in [28].
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Fig. 4-4 shows the experimental and simulated response curves. A strong agreement between the
two curves indicates that the model accurately captured the key acoustic features of the sound
generated due to flow inside a constricted tube, particularly the primary resonant frequencies. The
simulated curve exhibited the same general frequency distribution as the experimental data, with
less than 4% deviation in capturing the resonant frequencies and only minor discrepancies in
amplitude at higher frequencies. These discrepancies may be attributed to experimental and
numerical errors. For instance, the experimental setup involved a direct connection between the
flow source and the tube model, which may have introduced sound reflections and resulted in
elevated amplitudes. Additionally, numerical simplifications such as idealized boundary
conditions, simplifications in wall damping and the exclusion of microphone casing effects could
have contributed to amplitude mismatches at higher frequencies. Nevertheless, the overall
agreement between the simulation and the experiment was strong, indicating that the simulation
methodology is robust and can be reliably applied to the more complex geometry of the upper
airway.

Fig. 4-5 shows the comparison between the actual and simulated tracheal breathing sounds
(TBS) of the healthy participant (Simulation 2). Likewise, a strong agreement was observed
capturing the resonating frequencies of the sound generated due to breathing for that specific
subject. This further supports the robustness of the simulation approach in accurately modelling

the acoustic response of the upper airway in a healthy participant.
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Fig.4-5: Actual Vs Simulated Tracheal Breathing Sounds (TBS) of a healthy subject.
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4.3.2 Aero-dynamic characteristics of the upper airway

With the validated simulation methodology, the study examined the impact of anatomical
changes in the upper airway, specifically velopharyngeal constriction, on aerodynamic
characteristics and acoustic responses. Both the original airway geometry and four modified
versions (see Fig. 4-3) were analyzed to identify trends in pressure distribution and airflow
patterns. These modifications reflect varying degrees of velopharyngeal constriction and
expansion to assess their effects comprehensively. Fig. 4-6 presents the average pressure contours
over the mid-sagittal plane for all five simulated cases at t=0.8 sec. It is observed that modification
4 with the largest constriction level exhibited the highest-pressure gradient at the velopharyngeal
zone. To further investigate these trends, Fig. 4-7(a) illustrates the mean pressure distribution along
the centerline of the pharyngeal region for all cases. The results reveal that Modification 4 had the
steepest pressure slope, indicating a sharp pressure drop in the constriction region. Despite
Modification 3 was also representing a narrowed geometry, its pressure slope was less pronounced
compared to Modification 4. This can be attributed to Modification 4 significantly reducing the
effective cross-sectional area at the constriction, which exacerbates flow resistance and leads to a
more dramatic pressure drop. An important finding is that the relationship between pressure
change and constriction level was not a linear relationship. While moderate narrowing (e.g., in
Modification 3) caused a noticeable pressure to drop, the increase in pressure gradient became
disproportionately larger in Modification 4, where the constriction was more severe. This
nonlinear dependence emerged because, as the cross-sectional area decreases, the flow velocity
must increase significantly to maintain mass continuity. This elevated velocity led to a quadratic
increase in dynamic pressure, further amplifying the pressure drop due to increased viscous

resistance and intensified inertial effects. Additionally, a critical observation is that the dramatic
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pressure drop occurs when the cross-sectional area at the constriction approached a specific
threshold. Beyond this threshold, the flow transitioned from a relatively laminar flow to one
dominated by turbulence and flow separation, amplifying energy losses. In modification 4, the
constriction was sufficiently severe to induce such a transition, resulting in exponential resistance
growth and an amplified pressure drop. This was also evident in the velocity streamlines in Fig. 4-
8, where flow separation and recirculation are observed downstream of the velopharyngeal
constriction, particularly in the oropharynx region. The maximum velocity in the velopharyngeal
region reached approximately 23.1 m/s in modification 4, markedly higher than in the other
configurations: 11 m/s, 6.8 m/s, 6.7 m/s, and 9.8 m/s in modifications 3, 2, and 1 and in the original
geometry, respectively. It had been previously shown that the site of the upper airway collapse for
OSA patients was influenced by the specific location of the pressure drop [46]. Furthermore, Fig.
4-7(b) shows the mean velocity magnitude distribution along the centerline of the pharyngeal
region in the mid-sagittal plane. For Modification 4, the maximum velocity was observed at the
constriction zone, whereas for all the other cases, the maximum velocity was observed at the glottic
region (larynx zone). This distinction provides further evidence of a critical velopharyngeal
constriction limit, beyond which flow characteristics undergo significant changes. This is
consistent with findings in [47], where tracheal stenosis in a smoothed airway model showed

dramatic pressure drops at 85% and 90% constriction levels.
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Fig.4-6: Pressure field of the upper airway at t=0.8 sec. (from nasopharynx to the trachea outlet) in mid-sagittal
plane for the original airway geometry and the 4 modifications (see Fig.4-3).
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3).
Additionally, as shown in Fig. 4-9, the wall shear stress (WSS) peaked at 12 Pa in the

velopharyngeal region of modification 4, compared to 0.8 Pa at modification 1, representing a 15-
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fold increase in WSS across the full range of configurations. WSS is an important indicator of the
frictional forces exerted by the fluid on the airway walls, which is influenced by factors such as
the flow rate, geometry, and constriction level. From the figure, it is observed that as the degree of
constriction increases, particularly in Modifications 3 and 4, there is a marked increase in WSS at
the constricted regions. The elevated WSS in Modification 4 reflects the substantial acceleration
of airflow and the onset of turbulence caused by the severe geometric narrowing, which
significantly amplifies frictional forces within the airway. Such increased shear stress can
contribute to airway remodelling or damage over prolonged periods, which is often a concern in
pathophysiological conditions such as OSA [48], [49]. Fig. 4-10 shows the resolved turbulent
kinetic energy (TKE) for the 5 simulated cases. TKE quantifies the turbulence intensity within the
airflow and is critical for understanding the aerodynamics of breathing. Additionally, the increase
of TKE is associated with increased sound sources and sound pressure levels, as shown in studies
involving tracheal stenosis [22], [50]. Previous research [51] suggested that TKE could serve as
an indicator for assessing the severity of OSA through its relationship with the Apnea-Hypopnea
Index (AHI). Across all simulated cases, elevated TKE was observed in the larynx region, where
the glottic opening was located. The glottic opening size varies with breathing conditions. In this
study, the airway geometry was based on a CT scan of a participant in a supine position with
shallow breathing, resulting in a minimal glottic opening and high TKE in this region for all cases.
Notably, Modification 4 demonstrated the highest TKE near the constriction, suggesting that in

this scenario, the primary sound source would be associated with the velopharyngeal area.
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Fig.4-9:Wall Shear Stress of the upper airway at t=0.8 sec. (from nasopharynx to the trachea outlet) in mid-sagittal
plane for the original airway geometry and the 4 modifications (see Fig.4-3).
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Fig.4-10:Turbulent Kinetic energy (TKE) of the upper airway at t=0.8 sec. (from nasopharynx to the trachea outlet)
in mid-sagittal plane for the original airway geometry and the 4 modifications (see Fig.4-3).

Furthermore, we quantified the geometric severity of each modification by calculating the
percentage area change (AAyeiopnaryny) Within the velopharyngeal segment for each modified
geometry as shown in Fig.4-11(a). The upstream and downstream cross-sectional areas were

extracted from two axial planes separated by 17 mm. This anatomical metric was then correlated
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with the local pressure drop (APyeioprarynx) and the dimensionless pressure coefficient (Cp),
defined as the ratio of the pressure drop over the dynamic pressure.

_ APvelopharynx

Cp=—— 4-10
%prVZ

Where APyeiopnaryny 18 the pressure drop across the velopharyngeal segment calculated as
the absolute difference between the average pressure of the upstream and downstream planes of
the velopharynx, p = 1.225 kg/m?3 is the air density and V is the average bulk velocity of the
velopharynx region. The results in Fig. 4-11(b) reveal a strong nonlinear relationship between
AAyeropharynx and APyeiopnarynxWell captured by a power-law fit with an exponent of 4.93 (R*>=
0.998). This steep power supports the finding that minor increases in the geometric constriction
beyond critical threshold lead to large pressure losses and hence increases the likelihood of airway
collapse [52]. Similarly, Fig.4-11(c) shows a strong dependence between C, and constriction
severity, following a nearly linear trend with an exponent of 1.47 (R*= 0.999). The use of C, as a
normalized metric has been previously shown to correlate with AHI [53], [54] indicating that Cp
could potentially serve as an indicator for OSA classification, This implies that anatomical
variation of the airway, specifically velopharyngeal constriction, may be leveraged for OSA

screening and identifying its severity during wakefulness.
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Fig.4-11: (a) Visualization of velopharyngeal cross-sectional area and percent area change calculation. The full
patient-specific upper airway (original model) is shown in grey with the velopharyngeal region of interest outlined
by a black box. The zoomed-in inset displays the upstream (A.,) and the downstream (A 4own) planes of the
velopharynx. The axial distance between the two planes is 17 mm. (b) Pressure drop (APyeiopharny) in (Pa) across the
velopharyngeal segment plotted against the percent area change (AA eiopharynx) fOr each model. Data points
represent individual airway model, and the dashed line denotes a power- law best fit with an exponent of 4.93
(R’=0.998). (c) Variation of the dimensionless pressure coefficient (C,) with percent area change (AA eiopharyns) fOr
each model. The dashed line represents a power-law fit, yielding an exponent of 1.47 (R°=0.999).

4.3.3 Effect of the velopharyngeal constriction on the acoustic response

The acoustic response of the upper airway was analyzed for the original geometry and the
four modified versions to investigate the effect of velopharyngeal constriction on the frequency
characteristics of tracheal breathing sounds. Fig. 4-12 presents the frequency response curves

calculated at a microphone positioned near the tracheal outlet for all five simulated cases. The
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analysis identified four main formant frequencies across all simulated cases, with their frequency
ranges consistent with findings reported in [55]. Notably, a shift in the resonating frequency within
the range of [1000—1700] Hz towards higher frequencies was observed as the velopharyngeal area
increased. This shift highlights the sensitivity of the primary resonance frequency to changes in
the velopharyngeal geometry, emphasizing its role in airway acoustics. The correlation between
the constriction geometry and acoustic resonance behavior aligns with prior experimental findings
reported in [28], where similar trends were observed using a simplified tube model (corresponding
to simulation 1 in this study). However, the current study advances these findings by providing a
more anatomically realistic representation of the upper airway, enabling a deeper understanding
of how complex geometrical features influence acoustic behavior.

In contrast, the remaining formant frequencies remained relatively stable across the
geometries. This suggests that other structural factors, such as the consistent airway length
maintained across all cases, predominantly governed these frequencies. These findings highlight
the potential of formant frequency patterns as reliable acoustic markers for evaluating anatomical
and functional changes in the upper airway. These insights are vital for advancing non-invasive
diagnostic methodologies that leverage acoustic markers to assess airway health and detect
conditions such as obstructive sleep apnea, utilizing tracheal breathing sounds (TBS) during
wakefulness. Furthermore, this finding demonstrates the significant potential of TBS in identifying
the constriction level of the upper airway, offering a promising approach for clinical applications.
However, future research involving larger, clinically stratified cohorts is necessary to validate the
diagnostic robustness of TBS-based acoustic markers. Quantitative tools such as receiver operating
characteristic (ROC) analysis should be employed to assess sensitivity and specificity, establish

diagnostic thresholds, and evaluate the discriminative power of TBS features between OSA and
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healthy populations. Further, while the current study focused on validating the acoustic response
of TBS and correlating it with anatomical changes, future work should incorporate acoustic source
decomposition to quantify the relative acoustic power contribution of the dipole and quadrupole
sources, thereby providing deeper insight into sound generation mechanisms within the upper

airway.
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Fig.4-12: Frequency response curve of the sound generated at the trachea for the 5 simulated cases indicating the
effect of the velopharyngeal constriction.

4.4 Conclusion

This study validated an aero-acoustic simulation of tracheal breathing sounds (TBS) using
a reconstructed CT scan model of the upper airway. The validated model was used to investigate
the impact of velopharyngeal constriction on upper airway aerodynamics and acoustic response.
Simulations were performed on the original geometry and four modified versions with varying

levels of velopharyngeal constriction. Results showed that increasing the constriction beyond a
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certain threshold led to significant aerodynamic changes, including higher wall shear stress,
increased turbulent kinetic energy, and a sharper pressure drop. These aerodynamic alterations
were closely linked to shifts in the acoustic response, with a clear frequency shift towards higher
frequencies as the velopharyngeal area decreased. This finding underscores the strong relationship
between airway geometry and acoustic resonance characteristics. The study highlights the
potential of using TBS as a non-invasive diagnostic tool for assessing airway health. The
limitations of this study include the use of constant pressure boundary conditions, which were
applied to model a quasi-steady segment of peak inspiration. While appropriate for the selected
analysis window, this approach does not capture the transient flow dynamics present during the
full respiratory cycle. Additionally, the airway walls were assumed to be rigid, thereby excluding
fluid-structure-acoustic interactions that may play a role in sound generation through wall motion,
particularly from monopole sources. However, this simplification is justified given that the
simulation specifically targets tracheal breathing sounds during wakefulness, a condition marked
by relatively stable airway geometry and minimal wall compliance. Future research should focus
on further correlating anatomical features with breathing sounds and developing an analytical
model based on these findings, with the aim of supporting clinical studies and improving diagnosis

and monitoring of conditions such as obstructive sleep apnea.
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Abstract

Background: Tracheal breathing sounds (TBS) have demonstrated strong potential as a
non-invasive, wakefulness-based diagnostic tool for obstructive sleep apnea (OSA); yet the
relationship between specific upper airway anatomical features and the resulting TBS spectra
remains insufficiently understood. This study aims to enhance the diagnostic utility of TBS in OSA
by investigating how the upper airway anatomy influences TBS spectral characteristics.

Method: Patient-specific computational models of the upper airway were reconstructed
from high-resolution CT scans of a healthy subject and an individual with OSA. Additional
variants were generated with targeted constrictions at the velopharynx, oropharynx, and trachea,
based on clinically reported anatomical ranges. Airflow dynamics were simulated using Large
Eddy Simulation (LES), and the resulting acoustic responses were computed via Lighthill’s
acoustic analogy within a hybrid aero-acoustic framework.

Results: Oropharyngeal constriction generated the most spatially concentrated vorticity
patterns among single-region constricted models. Airway Resistance analysis revealed that severe

velopharyngeal and oropharyngeal constrictions contributed most to regional airway resistance.
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Spectral analysis showed that velopharyngeal narrowing produced a progressive downward shift
in the third resonance peak (1000—1700 Hz), while oropharyngeal narrowing induced an upward
shift of the third peak and a downward shift of the fourth peak (1700-2500 Hz). These frequency
shifts were attributed to the effective role of acoustic mass and airway compliance.

Conclusions: Anatomical modifications of the upper airway produce region-specific
changes in both flow and acoustic responses. These findings support the use of TBS spectral

analysis for non-invasive localization of airway obstructions in OSA.

5.1 Introduction

5.1.1 TBS relevance

Breathing sounds remain an important part of a constellation of methods used to diagnose
respiratory disorders including asthma, chronic obstructive pulmonary disease (COPD), and
obstructive sleep apnea (OSA) [1], [2], [3], [4]. These sounds arise from the interaction between
airflow and anatomical structures in the respiratory tract. Among various types of respiratory
sounds, tracheal breathing sounds (TBS) have gained particular interest due to their dependence
upon central and upper airway (UA) morphology and their potential to detect airflow abnormalities
within these anatomical regions.

OSA is characterized by recurrent airway collapse during sleep. Despite its high prevalence
and significant health implications, OSA remains significantly underdiagnosed [5], [6]. While
overnight polysomnography (PSG) remains the current gold standard for OSA diagnosis, PSG is
expensive, not readily available and resource-intensive; it requires specialized equipment,
overnight patient monitoring and trained personnel. Consequently, these demands result in long

wait times and limited feasibility in acute care settings such as intensive care units (ICUs) or prior
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to surgeries requiring general anesthesia [7], [8]. These shortcomings underscore the growing need
for non-invasive, accessible, and cost-effective alternatives for screening and diagnosis. In this
context, analysis of TBS recorded in few minutes during wakefulness presents a promising
diagnostic tool. TBS can be recorded non-invasively at the suprasternal notch, offering the
possibility of detecting anatomical and functional abnormalities and thus lowering the need for
PSG studies [9], [10]. Unlike lung sounds, which are often attenuated by surrounding tissues, TBS
are less filtered and more directly influenced by structural changes in the UA. This fact makes
them particularly suitable for identifying airway constrictions and flow disturbances that are

central to disorders like OSA.

5.1.2 Anatomical determinants

The diagnostic utility of TBS arises from their sensitivity to biomechanical parameters such
as local airflow velocity, wall compliance, and airflow obstruction. When air moves through a
narrowed or an irregular structure within the airway, local pressure and velocity fluctuations
produce acoustic features, such as amplitude changes and shifts in resonant frequencies.
Importantly, these acoustic features vary systematically with anatomical and physiological
alterations [11]. This sensitivity to geometry makes TBS a promising tool for identifying the
severity and location of obstructions in conditions such as OSA. Structural narrowing, particularly
in the velopharyngeal and oropharyngeal regions, has been observed to persist even during
wakefulness, thus influencing the acoustic response and offering diagnostic insights [12], [13],
[14].

Airway geometry plays a central role in the pathophysiology of OSA. Several imaging

studies have shown that variability in airway geometry during wakefulness, such as reduced cross-
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sectional area [15], [16], increased airway collapsibility [17], [18], and altered airway shape [13]
are strong predictors of airway collapse during sleep. A significant correlation was found between
the UA length and the respiratory disturbance index, a metric used to assess OSA severity [19].
Similar trends were observed when the UA length was normalized to body height, further
supporting the role of airway elongation in OSA pathogenesis [20]. Additionally, the cross-
sectional shape of the velopharynx differs between OSA patients and healthy individuals, tending
to be more circular in OSA patients and more elliptical in healthy participants during sleep [17].
Individuals with OSA also exhibit increased pharyngeal length, a thicker posterior pharyngeal wall
and reduced pharyngeal width, collectively contributing to a more constricted velopharyngeal
segment [13]. Smaller cross-sectional areas in the oropharyngeal and nasopharyngeal regions were
reported in individuals with OSA compared to those in healthy controls [18]. Consequently,
researchers investigated the relationship between the UA geometry and TBS. For instance, the
increase in inspiratory sounds’ intensity from upright to supine posture was higher in OSA than in
healthy individuals [10]. An inverse relationship was reported between body height, which is
associated with tracheal length [21], and the resonance frequencies of TBS [22], [23]. In patients
with tracheal stenosis, TBS amplitude near 1 kHz was reported to be elevated compared to that in

healthy controls, highlighting the sensitivity of TBS to localized UA constrictions [24].

5.1.3 Rationale for TBS Modelling

Despite these anatomical insights, the use of TBS in clinical diagnosis remains limited due
to lack of mechanistic understanding of how specific anatomical features influence the acoustic
response. Most diagnostic applications rely on empirical signal processing methods with limited

connection between the measured sounds and the underlying physiology. Bridging this gap
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requires a mechanistic approach that links anatomy to breathing sound generation. Computational
modelling has emerged as a powerful and non-invasive tool in respiratory physiology and
biomedical engineering. By combining computational fluid dynamics (CFD) to capture airflow
patterns and turbulence, with acoustic finite element modelling (FEM) to capture resulting acoustic
radiation, insights might be obtained that are not accessible through clinical and experimental
measurements alone. Such modelling enables the quantification of key physical variables such as
pressure gradients, turbulent kinetic energy (TKE), wall shear stress (WSS), and local velocity
distributions, which are essential for identifying aero-acoustic source mechanisms [11]. These
variables can be spatially mapped and correlated with specific airway geometries, providing a
framework for linking anatomical features to airflow dynamics and acoustic biomarkers.
Moreover, aero-acoustic modelling facilitates parametric studies where individual anatomical
features can be systematically varied, isolating their impact on the resulting sound signature, a
benefit not feasible in vivo.

In this study, we aimed to address the research gap, namely, the incomplete understanding
of how the UA anatomical traits affect the acoustic spectral features of TBS. Here, we investigate
the effect of various anatomical features, such as oropharyngeal and tracheal constrictions, airway
length and their interactions, on TBS using a one-way coupled aero-acoustic simulation modelling
approach applied to anatomically realistic UA models reconstructed from CT scans of both a
healthy individual and an individual with OSA. Previous work on TBS-based OSA assessment has
primarily relied on empirical signal processing and statistical or machine-learning models [25,26]
without explicit mechanistic modelling of how regional airway anatomy shapes the sound
spectrum. In parallel, several computational models of the UA have examined the impact of

anatomy on airflow dynamics [27] and on breathing or snoring sounds [28,29]. However, these
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studies have either focused on specific structures (e.g. the glottis in [28]) or on snoring-related
acoustics, and the specific influence of velopharyngeal, oropharyngeal, and tracheal geometry on
tracheal breathing sounds has remained largely unexplored. In this context, the present study
provides, to the best of our knowledge, the first patient-specific computational framework that
systematically quantifies the resulting changes in tracheal breathing sound spectra, thereby

establishing a mechanistic link between localized anatomical features and TBS characteristics.

5.2 Materials And Methods

An overview of the methodology employed is illustrated in Fig. 5-1. Part of the workflow,
including the aero-acoustic simulation framework, CFD computation, and acoustic Finite Element
Modelling (FEM), has been described and validated in our prior work [11]. Section 5.2.1
summarizes these previously validated components. In this study, we build upon that foundation
by extending the analysis to examine the influence of specific anatomical features, including
oropharyngeal and tracheal narrowing, airway length, and their interactions, on tracheal breathing
sounds (TBS). The new contributions, detailed in section 5.2.2, focus on integrating anatomical
modifications into the simulation pipeline, validating their effects through subject-specific
geometries. Feature extraction was performed to explore the diagnostic relevance of these findings

in distinguishing between healthy and OSA airways.
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Fig. 5-1: Flow Chart of the methodology procedures, based on the work presented in [11].

This study was approved by the Biomedical Research Ethics Board of the University of

Manitoba [B2022:226 (HS25583)]. Subject-specific airway geometries were reconstructed from
high-resolution CT scans of two participants: a healthy 76Y female (height: 146 cm, BMI: 27.2
kg/m?) with no reported respiratory disorder and a 47Y male (height: 165 cm, BMI=28.7 kg/m?)
with clinically diagnosed severe OSA. The individual with OSA exhibited an apnea-hypopnea
index (AHI) of 58 events per hour (85.2 events/hour in supine position). The CT volumes had a
matrix size of 512 x 512 x 1057 voxels and a voxel size of 0.4375 x 0.4375 x 0.335 mm?®. The age
difference between the healthy and OSA participants may introduce potential confounding due to

age-related changes in soft tissues and airway dimensions; this is acknowledged and further
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discussed in the limitations section. Semi-automatic segmentation using ITK-SNAP [30] was
applied to reconstruct the 3D UA geometries from each scan. Post-processing was performed to
ensure anatomical accuracy and mesh quality, using Autodesk Fusion 360 for gap filling and
Blender for wall smoothing and inlet/outlet preparation. Surface smoothing was performed to
remove stair-step and aliasing artifacts while maintaining changes in minimum cross-sectional
areas in each anatomical segment below 2% and in total airway volume below 1% relative to the

original segmentation. Figure 5-2 shows the CAD geometries for the airway of both participants.

|

Outlet
(a) (b)

Fig. 5-2: CAD model of the upper airway of (a) healthy participant and (b) OSA participant.
5.2.1 Aero-Acoustic Simulation Framework

Aero-acoustic simulations can be performed using either a direct or hybrid approach. In
this study, a hybrid method based on Lighthill’s analogy [31] was employed due to its
computational efficiency and suitability for low Mach number flows [32] such as those observed
in human respiration. The hybrid approach decomposes the simulation into two sequential steps.
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The first step involves a steady state Reynolds-Averaged Navier—Stokes (RANS) simulation,
which is used to initialize the flow field and provide stable initial conditions, followed by unsteady,
incompressible, scale-resolving finite volume CFD using large eddy simulation (LES) to capture
the flow field and turbulent structures responsible for sound generation. Smagorinsky—Lilly
subgrid-scale model was employed to model the effect of unresolved small-scale turbulence
[33,34]. In the second step, the aero-acoustic source terms, derived from the CFD simulation, are
mapped onto a coarser finite element model (FEM), where the acoustic wave propagation is
computed in the frequency domain by solving the variational form of the wave equation. This
modelling approach relies on several assumptions; first, the flow is incompressible and isentropic,
which is valid for low Mach number flow (Ma < 0.2), and therefore, the convection effects can be
neglected ; second the influence of acoustic waves on the flow field is negligible, justifying the
one-way coupling; third the acoustic source is compact relative to the wavelength of interest.

A pressure drop of 2.8 cmH>0 between the inlet (nostrils) and outlet (trachea) of the UA
was applied to simulate the plateau of peak inspiratory flow. This was implemented by setting the
nostrils (inlet) to atmospheric pressure and applying a subglottic pressure of —2.8 cmH-O at the
tracheal outlet [11]. This value is consistent with the reported range of inspiratory pressure [35]
and, in the present study, resulted in an inspiratory flow rate of approximately 33 L/min which is
inline with flow rates commonly used in the literature [36,37] . This setup was chosen to align with
the validation study presented in [11], where the acoustic analysis was based on a stationary 300 ms
segment of tracheal breathing sounds (TBS) corresponding to maximum inspiratory effort. The
CFD simulation was performed using ANSY S-Fluent (2024-R2) with a fixed time step of 0.0001 s
for 8000-time steps. A no-slip boundary condition was imposed on the airway walls. The CFD

mesh consisted of approximately 2.9M elements for the healthy model and 3.6 M elements for the
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OSA model. Boundary layer refinement ensured that wall-adjacent cells maintained y* < 1 for
accurate near-wall resolution. Mesh quality was assessed using cell skewness and orthogonal
quality. The average skewness was 0.28 (95% of the cells <0.50) for the healthy model and 0.27
(95% of the cells <0.52) for the OSA model, while the average orthogonal quality was 0.70 and
0.73, respectively. The unsteady velocity fluctuations obtained from LES CFD were transformed
into frequency domain and mapped onto the finite element mesh for acoustic analysis in
ACTRAN-Acoustics software (2024.1). The acoustic domain was discretized using second order
(quadratic) tetrahedral elements, ensuring a minimum of 45 elements per acoustic wavelength,
enabling accurate sound propagation modelling up to 2500 Hz. Infinite elements [38] were
assigned to the inlet surface to simulate anechoic conditions and prevent non-physical reflections.
At the tracheal outlet, a normalized impedance boundary condition was imposed to approximate
realistic boundary loading. To account for tissue damping and sound absorption, a normalized
surface impedance of 500 (relative to air) was applied to the airway walls. The microphone probe
for recording tracheal breathing sounds in the simulation was placed in the extended tracheal
propagation domain downstream of the tracheal outlet, matching the position used in the
experimental validation [11]. The full simulation framework, including solver configurations,
governing equations, meshing and boundary conditions, has been described in detail in our

previous work [11].

5.2.2 Anatomical Feature Extraction

To investigate the anatomical determinants of TBS, a series of anatomical variations were
introduced into the UA geometries. These variations targeted specific regions, namely the

velopharynx, oropharynx, and trachea, and were guided by reported ranges of airway dimensions

109



for OSA patients in previous clinical and imaging studies. For instance, velopharyngeal minimum
cross-sectional area (CSA) was reported as 35.3+23.5 mm? (mean = std) in 17 OSA patients during
wakefulness [17], while oropharyngeal minimum CSA was reported as 203+£95.3 mm? in 20 OSA
adults [14]; and 61.45+45.03 mm? in 33 OSA children [39]. Although pharyngeal narrowing is a
well-documented characteristic of OSA, recent evidence also highlights the role of tracheal
constriction in the disorder manifestation and severity [40,41]. In this study, each anatomical
region was altered to simulate two levels of constriction: mild and severe. For instance,
velopharyngeal constriction reduced the CSA from 85 mm? (healthy) to 62 mm? (-27%) for mild
narrowing and to 26 mm? (-69%) for severe narrowing. Oropharyngeal constrictions resulted in
CSA reductions from 190 mm? to 85 mm? (-55%) and 30 mm? (-84%) for mild and severe
conditions, respectively. Tracheal constriction decreased CSA from 166 mm? to 67 mm? (-60%)
and 36 mm? (-78%) for mild and severe cases. Additionally, tracheal length was extended to reflect
inter-individual anatomical variability: mild elongation increased length from 135 mm to 155 mm
(+15%), while severe elongation extended it to 175 mm (+30%). These constrictions were imposed
manually on the airway surface in Blender by locally narrowing the target segment; after each
modification, the minimum CSA was measured on cross-sectional planes, and the geometry was
iteratively adjusted until the desired percentage reduction was obtained. The selected “mild” and
“severe” percentages were not based on a single fixed percentile but were tuned to produce
anatomically plausible CSAs that lie within the ranges reported in OSA imaging studies and to
generate clearly distinct moderate versus pronounced narrowing scenarios. The effects of
velopharyngeal narrowing were investigated in prior work [11] and are included here for
comparative purposes. All modifications were implemented on the CT-based healthy airway

model to isolate the acoustic impact of each anatomical feature while preserving overall boundary
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conditions and flow dynamics. In addition to the primitive modifications applied to individual
regions, several combined configurations were developed to examine the interactive effects of
multilevel airway alterations. This framework resulted in a total of 15 UA configurations added to
the original geometry. A complete summary of the anatomical modifications, including targeted
regions, constriction severity, and geometric variations, is provided in Table 5-1. In addition, the
minimum cross-sectional area and segmented volume of each targeted airway region of the
primitive models and OSA model are summarized in Table 5-2.

Figure 5-3 illustrates the anatomical variations described above. It displays the healthy CT-
based airway model alongside region-specific zoomed-in views for the velopharynx, oropharynx,
and trachea. Each panel illustrates the geometric variations corresponding to mild and severe
constriction levels, as well as the progressive elongation of the trachea. Furthermore, to evaluate
the clinical relevance of the observed acoustic changes, a simulation based on the CT scan of the
OSA participant will be conducted [42]. This serves as a verification step to assess whether the
parametric variations introduced in the modified models reflect physiologically realistic acoustic

behavior in OSA conditions.

Table 5-1: Summary of anatomical modifications applied to the CT-based healthy airway model. Primitive models
represent isolated modifications to individual anatomical regions, while combination models incorporate multilevel

alterations.
Model ID Target Region Constriction Length Variation from original model
Level Extension
Level
VP | OP | Tr | Mild | Severe | Mild | Severe | Min CSA % Length %

" Model 1 FHx T 85 —=62 | -27%
g mm?
g Model 2 T T 85 —26 | -69%
5 mm?
& | Model 3 T T 190 — 85 | -55%
E mm?
o Model 4 T T 190 — 30 | -84%

mm?
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Model 5 T T 166 — 67 | -60%
mm?
Model 6 T T 166 — 36 | -78%
mm?
Model 7 T T 135 — 155 | 15%
mm
Model 8 T il 135— 175 | 30%
mm
Model 9 + T t Model 2 + Model 4
» | Model 10 + + T Model 2 + Model 6
S [ Model 1l | ¥ ¥ ¥ ¥ Model 2 + Model 8
£ | Model 12 it = Model 4 + Model 6
=
g Model 13 + + + T Model 4 + Model 8
O | Model 14 ¥ + + Model 6 + Model 8
Model 15 + + + T+ Model 2 + Model 4 + Model 6

**f= constriction in a single target region; t=constriction in two regions, T{1= constriction in three
regions. VP: Velopharynx; OP: Oropharynx; Tr: Trachea; Min CSA: minimum cross-sectional area.

Table 5-2: Volumetric and cross-sectional area (CSA) measurements for each targeted upper airway region
(velopharynx, oropharynx, trachea) across the healthy baseline, individual modification models, and the OSA
geometry. For each region, both the segmented volume (in mm?) and the minimum cross-sectional area (in mm?) are

listed.
Velopharynx Oropharynx Trachea
Model Min Min
Volume | min CSA | Volume CSA Volume CSA
(mm) | (mm’) | (mm’) | (mm’) | (mm’) | (mm’
Healthy Original 2616 85 6009 190 6517 166
Model 1 2291 62
Model 2 2031 26
Model 3 4798 85
Model 4 3683 30
Model 5 5859 67
Model 6 5530 36
OSA 1540 28 6003 110 11,373 255
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Fig. 5-3 : Anatomical modifications applied to the healthy airway model. Zoomed-in views show constriction and
length-extension variants for the velopharynx, oropharynx, and trachea, used to simulate patient-specific
anatomical changes based on OSA-related variability.

5.3 Results

5.3.1 Aerodynamics

Figure 5-4 illustrates a comparison of airflow dynamics within the UA, emphasizing
differences in vortical structures (Fig. 5-4(a)) and turbulent kinetic energy (TKE) distribution (Fig.
5-4(b)) between the healthy (original) model and the obstructive sleep apnea (OSA) model at
t=0.8s. In the OSA model, a pronounced anatomical narrowing is observed in the velopharyngeal
region, with ~80% reduction in cross-sectional area (CSA) at the point of minimum constriction.
The vortical structures are visualized using iso-surfaces of Q-criterion at 2 x 107 52, colored by

local velocity magnitude. The Q-criterion isolates regions where the rotational component of the
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flow dominates over the strain rate, thereby highlighting areas of vortex formation. The OSA
model exhibits intense and dense vortex cores, clearly observed in and downstream of the
velopharyngeal constriction, corresponding to strong shear layers and the development of jet-like
turbulent flow and downstream recirculation zones. These structures are associated with elevated
velocity magnitude, reaching 23.1 m/s, indicating localized flow acceleration and transition to
turbulence due to the anatomical obstruction. This further indicates the increase in the quadrupole
sound sources at the constriction zone [43]. Although the dipole sources, associated with unsteady
wall pressure fluctuations, are typically more dominant in low Mach number flows [44], the
presence of intense vortical structures suggests that quadrupole sources may also contribute to
sound generation in pathological cases like OSA. In contrast, the healthy model exhibits
significantly fewer and weaker vortex structures in the velopharyngeal zone, indicative of a
predominantly laminar flow regime. The maximum TKE in the velopharyngeal region increased
from approximately 7.9 J/kg in the healthy model to 19.5 J/kg in the OSA model (=2.5-fold
increase), and the volume-average TKE within this region rose from 1.5 J/kg to 4.7 J/kg (=3-fold
increase). The TKE distribution (Fig. 5-4(b)) further supports these observations, with the OSA
model exhibiting higher energy levels in the velopharyngeal region. This elevated TKE reflects
the conversion of mean flow energy into turbulent fluctuations, which can also modulate the

acoustic signature of the UA.
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Fig. 5-4: Comparison of flow features between healthy and OSA upper airway models. (a) Coherent vortex structures
visualized using iso-surfaces of the Q-criterion (Q = 2 x 107 s7), overlaid and colored by velocity magnitude (m/s) at
t=0.8s. In the OSA model (right), elevated velocity regions and dense vortical structures are visible near the pharyngeal
constriction, indicating increased shear and potential transition to turbulence. In contrast, the healthy model (left)
exhibits fewer and weaker vortex structures, signifying more stable and laminar flow. (b) Turbulent kinetic energy (TKE)

115



contours across the airway mid-sagittal plane. The OSA model displays higher TKE values concentrated downstream of
the constriction site, demonstrating enhanced turbulence generation due to velopharyngeal narrowing. The healthy
model shows lower and more uniformly distributed TKE levels.

Figure 5-5 visualizes the vorticity magnitude in the mid-sagittal plane across six airway
models: the healthy original model (a), model 2 with severe velopharyngeal constriction (b), model
4 with severe oropharyngeal constriction (c), model 9 with severe velopharyngeal and
oropharyngeal constrictions (d), model 6 with severe tracheal constriction (), and model 15 with
severe velopharyngeal, oropharyngeal and tracheal constrictions (f). The vorticity magnitude
captures the rotational intensity of the flow and is indicative of shear layer development and
turbulence onset. In the healthy original model, mild vortex shedding is observed near the glottis
region. In contrast, the models with geometric narrowing display intensified vorticity, especially
downstream of the constricted zones, indicating the formation of shear-driven instabilities.
Notably, model 4 (oropharyngeal constriction) exhibits the most intense and spatially concentrated
vortex structures among the single-constriction models. This suggests that oropharyngeal
narrowing may introduce more severe aerodynamic disturbances compared to other individual
constrictions. Furthermore, in models with multiple constrictions (models 9 and 15), complex
vortex interactions and elevated rotational intensity are evident along extended regions of the
airway. However, it is notable that the magnitude and spatial concentration of vorticity induced by
a single severe constriction exceeded those observed in models featuring multiple combined
constrictions. This finding suggests that a singular severe constriction may lead to more
pronounced aerodynamic disturbances characterized by stronger shear layers, intensified localized
vortex shedding, and increased turbulence compared to scenarios involving several constrictions
distributed along the airway. Consequently, the presence of a single, critically narrowed region

may result in more severe aerodynamic conditions, potentially elevating the risk of
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pathophysiological consequences such as increased airway resistance, turbulent kinetic energy,

and susceptibility to airway collapse typically associated with OSA.

Original Model 2 (Velopharyngeal constriction) Model 4 (Oropharyngeal constriction) Model 9 (Velopharyngeal and Oropharyngeal constrictions)
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Fig. 5-5: Comparison of vorticity magnitude (in s™') across different airway geometries under inspiratory flow
conditions at t=0.8s. (a) Original (healthy) model; (b) Model 2: Velopharyngeal constriction; (c) Model 4:
Oropharyngeal constriction, (d) Model 9: Combined velopharyngeal and oropharyngeal constrictions; (e) Model 6:
Tracheal constriction; (f) Model 15: Combined velopharyngeal, oropharyngeal, and tracheal constrictions.
Vorticity magnitude fields are shown in sagittal plane slices to highlight the regions of high rotational flow
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associated with anatomical narrowing. The color scale is consistent across all subplots, with red indicating stronger
vortical structures.

5.3.2 Airway Resistance
The airway resistance was computed in the three targeted regions (velopharynx,

oropharynx and trachea) for each model using Equation 5-1:

R _ APregion 5-1
region — 0 >

where Ryegion 18 the airway resistance in Pa.s/L, APrg;0n is the pressure drop across the region
of interest in Pa, Q is the volumetric flow rate in L/s. The velopharynx was defined from a plane
through the posterior edge of the hard palate to a plane through the tip of the uvula, the oropharynx
extended from the uvular plane to a plane through the superior margin of the epiglottis, and the
tracheal segment was defined from a plane just below the glottis to the distal tracheal outlet from
the glottis. A dimensionless resistance (R”) was also calculated to quantify the contribution of each
targeted region to the overall airway resistance. This ratio was defined as the regional resistance
divided by the global airway resistance, where the global airway resistance was computed using
the total pressure drop across the airway (from the inlet at the nostrils to the tracheal outlet).
Equivalently, this dimensionless ratio also represents the proportion of the total pressure drop
occurring across each individual region. Figure 5-6(a) shows the airway resistance computed
across the three anatomical regions of interest, for all airway models studied, including the healthy
(Original) and OSA configurations. The healthy (original) model had a velopharyngeal resistance
of 54 Pa.s/L and an oropharyngeal resistance of 72 Pa.s/L. Model 4, with the severe oropharyngeal
constriction, exhibited the highest regional resistance (~458 Pa.s/L) across the primitive models,
while model 2, with the severe velopharyngeal constriction, exhibited a nearly similar resistance

(~450 Pa.s/L). Model 6, with the severe tracheal constriction showed elevated resistance (~230
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Pa.s/L) compared to the mild and original cases; however, its severity was less prominent than the
oropharyngeal and velopharyngeal constrictions. Furthermore, models with multiple constrictions
generally exhibited reduced regional resistance values compared to models with a single, severe
constriction in a corresponding region. However, a notable exception was observed in the
velopharyngeal constriction when combined with tracheal length extension (model 11), where
resistance slightly increased (~460 Pa.s/L) compared to the individual velopharyngeal constriction
(model 2). In fact, the resistances values computed in model 11 resemble closely those of the OSA
participant, who presented a similar combination of anatomical features, specifically a severely
constricted velopharynx and a comparable tracheal length. To quantify the sensitivity of regional
resistance to geometric perturbations, each modified configuration was compared with the healthy
geometry. Mild velopharyngeal narrowing (Model 1) increased velopharyngeal resistance by
approximately 80% relative to the healthy model, whereas severe velopharyngeal narrowing
(Model 2) increased it by about 730%. Mild and severe oropharyngeal constrictions (Models 3 and
4) increased oropharyngeal resistance by approximately 94% and 530%, respectively. Severe
tracheal constriction (Model 6) increased local tracheal resistance by more than 2700%, but its
impact on global upper-airway resistance remained lower than that of the large pharyngeal
constrictions. The progression of the resistance ratio (R") with increasing constriction severity for
the primitive models is presented in Fig. 5-6(b). Resistance ratios in both the velopharyngeal and
oropharyngeal regions exhibited a pronounced increase from mild to severe constriction, with the
oropharyngeal region showing marginally higher resistance ratios. Conversely, the tracheal
constriction had a comparatively lower influence on resistance, especially evident in the mild
constriction case, which closely resembled the resistance ratio of the original model. Additionally,

the OSA model displayed a remarkably high resistance ratio in the velopharyngeal region, further
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emphasizing the critical contribution of velopharyngeal constriction to overall airway resistance
in OSA pathology. Conversely, the OSA model exhibited minimal contribution to resistance from

the tracheal and oropharyngeal regions, underscoring the predominance of velopharyngeal

narrowing in this participant.
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Fig. 5-6: Resistance characteristics across models. (a) Airway resistance (Pa's/L) for the velopharynx, oropharynx,
and trachea across all models, including the original and OSA geometries. (b) Resistance ratio (R") progression
with increasing constriction severity (Original — Mild — Severe) for each anatomical region, with OSA resistance
ratios shown for comparison.

5.3.3 Acoustics

The effect of anatomical modifications on the simulated sound pressure level (SPL) is
presented in Fig. 5-7, where the frequency response curves are smoothed using a moving average
filter to better visualize key spectral trends. Figure 5-7 compares the original (healthy) model with
primitive models exhibiting mild and severe alterations in the three targeted anatomical regions.
Several interesting findings emerge. The frequency response of the original model demonstrated
four resonance peaks across the spectrum, serving as a baseline for comparison. These peaks were
located at approximately 290 Hz, 627 Hz, 1458 Hz, and 2247 Hz. Anatomical modifications

induced region-specific shifts in these resonances. For instance, as described in [11],
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velopharyngeal narrowing led to a progressive downward shift of the third resonance peak (1000—
1700 Hz range), with increasing constriction severity (Fig.5-7(a)). In contrast, oropharyngeal
narrowing caused a dual effect: the third peak (1000—1700 Hz) shifted toward higher frequencies,
while the fourth peak (17002500 Hz) shifted toward lower frequencies, indicating a complex
redistribution of spectral energy (Fig.5-7(b)). Furthermore, tracheal narrowing exhibited the least
impact on the frequency response, causing only a minor shift in the fourth resonance peak (Fig.5-
7(c)). This implies that compared to UA constrictions, airway modifications distal to the glottis
may contribute less prominently to acoustic spectral alterations, particularly in the range critical
for resonance characterization. Finally, tracheal length extension caused a downward shift in all
peak frequencies (Fig.5-7(d)), consistent with the expected acoustic effects of increasing the

effective resonating length of the airway [45,46] .
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Fig. 5-7: Simulated Frequency response curves at the propagation domain, downstream of the trachea, illustrating
the acoustic impact of anatomical modifications to the upper airway. Each subplot compares the original airway
model (dashed blue line) with two modified configurations simulating mild and severe alterations at a specific
anatomical region: (a) velopharyngeal narrowing (Model 1: mild, Model 2: severe)[11] , (b) oropharyngeal
narrowing (Model 3: mild, Model 4: severe), (c) tracheal narrowing (Model 5: mild, Model 6: severe), and (d)
tracheal length extension (Model 7: mild, Model &: severe). Arrows have been added to indicate the direction of
spectral shifts in the resonant frequencies as anatomical severity increases.

Furthermore, the simulated sound pressure level (SPL) spectra resulting from combined
anatomical modifications to the UA is presented in Fig. 5-8, demonstrating how multilevel
constrictions interact acoustically. A key observation across all combined models is the emergence
of superimposed spectral patterns, where the resulting acoustic response appears to reflect the
cumulative influence of the constituent primitive models. For instance, in Model 9 (velopharyngeal
and oropharyngeal narrowing), the frequency response displays both the downward shift of the
third resonance peak seen in Model 2 (velopharyngeal narrowing) and the upward shift associated
with Model 4 (oropharyngeal narrowing), with the effect of velopharyngeal narrowing being more
pronounced, while the downward shift of the fourth resonant frequency matched the one in Model
4. This trend of spectral superposition is consistently observed across the other combination
models. Model 10 (velopharyngeal and tracheal narrowing) demonstrated a downward shift in the

third resonance frequency, attributed to velopharyngeal narrowing, and an upward shift in the
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fourth resonant frequency, consistent with the effect of tracheal narrowing. Similarly, Model 15,

incorporating severe constrictions in all three regions, exhibited combined spectral effects from

each anatomical modification, with the influence of the velopharyngeal constriction being most

dominant, followed by oropharyngeal and then tracheal contribution. These findings suggest that,

although flow—acoustic interactions within the UA are fundamentally nonlinear, particularly due

to turbulence, unsteady flow separation, and geometric complexity, the system nonetheless

exhibits behavior that approximates linear superposition in the frequency domain. This observation

supports the notion that, under certain conditions, the spectral responses of individual anatomical

modifications can be combined linearly, thereby enabling simplified modelling approaches for

acoustic analysis and resonance prediction. It is important to emphasize, however, that the

resonance phenomena themselves remain inherently nonlinear, governed by complex interactions

between airflow, wall compliance, and geometry-dependent acoustic impedance [47].
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Fig. 5-8: Comparison of sound pressure level (SPL) spectra for different multilevel anatomical alterations to the
upper airway. Each subplot presents the frequency response for combinations of primitive anatomical
modifications.(a) Velopharyngeal and oropharyngeal narrowing (Model 2 + Model 4 — Model 9).
(b)Velopharyngeal and tracheal narrowing (Model 2 + Model 6 — Model 10). (c) Velopharyngeal narrowing and
tracheal length extension (Model 2 + Model 8 — Model 11). (d) Oropharyngeal and tracheal narrowing (Model 4
+ Model 6 — Model 12). (e) Oropharyngeal narrowing and tracheal length extension (Model 4 + Model § —
Model 13). (f) Tracheal narrowing and tracheal length extension (Model 6 + Model 8 — Model 14). (g) Combined
velopharyngeal, oropharyngeal, and tracheal narrowing (Model 2 + Model 4 + Model 6 — Model 15). Dotted lines
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represent combination models; dashed lines represent the original model. Each curve is smoothed using a moving
average filter.

To verify the above findings, the simulated frequency responses of both the healthy
(original model) and the OSA participant are plotted in Fig.5-9. The OSA participant’s airway
had a longer trachea and a significantly narrower velopharyngeal segment compared to that of the
healthy participant. Consistent with prior observations from the primitive and combined models,
the OSA spectrum demonstrated a downward shift in multiple resonance peaks, particularly the
second and third peaks. This pattern aligns with the expected acoustic behavior of tracheal length
extension, which lowers resonance frequencies due to an increase in the effective acoustic length
of the airway, and the dominant effect of velopharyngeal constriction, which was shown to shift
the third resonance peak downward. These findings further validate the hypothesis that specific

anatomical changes leave distinct acoustic signatures in the frequency domain.
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Fig. 5-9: Comparison of sound pressure level (SPL) spectra between the baseline (healthy) model and the OSA
participant. The dashed blue curve represents the healthy airway (Original), while the dotted red curve represents
the airway geometry from the OSA participant [42].

5.4 Discussion

This study investigated how localized and multilevel anatomical constrictions of the UA
influence both aerodynamic resistance and the acoustic response of breathing sounds, with a
particular focus on their relevance to the pathophysiology of obstructive sleep apnea (OSA). The
findings hold potential clinical implications for the characterization and potential classification of
OSA. Through systematic geometric modifications in the velopharynx, oropharynx, and trachea,
we quantified the impact of these alterations on vortex formation, pressure drop, resistance
distribution, and the resulting acoustic frequency response. These analyses were conducted using
a non-invasive, hybrid aero-acoustic simulation framework grounded in Lighthill’s analogy and
applied to realistic CT-derived UA models from both healthy and severe OSA individuals.

The findings demonstrate distinct differences in airflow behaviors between healthy versus

OSA airway geometries. In the OSA model, the presence of severe velopharyngeal narrowing
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resulted in intensified vortex formation, characterized by dense and high-energy vortical structures
downstream of the constriction. This is consistent with prior findings in vivo MRI and CFD studies
that identified the velopharynx as a critical site of dynamic collapse, often associated with shear
layer instabilities and high-velocity jet-like inspiratory flow. Specifically, the study in [48]
reported that velopharyngeal constriction can generate a focused high-speed jet, commonly
referred to as the “pharyngeal jet”, that impinges on the posterior pharyngeal wall, thereby
increasing local shear forces and promoting turbulence generation. Additionally, analysis of mid-
sagittal vorticity revealed that oropharyngeal narrowing (Model 4) produced the most intense and
spatially concentrated vortical structures among all individual constriction models. This is
noteworthy given that previous clinical studies have also identified the oropharynx as a frequent
site of obstruction in OSA patients [12,49] and that oropharyngeal structure represents a significant
risk factor for OSA [50]. Our results suggest that, under specific geometric configurations, severe
oropharyngeal constriction may induce more pronounced flow disturbances than velopharyngeal
narrowing. Interestingly, multilevel constrictions did not always result in the most severe vorticity
patterns. Instead, models with a single severe constriction (e.g., Model 4) often exhibited higher
localized rotational energy compared to those with distributed moderate constrictions (e.g., Model
9). This suggests that singular anatomical bottlenecks may dominate flow disruption, emphasizing
the importance of site-specific anatomical evaluation in clinical settings.

Regional airway resistance was computed for each anatomical segment to evaluate the
localized impact of each structural modification. Previous studies have established the role of
airway resistance as a biomarker for OSA severity classification. For instance, OSA patients were
reported to have airway resistance values approximately three times higher than those of healthy

controls, with mean resistances of 1173 Pa-s/L and 374 Pa-s/L, respectively [51]. Strong
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correlations between pharyngeal airway resistance and the apnea-hypopnea index (AHI) have also
been reported [52,53]. Furthermore, interventions such as oral appliances have been shown to
reduce airway resistance by up to 36% in OSA patients [54]. In this study, we investigated the
specific impact of anatomical constriction at each segment on the resistance of each anatomical
site and its relative on the overall airway resistance. Dimensionless resistance ratios (R*) further
illustrated the differential contribution of each anatomical segment to total airway resistance. In
both primitive and combined models, velopharyngeal and oropharyngeal segments were the
primary contributors to global resistance. In contrast, tracheal constriction, even when severe,
exerted a comparatively smaller influence. Notably, Model 11, which combined velopharyngeal
constriction with tracheal length extension, resulted in a higher velopharyngeal resistance than the
model incorporating velopharyngeal narrowing only. The resistance profile closely resembles that
of the OSA participant’s geometry. This supports previous findings [55], who demonstrated that
UA lengthening, is a structural characteristic of OSA and correlates strongly with AHI. While
their study focused on morphological changes and their relationship with AHI, our results extend
this understanding by showing that airway elongation can also act with UA narrowing to
exacerbate aerodynamic resistance, thereby contributing to the airflow limitation observed in OSA.

Furthermore, the impact of the anatomical modifications on the simulated TBS were
studied. The frequency response analysis of the UA models revealed region-specific spectral shifts
corresponding to anatomical modifications. In particular, velopharyngeal narrowing produced a
progressive downward shift in the third resonance peak (1000-1700 Hz range) with increasing
severity [11], while oropharyngeal narrowing resulted in a dual pattern: an upward shift of the
third peak and a downward shift of the fourth. These patterns reflect underlying changes in the

acoustic properties of the airway segments and can be interpreted using the principles of acoustic
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inertance (or acoustic mass) and compliance. In a simplified lumped acoustic system, the resonant
frequency of a given segment is determined by the balance between its acoustic compliance (C)

and acoustic mass (M) [47], described by:

1 1 5-2

fr =2z I

where acoustic mass (M) is given by:

pL 5-3
M= —
A

and acoustic compliance (C) is defined as:

v 5-4
=oa

Here, V is the volume, L is the effective length of the segment, A is the cross-sectional area
perpendicular to the air column acceleration, p is air density, and c is the speed of sound.

In the velopharyngeal constriction models, the narrowing reduces the cross-sectional area
A, increasing acoustic mass (M), which in turn lowers the resonant frequency (f;-) explaining the
observed downward shift of the third peak. Although the segment volume also decreased, reducing
acoustic compliance, the effect of reduced area on acoustic mass was more pronounced. This
suggests that the constricted velopharynx behaves as a region dominated by acoustic mass, acting
like a bottleneck that delays pressure wave propagation and reduces the system’s natural frequency
in the [1000-1700] Hz range. Conversely, in oropharyngeal constriction, the third peak shifted
upward while the fourth shifted downward. The upward shift is likely due to a reduction in
compliance, i.e., reduced oropharyngeal volume V, leading to increased stiffness and a higher f,..

The downward shift of the fourth peak may reflect increased acoustic inertance effects, which
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become more influential at higher frequencies. Since acoustic compliance and inertance are both
frequency-dependent [47], their relative influence shifts across the spectrum. In this case, the
increased influence of acoustic inertance of the airway at higher frequencies likely contributed to
the selective lowering of the fourth resonance peak. This complexity suggests that oropharyngeal
geometry influences both local and distributed acoustic behaviors, modulating the airway’s
filtering characteristics in a frequency-dependent manner. This highlights the potential of
resonance-based analysis as a tool for inferring site-specific airway alterations from non-invasive
tracheal sound measurements, with direct implications for OSA diagnosis.

This study has potential clinical implications. The findings suggest that patient-specific
airway models could serve as valuable tools for non-invasive functional assessment of airway
mechanics, particularly when combined with tracheal breathing sound (TBS) analysis. The
observed spectral shifts in TBS, which correspond to distinct anatomical modifications, support
the feasibility of using acoustic signatures as indirect markers of localized airway narrowing or
elongation. This could open the door to sound-based screening tools that leverage computational
modelling to interpret patient-recorded TBS data in terms of site-specific anatomical
abnormalities. Such methods may reduce reliance on full polysomnography and provide accessible
and cost-effective screening pathways, particularly in primary care or home-based monitoring
settings. Moreover, the demonstrated ability of the model to capture how multilevel constrictions
influence spectral patterns may facilitate personalized treatment planning, such as selecting
optimal sites for surgical intervention or designing patient-specific oral appliances. Ultimately,
this integrative modelling and acoustic approach could complement existing diagnostic methods
by providing mechanistic insight into the airflow acoustic interactions underlying OSA

pathophysiology. In practical terms, future TBS-based diagnostic algorithms could incorporate
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simulation-informed spectral features together with anthropometric and clinical variables in
multivariate or machine-learning models to estimate OSA probability and localize the obstruction
site. Future work should develop a mathematical formulation of the relationship between airway
anatomy and the breathing sounds spectrum using parameterized models and develop algorithms
suitable for clinical and home devices, improving the robustness, interpretability, and clinical

utility of TBS-based screening tools.
5.5 Limitations

The limitations of this study include the assumption of rigid airway walls, which did not
incorporate fluid—structure interactions during inspiration. The absence of wall compliance
neglects potential tissue deformation and collapsibility, particularly in regions prone to obstruction
such as the velopharynx and oropharynx. CFD boundary conditions included a fixed pressure drop
to simulate inspiratory flow. While this approach facilitates comparison across anatomical models,
it does not fully capture the transient pressure fluctuations characteristic of natural breathing. In
particular, prescribing a single steady pressure drop neglects the acceleration and deceleration
phases of inspiration and inter-subject differences in driving pressure associated with lung volume
or breathing effort level. Nevertheless, this is justified by the fact that the aero-acoustic model was
validated [11] using tracheal breathing sounds recorded during the plateau phase of inspiration,
where flow is relatively stable. Accordingly, the absolute resistance and TBS amplitudes reported
here should be interpreted as corresponding to a representative inspiratory effort, rather than to the
full dynamic range of breathing conditions.

Another important limitation is the restricted participant representation. This study focused
on a single healthy subject and one OSA patient, both serving as representative anatomical cases.

However, the healthy participant was 76 years old, while the OSA participant was 47 years old,
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introducing an age-related anatomical variability that may confound the interpretation of disease-
specific findings. Aging affects the UA anatomy through changes in muscle tone, tissue
compliance, and airway geometry [56,57]. Although the primary aim of this study was to explore
anatomical contributions to acoustic response independent of demographics, the age disparity may
still affect the UA shape and resonance characteristics. Therefore, future studies should account
for age-matched controls or include larger cohorts with balanced age, sex, and BMI distributions
to isolate pathology-specific effects.

Furthermore, while the anatomical modifications applied to the healthy model were guided
by clinical imaging data, the study did not explore the full spectrum of OSA anatomical variability,
severity levels, or sex-based differences in the UA structure. Future work should include a larger
cohort of OSA patients with diverse anatomical phenotypes to improve the generalizability of the

findings and strengthen their clinical relevance.
5.6 Conclusion

This study investigated how specific anatomical features of the upper airway influence
airflow dynamics and tracheal breathing sounds spectra using one-way coupled aero-acoustic
modelling framework. By systematically introducing controlled velopharyngeal, oropharyngeal
and tracheal constrictions, as well as the airway elongation, the contribution of each anatomical
modification to the airway resistance and acoustic response was examined. The acoustic analysis
showed that each anatomical region imprints a distinct and interpretable signature on the TBS
frequency response. Velopharyngeal narrowing caused a downward shift of the third resonance
peak, oropharyngeal narrowing produced opposite shifts of the third and fourth peaks, tracheal
narrowing had a comparatively mild effect, and tracheal elongation lowered all resonances by

increasing the effective acoustic length. Multilevel constrictions yielded spectra that closely
132



resembled a superposition of the corresponding primitive responses. These findings establish a
mechanistic link between localized anatomical changes and TBS acoustic response, supporting the
use of anatomically informed spectral features as potential non-invasive markers of site-specific

airway pathology in OSA.
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Abstract

Analysis of tracheal breathing sounds (TBS) is a significant area of study in medical
diagnostics and monitoring for respiratory diseases and obstructive sleep apnea (OSA). Recorded
at the suprasternal notch, TBS can provide detailed insights into the respiratory system's
functioning and health. This method has been particularly useful for non-invasive assessments and
is used in various clinical settings such as OSA, asthma, respiratory infectious diseases, lung
function and detection during either wakefulness or sleep. One of the challenges and limitations
of TBS recording is the background noise including speech sound, movement and even non-
tracheal breathing sounds propagating in the air. The breathing sounds captured from the nose or
mouth can interfere with the tracheal breathing sounds, making it difficult to isolate the sounds
necessary for accurate diagnostics. In this study, two surface microphones are proposed to
accurately record TBS acquired solely from the trachea. The frequency response of each
microphone is compared with a reference microphone. Additionally, the study evaluates the
tracheal and lung breathing sounds of six participants recorded using the proposed microphones
versus a commercial omnidirectional microphone, both in environments with and without
background white noise. The proposed microphones demonstrated reduced susceptibility to

background noise particularly in the frequency ranges [1800-2199] Hz and [2200-2599] Hz with
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maximum deviation of 2 dB and 2.1 dB, respectively, compared to 9 dB observed in the
commercial microphone. The findings of this study have potential implications for improving the

accuracy and reliability of respiratory diagnostics in clinical practice.
6.1 Introduction

Tracheal breathing sounds (TBS) have always been beneficial in respiratory assessment,
offering non-invasive insights into the functioning of the respiratory system[1—4]. Recorded at the
suprasternal notch, TBS are beneficial in diagnosing and screening a range of respiratory
conditions, including obstructive sleep apnea (OSA), asthma, and respiratory infections. The
quality of TBS signals plays a vital role in the accurate analysis and interpretation of the diagnosis.
However, the accuracy of TBS recordings is often compromised by the presence of background
noise—encompassing ambient sounds, patient movement, and the interference of other signals
such as speech and mouth/nose breathing which can contaminate crucial acoustic details necessary
for precise diagnostics. In this paper, we introduce a novel microphone design specifically
engineered to capture TBS with exceptional clarity, while effectively minimizing background
noise interference.

Previous studies have mostly relied on omni-directional condenser microphones [2,3,5,6].
While effective in capturing sounds from all directions, these devices do not discriminate between
TBS and inessential ambient noise. This results in recordings covered with unwanted acoustic
signals, requiring sophisticated and computationally expensive post-processing techniques to
extract usable diagnostic data. For instance, when recording lung sounds, the use of an air-coupled
omnidirectional microphones can result in the desired signal being masked by the ambient

breathing sounds captured from the nose or mouth.
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The challenge posed by background noise in the recording of TBS has been recognized in
clinical practice and research for decades [7]. Efforts to address this issue have included the use of
noise-reducing algorithms and advanced signal-processing techniques. However, these methods
are time-consuming and can be limited by their complexity and the potential to inadvertently
remove clinically relevant sounds along with the noise. Consequently, there remains a substantial
need for a more targeted approach to capturing TBS that inherently minimizes capturing unwanted
noises at the source.

This study proposes the design of a surface contact microphone designed specifically for
the recording of TBS and lung sounds, which incorporates acoustic engineering principles to
effectively eliminate the impact of background noise. The new design leverages the use of the
piezoelectricity effect to convert the skin displacement due to breathing flow into an electrical
signal that could be interpreted as sound.

In summary, the introduction of a noise-eliminating microphone for TBS recording marks
a significant advancement in respiratory diagnostics. By addressing the longstanding challenge of
background noise in TBS recordings, this technology sets a new standard for the accuracy and
reliability of respiratory assessments, potentially transforming both clinical practices and patient

outcomes in the field of respiratory care.

6.2 Materials and Methods

6.2.1 Microphone design and performance analysis

Two surface contact microphones were designed for this study with the goal of enhancing
the recording quality of tracheal and lung sounds for respiratory screening and diagnosis. The

primary focus was to develop microphones capable of detecting tissue displacement caused by
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airflow turbulence; thereby, minimizing the capture of environmental noise. The first microphone,
designed as cost effective solution, comprises a 20 mm in diameter piezo-electric disc paired with
JFET circuit due to its low noise characteristics. The size of the piezo disc was selected to achieve
an optimal balance between the sensitivity and practical application. Smaller discs have lower
sensitivity due to their limited surface area, while larger discs are usually less comfortable, and dot
not fit well at the suprasternal notch, which is the preferred location for TBS recording. A 20 mm
disc was determined to be the optimal size. The second design consists of a variable gain amplifier
connected to a commercial contact microphone CM-01B. Two tests were performed to evaluate

the performance of the microphones against reference microphones.

6.2.1.1 Test 1. Frequency response analysis

The objective of the first test is to compare the microphones’ recordings of white noise
with those captured by Briiel & Kjer (B&K) surface microphone type 4948-B as a reference
microphone. The reference microphone was selected due to its superior performance compared to
other surface microphones available in the market. Although its frequency response is well-
documented in existing data sheets, conducting the test under identical conditions is crucial to
ensure a valid comparison. By controlling all variables—such as the speaker type, anechoic
chamber, and microphone positioning—the test isolates the microphones' performance, allowing
for a precise evaluation of the new design. The three microphones were placed inside an anechoic

chamber at 2 mm distance from a speaker (SP-3114Y Soberton) as shown in Fig. 6-1.
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microphone in
test

speaker

Fig. 6-1: Test 1 setup in the anechoic chamber.

White noise signal in the frequency range of [20-10,000] Hz was generated for a period of
10 sec. The sampling frequency set at 44,100 Hz for all three microphones. The two proposed
microphones were connected through TRS jack to a laptop, while B&K microphone was connected
to Edirol R-44 audio recorder. The recordings were conducted sequentially to prevent any

interference.

6.2.1.2 Test 2: Tracheal and lung sounds recording analysis

A second test was conducted with the purpose of comparing the efficacy of the proposed
surface microphones in recording tracheal and lung sounds against Sony ECM-77B
omnidirectional microphone. This microphone was being used since it has been employed in
previous studies focused on analyzing tracheal breathing sounds [2,5,8,9]. This comparison allows
assessing the performance of the proposed surface microphones for their intended application,

providing a direct benchmark against a microphone commonly used in similar research. The
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specifications of the two proposed microphones and the reference microphones are presented in

Table 6-1.

Table 6-1: The specifications of the microphones used for both tests

Sensitivity (measured at 1 Frequency range Sensor type (Test
kHz-94 dB SPL) (Linear) involved)
Piezo-electric microphone -50 dB (3.2mv/Pa) [20 - 5000] Hz. Piezo-electric disc (Tests
1 and 2)
CM-01B -60 dB (0.9 mv/Pa) [8 - 2500] Hz. Piezo-electric (Tests 1 and
2)
Briiel & Kjer type 4948-B -57 dB (1.4 mv/Pa) [5-20,000] Hz. Surface microphone (Test
1))
Sony ECM-77B -52 dB (2 mv/Pa) [40-20,000] Hz. Condenser microphone
(Test 2)

Data of six healthy individuals (4 males and 2 females) were included in this test with an

average age of 33.6 years and an average BMI of 25.7 kg/m?. The participants were instructed to

take a deep breath from the nose while keeping the mouth closed and hold it for 5 seconds, then

exhale. This was then followed by five deep breaths and five tidal breaths which were used for

analysis. The microphone in test was placed on the suprasternal notch of each participant for

tracheal breathing sounds and on the right side of the chest midclavicular 3 intercostal space [10]

for lung sounds. All participants were sitting in upright position. This test was conducted twice,

first in a quiet environment and second with white noise covering a bandwidth of [20-10,000] Hz

generated in the background. The frequency range of interest is [100-3000] Hz for TBS and [100-

1000] Hz for lung sounds [11]. The sampling frequency for this test was set at 11025 Hz. The

subjects’ position and microphone placement are illustrated in Fig.6-2.
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Fig. 6-2: Subject position and microphone placement for Tracheal breathing sounds recording (Test 2).

6.2.2  Pre-Processing and signal analysis

All sound signals were band pass filtered [75-3000] Hz using Butterworth filter of order 4
to reduce the effects of heart beats and 60 Hz harmonics. The sound signals were normalized by
its variance and standard deviation and the power spectrum is calculated using Welch method with
10 ms Hanning window size with 50% overlapping between consecutive windows. As for the
second test, the central 50% of the time duration around the peak of each respiratory phase was
analyzed separately. This duration was selected as the peak of TBS in each phase corresponds
roughly to when the breathing airflow plateaus, and the signal can be considered stationary [12].
Each breathing phase was normalized by its variance envelope followed by its standard deviation
[13], then segmented using a Hanning window of size 23 ms with 50% overlapping between
consecutive segments to calculate the power spectral density (PSD). The average of each breathing
phase PSD was then averaged over the number of phases (10 for each respiratory phase). Further
details on signal analysis is found in [2]. Moreover, the spectrograms of tracheal and Lung
breathing sounds were plotted to visualize the details of the respiratory phases. These
visualizations help identify the frequency components impacted by the background noise for each

microphone, providing a comparison of their performance in noisy environments. This analysis
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aids in understanding how effectively each microphone captures the essential sound signals while

minimizing noise interference.

6.2.3 Statistical analysis

A statistical comparison between the two scenarios (without and with background noise)
was conducted, denoted by Wi and W», respectively. The PSD was calculated for each respiratory
phase as outlined in section 2.2. The frequency range of 200-3000 Hz was divided into seven bands
each 400 Hz with no overlap. The average PSD of each respiration phase of each breath in the dB
scale was computed for each frequency band. For example, W1-S214-F3 corresponds to the average
PSD of the 4th inspiration phase (I4) of the 2nd participant (S) in the 3rd frequency band [800-
1200] (F3) Hz. for the scenario without background noise (W1). In total, each scenario had 30 data
points at each frequency band for each respiratory phase. Since the normality test indicated that
the data in most frequency bands did not follow a normal distribution, thus a Wilcoxon test was
performed to compare the PSD values between the two scenarios Wi and W at each frequency

band (Fx).
6.3 Results

The average normalized PSD of the microphones’ response to white noise signal
recordings of the first test is shown in Fig. 6-3. The Briiel & Kjar microphone exhibited a perfect
linear response within the tested range of [300-3000] Hz with the smallest RMSE (4.4 dB). This
range was chosen because the speaker used in the test has had a linear range starting above 300
Hz, and the upper limit represents the maximum frequency of interest for tracheal breathing
sounds. Both the piezo and CM-01B microphones demonstrated an approximately acceptable

linear response; however, the piezo microphone showed a lower RMSE (5.8 dB).
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Fig. 6-3: Normalized PSD of the three microphones’ (Briiel & Kjcer, CM-01B and piezo) recordings of white noise
signal (Test 1).

Next, the average normalized PSD of the 6 participants is plotted for each microphone to
compare between the frequency response with and without the background white noise. Each
respiratory phase is plotted separately. Figure 6-4 shows the effect of the background noise on the
Sony microphone for both inspiration and expiration phases. There is a perfect agreement between
both scenarios for the low frequency range below 1500 Hz. However, the effect of the background
noise is clearly noticeable in the high frequency range (> 1500 Hz.); specially for the inspiration
phase with a maximum deviation of 9 dB between W1 and W>. Higher amplitudes were observed
for scenario W>; in addition to multiple resonating frequencies were captured by the microphone.
This observation is clearly depicted in the spectrogram of a participant’ s TBS where the high
frequency zone is masked out by the background noise (Fig. 6-5). Furthermore, a good agreement
between W1 and W2 scenarios can be observed for both CM-01B and piezo microphones with the

piezo microphone showing better performance (Figs. 6-7 and 6-9).
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Fig. 6-4: Average normalized PSD of TBS from 6 participants using Sony microphone. The shaded envelope
represents the standard error, reflecting variability between participants. (a) inspiration; (b) expiration.
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Fig. 6-5 : Spectrogram of TBS of a participant using Sony microphone: (a) without background noise; (b) with
white noise in the background.

Figures 6-6 and 6-7 illustrate the average normalized PSD and spectrograms for the CM-

01B microphone. The CM-01B microphone shows a consistent response across both scenarios,
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although background noise slightly impacts the high-frequency range during inspiration phases.
The maximum deviation was found to be 2.7 dB at 2226 Hz. Figures 6-8 and 6-9 present the results
for the piezo microphone. The piezo microphone maintains a strong performance, with the
minimum difference (maximum deviation = 2 dB) observed between scenarios Wi and W»,
indicating its robustness against background noise. Lastly, Fig. 6-10 shows the spectrograms of
lung sounds from a participant using the three microphones, providing a visual comparison of their
performance with and without background noise. The Sony microphone failed to capture any
respiratory phase, while the two proposed microphones, CM-01B and piezo, were clearly able to
differentiate the respiratory phases in both scenarios. The piezo microphone demonstrated strong
performance with minimal impact from background noise, capturing clear and distinct respiratory
sounds. The CM-01B microphone, while showing some susceptibility to movement artifacts, still
provided a reliable representation of the lung sounds. These findings highlight the potential of the
CM-01B and piezo microphones for accurate respiratory sound measurement in noisy

environments.
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Fig. 6-6: Average normalized PSD of TBS from 6 participants using CM-01B microphone. The shaded envelope
represents the standard error, reflecting variability between participants. (a) inspiration; (b) expiration.
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Fig. 6-7: Spectrogram of TBS of a participant using CM-01B microphone: (a) without background noise; (b) with
white noise in the background.
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Fig. 6-8: Average normalized PSD of TBS from 6 participants using Piezo microphone. The shaded envelope
represents the standard error, reflecting variability between participants. (a) inspiration; (b) expiration.
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Fig. 6-9: Spectrogram of TBS of a participant using Piezo microphone: (a) without background noise; (b) with
white noise in the background.
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Fig. 6-10: Spectrogram of lung sounds of a participant using the three microphones (a) without background noise;
(b) with white noise in the background; from top to bottom: Sony microphone, CM-01B microphone, Piezo
microphone.

Moreover, the results of the statistical Wilcoxon test were in line with the previous
findings. Table 6-2 shows the p-value at each frequency range for the inspiration phase, indicating
the statistical significance of the differences between the scenarios with and without background
noise for each microphone. For the Sony microphone, significant differences were observed in the
1800-2199 Hz and 2200-2599 Hz ranges, with p-values of 0.002 and 0.03, respectively. This
indicates that background noise significantly affects the Sony microphone's performance in these
frequency ranges.

The CM-01B microphone showed a significant difference in the 2200-2599 Hz range, with
a p-value of 0.01, suggesting some susceptibility to background noise at this frequency range
during the inspiration phase. The piezo microphone demonstrated no significant differences across

all frequency ranges, with p-values well above the threshold for statistical significance. This
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further supports the piezo microphone's robustness against background noise. Figure 6-11
illustrates box plots depicting the distribution of data points from two scenarios, W1 and W, across
two specific frequency ranges: 1800-2199 Hz and 2200-2599 Hz. The Sony microphone exhibited
notably wider interquartile ranges and higher median PSD values in the presence of noise
compared to the no-noise scenario across both frequency ranges (1800-2199 Hz and 2200-2599
Hz). This suggests that background noise had a pronounced effect on the measurements captured
by the Sony microphone, influencing its ability to accurately detect and differentiate signal
strengths in these ranges.

Conversely, the CM-01B microphone showed a mixed result. While there was a significant
p-value of less than 0.05 indicating differences between scenarios in one frequency range, the
presence of outliers suggests variability or potential noise influence in specific measurements
rather than a consistent pattern across both ranges. In contrast, the Piezo microphone did not show
a significant difference between the no-noise and noise scenarios, as indicated by p-values greater
than 0.05 for both frequency ranges. This suggests that the Piezo microphone's performance in
capturing PSD values was less affected by the presence of background noise compared to the other
microphones tested.

The statistical results corroborate the earlier observations: the Sony microphone is
significantly affected by background noise at higher frequencies, the CM-01B microphone shows
moderate susceptibility, mostly due to movement artifacts, and the piezo microphone maintains
consistent performance across all tested frequency ranges. These results reinforce the conclusion
that the piezo microphone is the most reliable option for capturing respiratory sounds in the

presence of background noise.
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Table 6-2: Absolute mean PSD difference in dB =+ standard deviation (p-value) in each frequency range for

inspiration phase.
200-599 Hz. 600-999 Hz. 1000-1399 1400-1799 1800-2199 2200-2599 2600-3000
Hz. Hz. Hz. Hz. Hz.
Sony 033+143dB | 042+1.74dB | 046+191dB | 0.18+3.63dB | 4.80+6.82dB | 4.07+6.68dB | 2.80+5.7dB
microphone (0.67) (0.54) (0.81) (0.68) (0.006) * (0.03) * (0.24)
CM-01B 0.12+1.63dB | 1.07+2.15dB | 1.03+2.81dB | 0.28+£2.52dB | 1.15+342dB | 2.81+4.32dB | 1.42+4.50 dB
microphone (0.69) (0.26) (0.32) (0.82) (0.11) (0.02) * (0.33)
Piezo 0.10£1.19dB | 0.81+2.36dB | 0.23+2.95dB | 0.80+3.20dB | 1.5+3.08dB | 0.04+2.10dB | 0.17+2.19dB
microphone (0.85) (0.73) (0.78) (0.53) (0.36) (0.71) (0.87)
* Statistically significant results (p<0.05)
Sony: 1800-2199 Hz CMO01B: 1800-2199 Hz Piezo: 1800-2199 Hz
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Fig. 6-11: Box plot for the data points of each scenario (W; and W>) at two frequency ranges ( top -- 1800-2199 Hz.,
bottom -- 2200-2599 Hz.) for the three microphones (Left -- Sony microphone, middle -- CM-01B microphone, right

— Piezo microphone)

6.4 Discussion

Acoustic measurements are crucial in numerous scientific, industrial, and medical
applications, relying heavily on the accuracy and reliability of the microphone’s performance. The
precision of these measurements is significantly influenced by background noise, which can distort

acoustic measurements across various microphone types. Microphones exhibit diverse designs and

operational principles, leading to differential sensitivity to noise. Condenser microphones, known
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for their high sensitivity and broad frequency response, are commonly utilized in applications
requiring detailed acoustic analysis. Condenser microphones have continuously been used in
tracheal breathing sounds recordings. Generally, when recording TBS, condenser microphones are
placed inside a chamber which is attached to the human skin. Breathing airflow inside the airway
produces skin vibration which propagate as sound pressure in the chamber and are subsequently
captured by the microphone. This air-coupling mechanism does not prevent the capture of
background noise along with the required sound signal. In addition, the accuracy of the recorded
sound signal usually depends on the microphone chamber design [14].

On the other hand, piezo-electric microphones operate on a different principle, converting
mechanical vibrations into electrical signals. Their insensitivity to airborne noise and their
frequency range make it suitable for medical applications such as respiratory sounds.

Previous studies have discussed the use of contact microphones [15-18] and
accelerometers [19] for recording respiratory sounds. In this study, we analyzed the performance
of a newly designed piezo-electric microphone in recording tracheal and lung breathing sounds.
Although the primary focus of the design is on recording tracheal breath sounds (TBS), lung
sounds were also analyzed to assess the robustness of the microphone. The proposed microphone
showed a flat frequency response with small error difference; in addition to its excellent
performance when rejecting background noise. The proposed piezo microphone also offers the
advantage of being cost-effective, when used as a diagnostic tool, being 500 times cheaper than
B&K type 4948-B microphone and 25 times cheaper than Sony ECM-77B microphone.

A comparison between the proposed microphone and a condenser microphone (Sony
ECM-77b) in recording tracheal breathing sounds has been conducted. Empirical studies highlight

the sensitivity of condenser microphones like the Sony microphone to background noise. Noise
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presence resulted in wider interquartile ranges and higher median PSD values, indicating
amplification of both signal and noise components by this type of microphones. However, the
proposed microphone maintained consistent performance in noisy environments in all frequency
ranges of interest.

The small sample size of this study is a limitation. However, the rigorous data analysis and
statistical methods employed mitigate potential biases and provide meaningful insights into the
microphone's performance. Future studies with larger sample sizes could further validate these
findings. Another limitation involves movement artifacts when using contact microphones.
Although contact microphones are designed to detect vibrations directly from the skin, they are
still susceptible to noise introduced by body movements or shifts in microphone placement. This
is particularly challenging in clinical settings where patients may not remain completely still.
Further research in the microphone chamber design and microphone attachment methods should

address this issue for improved performance.
6.5 Conclusions

This study reports the design and testing of a piezo-electric microphone in the application
of tracheal breathing sounds measurement in comparison with a commercial omni-directional
condenser microphone. Overall, the proposed microphones demonstrated a superior performance
in recording tracheal and lung breathing sounds in a noisy environment, specifically when
capturing high frequency components. The robust noise rejection capabilities of the piezo-electric
microphone suggest its potential utility across various medical applications. These findings
highlight the potential the proposed microphones in enhancing diagnostic accuracy in respiratory

medicine, offering reliable detection of respiratory abnormalities even under challenging acoustic
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conditions. Future research should focus on optimizing the microphone’s chamber design to

minimize movement artifacts, in and further explore its capabilities in clinical settings.
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Abstract

Purpose In this pilot study, we introduce a novel approach for the upper airway acoustic
modelling aimed at developing a patient-specific transfer function of the upper airway. We
modelled the upper airway as an acoustic filter, and hypothesized the parameters of such model
would correlate with the anatomical features.

Methods The method involved generating a signal with known frequency characteristics
at the mouth while recording the output at the suprasternal notch. Five distinct protocols were
tested, and a consistency study was conducted to identify the most suitable protocol. The protocols
varied in terms of input sound type and breathing maneuvers. Ten healthy subjects participated in
this pilot study over three days with four recordings per day.

Results The results indicated that the most consistent protocol utilizing white noise as the
input sound while the participant breathed passively. The standard error of the difference between
the detected peak frequencies was less than 10%, and the standard error for the amplitude
difference was less than 5 dB. Additionally, the transfer function for each participant was modelled

as a cascade of six 2" order systems. A strong negative correlation of -0.91 (p =0.0003) was found
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between the first natural frequency and the participants' height, while a positive correlation of 0.69

(p =0.027) was observed between the transfer function gain and the participants’ BMI.
Conclusion This study presents an initial step toward developing an acoustic transfer

function of the upper airway, which could ultimately be used to classify and diagnose respiratory

disorders.
7.1 Introduction

The upper airway, a vital component of the respiratory system, facilitates airflow during
breathing, enables vocalization and conditions the inspired air. Beyond its physiological roles, the
upper airway serves as a resonant acoustic conduit, influencing the generation and propagation of
respiratory and vocal sounds. These acoustic properties have gained prominence in clinical and
research domains due to their potential in the study of phonation, respiratory sound analysis and
non-invasive diagnostic tools for airway pathologies [1-5].

Modelling of the upper airway has evolved significantly to integrate engineering and
clinical science to better understand the physiological, structural and acoustical aspects of the
upper airway. Various modelling approaches have been developed, ranging from simplified one-
dimensional (1-D) lumped systems [6—8] to complex 3-D computational models [9—-11]. Early
acoustic models treated the upper airway as series of interconnected segments, each characterized
by electrical parameters such as resistance, compliance, and inertance [6]. While relatively
simplistic, these models have effectively predicted breathing sound formants. Furthermore, the
advancement in computational power has enabled the development of more sophisticated 3D
acoustic models of the upper airway using computational fluid dynamics and finite element
analysis [12]. These detailed simulations capture the airflow dynamics, pressure distribution and

acoustic wave propagation inside the upper airway.
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The airway anatomy and morphology during wakefulness strongly influence several
respiratory disorders, including asthma, obstructive sleep apnea (OSA) and chronic obstructive
pulmonary disease [13—16]. Thus, in this study we modelled the upper airway as an acoustic filter,
and hypothesized the parameters of such model would correlate with the anatomical features.
While this preliminary study focuses on healthy individuals, future work will investigate whether
these parameters could serve as diagnostic biomarkers when extended to patient populations with
respiratory disorders.

As an initial step in the upper airway acoustic modeling, we derived an acoustic transfer
function empirically using a known input played through a speaker at the mouth while recording
the output at the suprasternal notch. This paper details the testing setup, evaluates the consistency
of various protocols and presents the initial transfer function of the upper airway in healthy

participants, exploring its statistical significance in relation to demographic data.

7.2 Materials and Methods

7.2.1 Testing setup and Recording Protocol

A speaker (SP-3114Y) was fixed in a 3D-printed chamber (Fig. 7-1). The selection of an
appropriate speaker was based on two key factors: the speaker’s size and its flat frequency
response. The size of the speaker was critical as it needed to fit comfortably within the oral cavity
without causing discomfort to the participant. Ensuring a proper fit contributes to measurement
repeatability and reducing unwanted variations in acoustic transmission. Additionally, the speaker

should provide a broadband and a relatively flat frequency response within the frequency band of

interest [100-5000] Hz.
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The design of the 3D-printed chamber underwent multiple iterations, with the primary
objective of minimizing variations between recordings of the same participant. Figure 7-1
illustrates the orthographic projections of the chamber. The design comprised three main
components to ensure functionality and stability. The speaker seat was designed to hold the speaker
in position within the chamber. The occlusal support functioning as a mandibular stabilizer
allowed the participants to bite down to maintain the chamber’s position in the mouth during the
test. The tongue support served as dual purpose: first to retain the tongue's position beneath the
chamber and prevent obstruction of any acoustic waves emitted by the speaker; and second, to
reduce motion artifacts caused by tongue movement. During the test, participants were instructed
to place the chamber in their mouth and bite onto the four occlusal supports (Fig. 7-2(b)).

A piezo-electric contact microphone was positioned on the suprasternal notch of the
participant, while they were seated in an upright position (Fig. 7-2(a)). The suprasternal notch
location was selected mainly as the goal was to derive the acoustic transfer function between the
upper airway from oropharynx to trachea; in addition, most respiratory research including our
team, have recorded respiratory sounds over the suprasternal notch of the trachea [17-19]. The
utilized piezo-electric microphone ensures the recorded signal is primarily captured from the
trachea with minimal interference from the input signal. Further details on the microphone’s
design and its performance can be found in [20]. The speaker and microphone were simultaneously
connected to a laptop, enabling the simultaneous playback of sounds through the speaker and
recording the resulting acoustic signals with the microphone for data collection. Five testing
protocols were implemented to evaluate the most consistent methodology for assessing the upper
airway’s acoustic transfer function. Each protocol combined specific breathing patterns and

acoustic signals. Table 7-1 summarizes the testing protocols.
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Table 7-1: Testing Protocols

Protocol Breathing Sound source type
Wi Shallow breathing followed by 10 sec breath- Broadband white noise in the range 100-5000 Hz for 8
hold sec

w2 Deep breathing followed by 10 sec breath-hold

W3 Shallow (passive) breathing

Cl1 Deep breathing followed by 10 sec breath-hold | Stepwise Chirp signal ranging from 100 Hz to 5000 Hz
: : with a step frequency of 100 Hz. Each frequency lasts

C2 Shallow (passive) breathing for 0.2 sec, followed by 0.1 sec silent period

Occlusal support

Speaker Seat

Tongue support

/

Fig.7-1: CAD model of the speaker chamber---- (top left) Front view, (top right) side view, (bottom left) top view,
(bottom right) isometric view
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(a) (b)

Fig. 7-2: (a) Side view of a participant during the experiment showing the placement of the speaker in the mouth
and the contact microphone on the suprasternal notch. (b) Front view of the speaker chamber positioned in the oral
cavity and the stabilized microphone placement.

Data were sampled at 10240 Hz. Each protocol was repeated four times to assess the
reproducibility of the outcomes; breaks were provided between the four trials to allow participants
to rest and to account for external factors, such as variations in microphone placement, in the
reproducibility assessment. To further assess reliability, the experiment was conducted over three
separate days, resulting in a total of 12 recordings per participant (four recordings per day across

three days).
7.2.2  Participants

Ten healthy subjects (5 male), aged between 21 and 33 years, participated in the test. All
subjects declared no prior respiratory or sleep disorders. Subjects’ Demographics are presented in
Table 7-2. The study was approved by Biomedical Research Ethics Board of the University of

Manitoba and all participants signed an informed consent prior to the study’s experiments.

Table 7-2: Subjects' Demographics

Sex SM/SF
Age 26.80 +4.20
Weight (kg) 76.70 £ 16.22
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Height (m) 1.74 £ 0.08
Mallampati Score [21] 3 (D), 3(II), 3(IIT) and 1(IV)
BMI (kg/m?) 25.04 +4.36
Smoking History * 6(0),2(1)and 2 (2)
Neck Circumference (cm) 36.86 +£3.59
Snorer ? 8 (0) and 2 (1)

a. Grades 0, 1, and 2 represent nonsmoker, past smoker, and current smoker, respectively.
b. Grades 0 and 1 represent non-snorer and snorer, respectively

7.2.3 Pre-Processing

Due to the different characteristics of the input acoustic signals, the pre-processing stage
varies between the five protocols W1, W2, W3, C1 and C2. The response is considered stationary
for the white noise signals used in W1, W2, and W3 protocols, while for the chirp signals in C1
and C2, each frequency component is analyzed separately to account for the non-stationary nature

of the signal.

7.2.3.1 Broadband white noise input signal (Protocols W1, W2 and W3):

To minimize the transient effects at the start and end of the recording, the middle 3 sec of
each 10 sec recording was extracted for analysis. All subsequent processing steps were performed
on this extracted segment. Each extracted segment was band-pass filtered [100-5000] Hz using a
4"_order Butterworth band-pass. The frequency-domain representation of each extracted segment
was obtained using a Hanning window of size 256 samples (~25 ms) with 50% overlap between
the adjacent windows, followed by a Fast Fourier Transform (FFT). The resulting frequency
magnitude was normalized by the magnitude of the input signal to compute the transfer function
spectrum. The frequency magnitude spectrum was further smoothed to enhance peak detection
using a moving average filter with a window size of 300 samples. Peaks were identified in three

frequency bands (100-1100 Hz, 1101-2200 Hz, and 2201-5000 Hz) and compared between the
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recordings to evaluate the consistency of each protocol within a single day. Additionally, the
signals’ magnitude for each day was averaged and the corresponding peaks were extracted and
compared across the recording days to assess inter-day consistency. Finally, each frequency band's
mean power frequency (MPF) was computed using Equation 7-1 for intra-day and inter-day
comparison.

NifixP

N )
i=1Pi

MPF =

where N is the number of frequency points, f; is the i-th frequency point, P; is the power

corresponding to the i-th frequency point calculated using Welch method.

7.2.3.2  Stepwise Chirp input signal (Protocols CI and C2):

For the stepwise chirp signals, the time-domain recording signal for each step frequency
was analyzed separately. FFT was applied to each segment to obtain the frequency magnitude of
the corresponding input frequency, resulting in 50 frequency magnitude points (corresponding to
the 50 step frequencies used in the stepwise chirp signal — see Table 7-1). Each frequency
magnitude point was normalized by the magnitude of the corresponding input frequency. Peak
identification and MPF calculations were performed using the same methodology as in protocols

W1, W2, and W3.

7.2.4 Transfer Function Estimation and Evaluation

The standard error of the magnitude and frequency of the detected peaks was calculated
for each participant intra-day and inter-day, yielding 90 standard errors intra-day and 30 standard
errors inter-day across all peaks and participants for each protocol. The mean and the maximum

values of these standard errors were then used as metrics to assess the consistency of each protocol.
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To determine the most reliable protocol, intra-day and inter-day variability were evaluated across
all recordings. The protocol demonstrating the highest consistency, as indicated by the least
standard errors in both magnitude and frequency, was selected for further analysis. The upper
airway was modelled as a linear time-invariant (LTI) system. This approximation can be justified
for the current setup and measurement conditions. First, linearity was assumed since the excitation
signal consisted of low amplitude acoustic energy; thus, avoiding nonlinear responses such as
tissue vibration or fluid-structure interactions. Second, time invariance was assumed as the airway
geometry does not encounter significant changes during the short recording period, minimizing
variability due to dynamic structural or flow alterations. The transfer function was formulated as
a cascade of 2" order systems as expressed in Equation 7-2.

N
2z 2
(s*+a;s+by) 7.2

H(s) =K )
() L (s2+¢is +d;)

where s is Laplace variable, K is the overall system gain, a; and b; (2" order numerator
coefficients), ¢; and d; (2" order denominator coefficients), are determined through system
identification and (N) is the order of the transfer function. The 2™ order denominator terms
correspond to the airway's acoustic natural resonances and damping, while the 2" order numerator
terms reflect anti-resonances, the energy redistribution across the resonance frequencies and the
nonlinearities introduced by anatomical variations and boundary interactions within the system.
The transfer function was estimated using a system identification approach, where a rational
function with a predefined number of poles and zeros was fitted to the frequency response data
using Levenberg-Marquardt optimization algorithm [22-24]. The latter, implemented in

MATLAB R2024b, is known for its robustness in solving non-linear least squares curve fitting
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problems. An iterative process is followed to determine the optimal transfer function order,
selecting the lowest order at which the fitting percentage (as in Eq. 7-3) stabilizes with the least
variability among participants, indicating convergence of the model to an accurate representation

of the system.

7-3

— . 2
Fit(%) — 100 X <1 _ Zklymeasured(k) yestlmated(k)l )’

Ykl Ymeasurea(K) — Ymeasurea |*
where Veasurea (k) is the experimentally obtained frequency response, Vestimatea (k) 18
the estimated transfer function, and y,,zqsurea 15 the mean of the measured frequency response.
Furthermore, the damping ratio ({) and the natural frequency (wn) were computed for each
pair of poles. A correlation analysis was then performed to investigate potential relationships

between these parameters and participant demographics.

7.3 Results

Figure 7-3 presents the average amplitude, normalized by the input, computed over three
days, based on four daily recordings, for two participants across all five protocols. The average
response remained consistent across protocols for each participant, highlighting a unique response
that reflects individual anatomical and physiological characteristics. Notably, a few participants
(n=4) exhibited similar responses only in protocols involving similar breathing maneuvers W3 and
C2 (passive breathing) and W1-W2-C1 (breath hold); Fig.7-3 (a) shows this pattern for one of
those participants. This observation suggests that the physiological changes associated with
specific breathing patterns influence the response in certain participants. However, analyzing these

variations is beyond the intended scope of this study and will be explored in future research.
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Fig.7-3 : Average amplitude (in dB) normalized by the magnitude of the input signal of participant 2 (left) and
participant 5 (right) over three days for the five protocols, plotted on a logarithmic frequency scale. The shaded
area represents 95% confidence interval

7.3.1 Data reproducibility

A consistency analysis determined the most suitable protocol for generating the transfer
function. Figure 7-4 displays box plots of the standard errors for peak frequencies, their
corresponding amplitudes and the mean power frequency (MPF) across all protocols. Subplots (a-
c) present the distributions for all participants, while subplots (d-f) show the same measures
stratified by sex, allowing for a comparison of intra-day and inter-day variability between the two
groups. Protocols W3 (white noise input with passive breathing) and C2 (chirp signal input with
passive breathing) demonstrated the least intra-day variability for the three metrics with <5% for
peak frequency, <1 dB for the peak frequency’s amplitude and <0.2% in MPF. The inter-day
variability was higher likely due to factors such as minor changes in microphone placement,
participant posture, and physiological variations across recording sessions; despite that protocols
W3 and C2 remained the most consistent, with <10% variation in peak frequency, <7 dB in peak

amplitude, and <1% in MPF. This consistency may be attributed to the comfort level of these

172



protocols, as participants reported greater ease in passive breathing compared to breath-holding.

Consequently, Protocol W3 was selected for further analysis and transfer function generation in

the frequency domain, and Protocol C2 was used to validate the transfer function in the time

domain.
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Fig.7-4: Box plots showing intra-day and inter-day standard errors of (a) peak frequencies in three frequency bands
(100-1100 Hz, 1101-2200 Hz, and 2201-5000 Hz), expressed as a percentage of the mean detected frequency, (b)
amplitude at detected peak frequencies, measured in dB; and (c) mean power frequency (MPF) in the same
frequency bands, expressed as a percentage of the mean MPF. Subplots (d), (e), and (f) present the same metrics
stratified by sex, with male participants shown in darker bars and female participants in lighter bars of the
corresponding protocol color: (d) peak-frequencies standard errors; (e) amplitude standard errors; and (f) MPF
standard errors. Across all measures, stratification by sex did not reveal notable differences in error patterns.

7.3.2  Acoustic transfer function estimation

The first step of deriving an acoustic transfer function involves selecting the optimal order
(N) of the transfer function, as defined in Eq. 7-2. An iterative process was performed over a range
of N values from 4 to 30 for all participants. The selection criterion was based on minimizing the
error between the estimated and measured transfer functions while ensuring a balance between
model complexity and accuracy. The transfer function was estimated and compared with the
measured data for each iteration while the fitting percentage and mean squared error (MSE) were
evaluated to determine the best model order. The optimal order (N) was selected by identifying
where the fitting percentage reaches a plateau while avoiding overfitting, as indicated by a minimal
reduction in MSE with increasing model order. As shown in Fig.7-5, the fitting percentage begins

to plateau at N=12, with the least participant-specific fitting percentage recorded at 95.8% with
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MSE< e-7. Thus, model order of 12 is selected to construct the transfer function for each

participant.
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Fig.7-5: (a) Model Fitting percentage Vs number of poles used to determine the transfer function order (N). (b)
Mean squared error between the measured and estimated amplitude vs the number of poles. Variability across
participants is represented by the error bars.

The second step involved determining the transfer function coefficients for each participant
using Levenberg-Marquardt optimization algorithm. A total of 25 coefficients were identified for
each participant. Figure 7-6 shows the magnitude Bode plots of the estimated transfer function
overlaid on the experimental magnitude of the response for all participants. The close alignment
between the estimated and measured responses validates the accuracy of the transfer function
model. This transfer function quantifies the patient-specific acoustic characteristics of the upper

airway, capturing anatomical and physiological variations unique to each participant.
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Fig.7-6: Frequency magnitude plots of the estimated transfer function compared with the frequency spectrum of the
recorded signals using Protocol W3 for all participants.

Although the model fitting accuracy increased with higher orders, selecting a more
complex model beyond N=12 risked overfitting, capturing noise or participant-specific artifacts
rather than the general acoustic behavior of the airway. Choosing N=12 provided a balance
between capturing spectral detail and avoiding unnecessary complexity. This model order was
further validated for robustness in the time domain using a distinct input protocol (Protocol C2) to
support the reliability of the selected model order across input types.

Figure 7-7 illustrates the time-domain response of Protocol C2 with the corresponding
simulated output of the transfer function for one participant. The fitting percentage, computed
using Equation 7-3, was 91.24%, indicating a high level of agreement between the estimated and

measured responses. Most discrepancies were observed in the higher frequency input stimulations
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in the [1700-3000] Hz range. These deviations could be attributed to several factors, including

variations in individual participant responses, system non-linearity, and measurement noise.
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0-2 T T T 0-2 T T T

Fitting %=91.24%

0.15 b 0.15

0.05 b 0.05

Amplitude (mV)
o
Amplitude (mV)
o

-0.05 7 -0.05

_0-2 1 L 1 _0-2 1 L 1
0 5 10 15 0 5 10 15

Time (sec) Time (sec)

Fig.7-7: Validation of the transfer function for participant 5 using Protocol C2 recording. Left: Experimental
recording using Protocol C2. Right: Simulated recording using the estimated transfer function.

7.3.3 Statistical correlation

To investigate the characteristics of the estimated transfer function further, a statistical
correlation was carried out between the transfer function parameters, such as the overall system
gain, denominator natural frequencies and damping ratios, with the participants' demographics. A
Pearson correlation analysis was performed to evaluate the linear relationships between the
variables. The significance level was set at 0.05 to determine statistical significance, meaning that

correlations with p-values below 0.05 were considered statistically significant. This analysis
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examined whether physiological attributes, such as body composition and structural differences,
influence the estimated transfer function parameters. Scatter plots were generated in Fig.7-8(a-c)
to visualize potential relationships between key demographic factors and transfer function
parameters.

Height, BMI and neck circumference have been widely reported as key anatomical factors
influencing respiratory disorders [25] and airway collapsibility [26]. Given their established
relevance, we examined their relationship with the model’s parameters. A strong negative
correlation (r=-0.91, p-value=0.0003) was observed between the participants’ height and the 1%
natural frequency. Additionally, a positive correlation (r=0.69, p-value=0.027) was found between
the participants” BMI and the transfer function gain (K). Furthermore, a marginally significant
correlation (r=0.62, p-value=0.055) was observed between neck circumference and the transfer
function gain.

To further assess whether these trends were consistent across sex, separate plots stratified
by sex are shown in Fig. 7-8(d-f). While correlation coefficients and p-values were computed, the
very small sample size (n=5 per group) limits statistical power; therefore, the plots are presented
only for qualitative interpretation. The inverse relationship between height and the 1°' natural
frequency remained evident in the stratified plots, although it appeared weaker likely due to limited
overlap in height between males (all taller) and females (all shorter). In contrast, the positive
associations between BMI and gain, and between neck circumference and gain, remained evident
within each sex group. These findings suggest that the influence of body composition on model
parameters may be robust across sexes, whereas the relationship with height may require a more
balanced dataset to be reliably interpreted. Additionally, Fig.7-8(g) shows box plot of the 1%

natural frequency against sex. Despite the limited sample size, the difference was visually apparent
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and consistent with the overall negative correlation with height, indicating that sex may also be a

relevant factor influencing the natural frequency of the system.
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Fig.7-8: Scatter plots illustrating the relationships between demographic variables and key model metrics. Subplots
(a—c) show aggregate correlations for all participants with linear regression correlation coefficients (r) and p-
values are annotated in red.: (a) height vs. 1st natural frequency (Hz) derived from the transfer function, (b) BMI
vs. overall system gain (K) of the transfer function; and (c) neck circumference vs. gain. Subplots (d—f) show the
same variables stratified by sex (blue: male, red: female), including individual regression lines for each group: (d)
height vs. 1st natural frequency, (e) BMI vs. gain; and (f) neck circumference vs. gain. Subplot (g) displays a box
plot of the I*' natural frequency for male and female participants, with overlaid individual data points.

7.4 Discussion

Tracheal sounds have long been recognized as a valuable diagnostic tool for many
respiratory disorders offering a non-invasive and cost-effective means of assessing airway health
[2, 4, 27]. However, the specific anatomical features responsible for these diagnostic signatures
remain insufficiently understood. This study aimed to develop an acoustic transfer function that
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characterizes the propagation of sounds within the upper airway, with a potential benefit of linking
anatomical variations to spectral features. A key advantage of this approach is its ability to extend
the analysis beyond the conventional frequency range of tracheal breathing sounds, which typically
spans 100-3000 Hz [1]. The proposed acoustic transfer function enables the detection of airway
characteristics at frequencies up to 5000 Hz, allowing for a more detailed investigation of upper
airway acoustics.

The protocol used in this study involved playing a white noise in the range of [100-5000]
Hz in the oral cavity using a speaker, while simultaneously recording the sound transmitted to the
suprasternal notch of the trachea when the participant was breathing passively. Broadband White
noise was selected over a chirp signal due to its shorter duration, while still producing a comparable
acoustic response. Moreover, white noise provides uniform excitation of the system across the
entire frequency bandwidth. To minimize artifacts and sound obstruction from the tongue
movement, the speaker’s chamber was designed to be equipped with a tongue support. The
reliability of this protocol was assessed over three days, demonstrating high consistency in the
measured acoustic response. The standard error was limited to 10% of the mean peak frequency
detected, with a 5 dB variation in peak amplitude and a 1% deviation in the mean power frequency
across three frequency bands. These results confirm the robustness of the methodology, supporting
its potential for future clinical applications. To validate the transfer function, a stepwise chirp
signal, consisting of 50 step frequencies in [100-5000] Hz frequency range, was used as an
alternative input stimulus while maintaining the same breathing pattern.

The estimated transfer function was modeled as a cascade of second-order systems,
reflecting the resonant behaviour of the upper airway’s different anatomical regions. This

modeling approach conceptualizes the upper airway as a series of resonators, where each
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anatomical region acts as a filter for a specific frequency zone, influencing the overall spectral
characteristics of the sound transmitted through the airway. The final transfer function was
estimated for all participants with an overall system order of 12, ensuring a fitting percentage
exceeding 95.80% compared to the experimentally recorded response and 91.24% when validated
using an independent dataset. This validation strategy was selected to reflect the participant-
specific nature of the transfer function. Each model was fitted to an individual’s acoustic response
under the assumption that the transfer function encodes airway geometry and physiology unique
to that participant. Therefore, validating the model with an alternative excitation signal from the
same participant ensured that the model captured underlying transfer characteristics rather than
simply reproducing the frequency content of a single stimulus. The strong agreement across two
different excitation signals supports the robustness of the model to input variation. Nevertheless,
validation across independent cohorts is an essential next step to establish inter-subject
generalizability, which will be addressed in future studies involving a larger, clinically stratified
participant pool. Furthermore, participant-specific differences were noted. For some participants,
wider resonances were modeled using multiple second-order systems, indicating that a single
resonator was insufficient to fully capture the frequency response at specific resonance peaks.
Certain anatomical variations contribute to more distributed or multi-modal resonance patterns.
Factors such as airway asymmetry, soft tissue compliance, and varying cross-sectional areas along
the airway may lead to frequency-dependent changes in acoustic impedance, causing single
resonances to split or broaden. A future study could investigate the correlation of the estimated
transfer function parameters with the anatomical variations.

The proposed inverse modelling approach estimates the acoustic transfer function

empirically using the black box method. The respiratory tract is seen as a linear time invariant
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(LTI) system, a framework commonly used in the estimation of the transfer function of various
electrical and mechanical systems [26], [27], as well as physiological systems. Early studies [6, 8]
developed acoustic models of the respiratory tract using 1D- lumped-parameter transmission line.
These models represented the airway as series of interconnected branching structures represented
by an equivalent acoustic circuit. Efforts have been made on developing an acoustic transfer
function of the vocal tract, primarily for speech processing applications [28-33]. Several
experimental setups have been previously employed. For instance, studies [28, 30, 31] employed
excitation of the vocal tract at the level of the thyroid cartilage using a loudspeaker or a mini-
shaker, while recording the participant’s speech with a microphone placed near the mouth. This
setup enabled the extraction of the vocal tract transfer function and formant frequencies during the
articulation of different vowels.

In another approach, the study in [33] used a 3D printed, rigid vocal tract model, segmented
according to various vowel configurations for the same objective of vocal tract transfer function.
Acoustic impedance spectrometry was employed in studies, where a broadband excitation source
and a microphone were connected in parallel to the subject’s mouth via a horn structure [32, 34].
Additionally, the methodology used in this paper bears conceptual similarity to the forced
oscillation technique (FOT), which is commonly used to model the respiratory system mechanics
[35]. In FOT, a pneumotachograph and a loudspeaker are used to superimpose small pressure
oscillations on the participant’s spontaneous breathing, thereby enabling the estimation of
respiratory system impedance across a range of frequencies [36, 37]. Although both approaches,
as described above, utilize external excitation and system response to derive transfer
characteristics, their goals are fundamentally different than the goal in our study. We focus on

modeling the upper airway as an acoustic system, where the objective is to capture the frequency-
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domain behavior of sound propagation through anatomical structures. In contrast, FOT aims to
model the mechanical properties of the lungs and chest wall, quantifying parameters such as
resistance, compliance, and inertance.

Compared to previous work on vocal tract transfer function modeling, this study presents
several novel contributions. First, the experimental setup proposed is unique. Second, to the best
of the authors’ knowledge, this is the first study to explore the respiratory system’s acoustic
transfer function while correlating its parameters with participant demographics. Notably, a strong
negative correlation was observed between the first natural frequency and body height, a finding
that is consistent with previous studies [38, 39]. The study in [40] reported a significant correlation
between tracheal length and body height, indicating that taller individuals tend to have longer
tracheas. Given that our research focuses on developing an acoustic transfer function of the upper
airway, body height was used as a proxy for tracheal length, as it provides an indirect yet reliable
estimate of airway dimensions. Moreover, this finding is supported by the inverse relationship
between a tube length and the natural frequencies of the standing wave sound generated inside the
tube [41]. However, in this study this effect was most pronounced in the first resonance frequency,
suggesting that higher-order resonances may be more influenced by airway shape, cross-sectional
variations, and tissue properties than by tracheal length alone. This finding highlights the
importance of accounting for height differences when classifying respiratory disorders based on
breathing sounds, potentially by establishing height-based subgroups.

Additionally, a positive correlation was observed between the overall system gain and
participants’ BMI and neck circumference. However, the relationship between BMI and transfer
function gain remains controversial, as it can be interpreted differently. One possible explanation

is that increased soft tissue mass led to airway narrowing in individuals with higher BMI which
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may resulted in greater sound reflection and amplification within the airway. Excess of soft tissue
around the upper airway could create acoustic impedance mismatches, causing a portion of the
transmitted sound energy to be reflected and reinforced rather than absorbed or dissipated.
Conversely, an alternative perspective suggests that increased airway compliance and soft tissue
damping in individuals with higher BMI could lead to greater energy dissipation, which would
typically be expected to reduce gain. Future research should investigate this relationship using a
larger and more diverse sample size to better account for individual variability.

Unlike traditional auscultation or spectral analysis of breathing sounds, this method
provides a controlled and repeatable assessment of acoustic properties by introducing a known
input signal, thereby minimizing variability caused by spontaneous breathing patterns.
Additionally, by utilizing externally generated sound rather than relying on airflow-driven tracheal
sounds, the methodology eliminates potential confounding factors such as turbulence-induced
noise and individual variations in breathing effort. This controlled approach improves signal-to-
noise ratio and ensures a standardized framework for evaluating acoustic features across
individuals. These benefits make the acoustic transfer function a promising tool for investigating
anatomical and pathological variations in airway structure with greater accuracy and
reproducibility.

The main limitation of this study is the small sample size, which may limit the
generalizability of the findings. A limited number of participants may not fully capture the range
of anatomical and physiological variations that influence the estimated transfer function
parameters. Further research with a larger and more diverse cohort, including individuals with
respiratory disorders, is necessary to validate the results. Expanding the participant pool would

enhance the statistical power of the study and allow for subgroup analyses, such as stratifying
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participants by age, BMI, or respiratory health status, to better understand variability in airway
acoustics. In addition, future research could benefit from integrating advanced imaging techniques
such as MRI or CT scans to directly measure airway structures and validate the physiological
assumptions underlying the transfer function model. Another limitation lies in the assumption of
linearity. while the upper airway is inherently a complex non-linear biomechanical system,
influenced by tissue dynamics and boundary interactions, modeling as LTI system simplified the
analysis and facilitates system identification. However, this simplification is considered a
preliminary step towards understanding the overall acoustic behavior of the airway.

In conclusion, this study presents a novel method for developing an empirical acoustic
transfer function model of the upper airway using controlled input signals and output recordings
at the suprasternal notch. The approach used in this study enhances respiratory diagnostics by
allowing repeatable assessments of airway acoustics beyond conventional frequency ranges.
Results demonstrated high model consistency, with shallow breathing and white noise (Protocol
W3) exhibiting minimal variability. A 12th-order cascade system achieved 95.8% fitting accuracy,
revealing significant correlations: a negative relationship between the first natural frequency and
height (r=-0.91) and a positive association between gain and BMI (r =0.69), indicating anatomical
influences on acoustic properties. Although the current findings are limited to healthy individuals,
this model offers a promising framework for future development of non-invasive tools aimed at
personalized respiratory assessment. This work represents an initial step toward patient-specific

acoustic diagnostics, with future studies needed to assess its utility in clinical settings.
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CHAPTER EIGHT: CONCLUSION, LIMITATIONS AND FUTURE

WORK

8.1 Summary and Conclusion

OSA is a common respiratory disorder associated with serious complications. The current
gold standard for diagnosis, overnight polysomnography (PSG), is costly, time-consuming, and
requires specialized facilities, limiting its accessibility. Tracheal breathing sounds (TBS) have
demonstrated strong potential as a non-invasive, rapid, and accessible alternative for OSA
diagnosis. A key advantage of TBS analysis is that it can be performed during wakefulness,
eliminating the need for overnight monitoring and enabling more scalable screening strategies.
Therefore, establishing a relationship between upper airway anatomical features and the spectral
characteristics of TBS is essential for advancing sound-based diagnostic methods and enhancing
clinical insight into the acoustic signatures of airway obstruction. Furthermore, developing a
consistent and reliable method for estimating the acoustic transfer function of the upper airway is
beneficial for advancing sound-based diagnostic techniques. To address these needs, this
dissertation presented two modelling approaches to investigate the aerodynamics and acoustic
characteristics of the upper airway with a particular focus on tracheal breathing sounds (TBS), and
airway acoustic modelling, and their potential application in the diagnosis of obstructive sleep
apnea (OSA) during wakefulness. Both approaches are based on the hypothesis that anatomical
differences between OSA and non-OSA individuals are reflected in the spectral content of TBS.

To fulfill the first goal of this dissertation, the first approach utilized a hybrid aero-acoustic
simulation framework that decouples the computation of airflow and sound propagation. Using

both simplified and anatomically realistic upper airway geometries reconstructed from CT scans,

192



airflow was simulated using computational fluid dynamics (CFD) under inspiratory conditions,
employing steady state Reynolds-Averaged Navier—Stokes (RANS) as an initial stage and transient
Large Eddy Simulation (LES) models. This approach was applied to both simplified and
anatomically realistic upper airway geometries, the latter reconstructed from high-resolution CT
scan of a healthy individual. The simplified tube model served two important purposes: first, it
allowed for the initial validation of the simulation framework using a geometry that could be easily
3D-printed and tested experimentally, which allowed to refine the simulation parameters; second,
it provided preliminary insights into how airflow rate and constriction size affect the generation
and propagation of the measured sounds. Several important findings emerged from this stage of
the work. First, it was found that the Wall-Adapting Local Eddy-Viscosity (WALE) subgrid-scale
model within LES overestimated sound pressure levels, whereas the Smagorinsky—Lilly model
yielded results that aligned more closely with experimental measurements. Second, the
experimental frequency response analysis revealed that constriction size directly affected
resonance behavior: larger constrictions (i.e., smaller area reductions) resulted in downward shifts
in the second and third resonance frequencies. This suggests that localized airway narrowing may
alter TBS spectral features, offering a possible explanation for trends observed in previous clinical
studies. Third, the logarithmic slope of the relationship between airflow and the squared RMS
sound pressure increased with larger constrictions, suggesting further evidence of the sensitivity
of TBS to anatomical changes.

For the simulation of realistic airway, several engineering and physiological factors were
carefully considered to ensure a realistic representation of inspiratory airflow and upper airway
dynamics. The 3D airway geometry was segmented and meshed to resolve at least 80% of the

turbulent kinetic energy, with localized mesh refinement implemented near constrictions to capture

193



high-shear regions. Boundary conditions were selected to replicate a physiological pressure
gradient across the airway during inspiration. Lighthill’s acoustic analogy was then used to extract
aero-acoustic source terms from the flow field, which were subsequently mapped onto a finite
element mesh to solve the wave equation for sound propagation. Moreover, impedance boundary
conditions were employed in the FEM to realistically represent the interaction of the airway with
surrounding tissues and open boundaries. At the inlet (nostrils), infinite elements were applied to
simulate an open boundary with minimal reflections, while normalized impedance conditions were
applied at the tracheal outlet to approximate sound transmission into the lower airway. Moreover,
the use of perfectly rigid, non-absorptive walls in FEM was found to produce unrealistically sharp
resonance peaks, indicating unrealistically high acoustic energy retention within the airway. To
address this limitation, a normalized impedance boundary condition was applied at the airway
walls to represent the partial absorption characteristics of soft tissue. This damping effect reduced
the sharpness of resonance peaks and led to a more physiologically realistic frequency response.
Importantly, the simulation results were validated against in vivo tracheal breathing sounds
recorded from the same participant whose CT scan was used to construct the anatomical model.
The comparison of frequency response curves demonstrated good agreement, thereby supporting
the validity of the hybrid framework and its capacity to reproduce clinically observable acoustic
features. To the best of the author’s knowledge, this is the first study to validate an aero-acoustic
simulation of breathing sounds using matched in vivo clinical recordings. Given that the simulation
framework was validated using both a simplified experimental model and an anatomically accurate
subject-specific model, it can be concluded that the framework is robust and suitable for

application in the subsequent stages of this research.
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The next stage of the study involved a systematic geometric modification of the airway
anatomy to investigate how specific anatomical changes influence both the aerodynamic
characteristics and the simulated frequency response of the resulting tracheal breathing sounds.
Building on the validated simulation framework, a series of anatomically modified airway models
were created by altering the geometry at clinically relevant regions, including the velopharynx,
oropharynx, and trachea. These modifications were selected based on published clinical and
imaging data describing airway morphologies in individuals with obstructive sleep apnea (OSA),
and were designed to reflect varying degrees of constriction, elongation, and cross-sectional area
reduction. The modifications included velopharyngeal narrowing, oropharyngeal narrowing,
tracheal narrowing, airway length elongation, and a combination of these modifications. In
addition, a subject-specific upper airway geometry from an individual diagnosed with severe OSA
was also simulated to provide a direct comparison with the healthy anatomical model. This stage
revealed several important findings. First, the simulated frequency response across all models
consistently exhibited four primary resonance zones, approximately located within the ranges of
[200-300] Hz, [600-900] Hz, [1000-1700] Hz, and [1700-2500] Hz. These zones align closely
with the spectral features frequently reported in clinical and experimental studies on OSA,
providing a potential explanation for why these frequency bands are commonly used in TBS-based
OSA classification. Among these, the bands between [1000-1700] Hz and [1700-2500] Hz
emerged as the most diagnostically relevant, as they were most sensitive to anatomical variations.
Specifically, this study found that velopharyngeal narrowing caused a downward shift in resonance
frequency within the [1000—1700] Hz range, with the shift being proportional to the severity of the
narrowing. In contrast, oropharyngeal narrowing had a dual effect: it caused an upward shift in the

resonance frequency within the [1000—1700] Hz band and an additional upward shift in the higher
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[1700-2500] Hz band. These observations demonstrate that different anatomical regions
contribute distinctly to the shaping of the acoustic response, and that the spectral characteristics of
TBS are highly sensitive to the site and degree of airway narrowing. Interestingly, most imaging
studies have reported a reduced velopharyngeal or oropharyngeal cross-sectional area in
individuals with OSA. This suggests that the acoustic effects observed in response to these
anatomical modifications can be meaningfully associated with the pathophysiological features of
OSA, thereby reinforcing their relevance to diagnostic applications. The tracheal constriction,
although less commonly observed in OSA compared to velopharyngeal or oropharyngeal
narrowing, produced the least acoustic impact among the modifications. It resulted in only a slight
upward shift in the resonance frequencies within the [1700-2500] Hz band, suggesting a relatively
minor influence on the overall spectral profile of TBS. Moreover, airway elongation caused a
consistent shift in all major resonance peaks toward lower frequencies. This finding is consistent
with fundamental acoustic theory, as increasing the effective length of the airway lowers the
natural resonant frequencies of the system. Such a shift resembles the behavior of a longer
resonating tube, where the wavelengths of the standing waves are increased, thereby reducing their

corresponding frequencies according to equation 8-1

- 8-1
f_4L )

where c is the speed of sound, L is the tube length. It is important to note, however, that
the human upper airway is a complex, and acoustically lossy system with non-uniform cross-
sectional geometry, flow-induced disturbances, and boundary interactions. As such, the
relationship between length and frequency is not strictly linear or straightforward. Nonetheless,

the general concept remains applicable. This observation has two important implications. First,
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since body height is positively correlated with airway length, inter-individual differences in height
may partially explain variability in TBS and should be accounted for in future OSA classification
models. Second, since previous studies have reported that some individuals with OSA may exhibit
elongated upper airways, this finding suggests that airway elongation may contribute to the altered
acoustic patterns observed in OSA patients. Another important finding was that the combination
of different anatomical modifications produced a spectral response in which the effects of each
individual configuration appeared superimposed. Among the configurations tested,
velopharyngeal narrowing had the most pronounced impact on the frequency response, followed
by oropharyngeal and then tracheal narrowing. This observation is critical, as it demonstrates that
although the processes of sound generation and propagation within the airway are inherently non-
linear, the overall acoustic response of the system can, to a large extent, be interpreted as a linear
superposition of the individual effects of each anatomical modification. this suggests that the
complex spectral patterns observed in TBS from OSA patients may be decomposed into
constituent features associated with specific anatomical abnormalities. These findings were
subsequently applied to compare the simulated frequency response of the subject-specific OSA
model with that of the healthy anatomical model. The OSA participant exhibited a longer upper
airway, along with narrowing in the velopharyngeal area. The simulated frequency response of the
OSA model reflected a combination of the acoustic effects observed individually in the modified
healthy models.

Furthermore, it was important to examine the aerodynamic characteristics of the upper
airway models to complement the acoustic analysis and better understand the flow sound
interactions. In the simulation of the OSA participant, the maximum velocity magnitude (~23 m/s)

was observed in the velopharyngeal region, corresponding with elevated wall shear stress and
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vorticity magnitude, both indicative of intensified flow disturbances and potential acoustic source
regions (dipole and quadrupole). In addition, the coefficient of pressure (Cp) as found to correlate
with the percent cross-sectional area reduction in the velopharyngeal constriction models,
following a power-law relationship with an exponent of 1.47. Additionally, regional airway
resistance was computed across all anatomical configurations. The highest resistance was observed
in the oropharyngeal constriction model, followed by the velopharyngeal region, suggesting that
these regions impose the greatest aerodynamic load when constricted. Interestingly, models
featuring multiple constrictions tended to exhibit reduced resistance per region, likely due to
redistribution of flow and pressure along the airway. An exception was observed in the model
combining velopharyngeal constriction with airway elongation, which showed elevated airway
resistance at the velopharyngeal region, compared with the corresponding single-constriction
model. Notably, this geometric configuration was present in the OSA participant’s model,
reinforcing the physiological relevance of the simulated patterns and highlighting its potential
contribution to the altered acoustic and aerodynamic signatures observed in OSA.

The secondary goal of this dissertation was to develop an empirical acoustic transfer
function of the upper airway. Unlike TBS, the analyzed signal in this approach is not generated by
respiration but rather consists of a controlled input sound transmitted through the airway. Given
that upper airway morphology differs between individuals with OSA and healthy controls, it was
hypothesized that the transfer function could potentially serve as a diagnostic marker for OSA
classification. The primary focus in this dissertation was to establish a consistent and reproducible
methodology for reliably estimating the acoustic transfer function and to explore potential
correlations between its parameters and participants’ demographic characteristics. A pilot study

was conducted to assess the feasibility and reproducibility of the proposed method.
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Several engineering and experimental factors were carefully considered to ensure accuracy
and repeatability. These factors included the speaker’s chamber design, the microphone type and
the selection of an appropriate excitation signal type. First, the speaker chamber was required to
deliver a stable and uniform input signal across the frequency band of interest, [100-5000] Hz,
without introducing spectral distortion. For example, a cylindrical chamber geometry would have
introduced unwanted resonances that filtered the signal before it reached the airway, thereby
altering the measured output. To avoid this, the chamber design presented in Chapter seven was
optimized to maintain a flat spectral response within the target frequency range. Second, the
microphone was required to accurately capture the signal after it had been filtered by the airway,
while minimizing contamination from environmental noise or direct airborne sound from the
speaker. This was achieved using a custom-built contact piezoelectric microphone, which recorded
vibrations transmitted through the skin at the trachea, thereby eliminating interference from the
surrounding acoustic field. The second benefit of the proposed microphone is its suitability for
TBS recordings, as its skin-contact design enables recording of low-amplitude respiratory
vibrations at the trachea while effectively rejecting environmental noise and airborne breathing
sounds originating near the nasal region. Third, the excitation signal was selected to provide
sufficient energy distribution across the frequency band of interest, while the breathing maneuver
was selected to ensure both participant comfortability and procedural consistency. The selected
protocol for acoustic transfer function estimation employed a white noise excitation signal while
participants breathed passively. This approach demonstrated strong repeatability, with inter-day
and intra-day variability remaining below 10% for peak frequency detection and within 7 dB for
amplitude. The acoustic transfer function of the upper airway was then estimated as a cascade of

second-order systems, enabling the identification of resonance frequencies, damping
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characteristics, and system gain associated with airway morphology. A notable advantage of the
acoustic transfer function approach is its extended frequency range. While TBS typically occupy
the [100-3000] Hz band, the transfer function can capture spectral information up to 5000 Hz,
potentially revealing diagnostic features beyond the range of breathing sounds. Finally,
correlations between participants’ demographic variables and the extracted transfer function
parameters were examined to explore their potential clinical relevance. Height exhibited a strong
negative correlation with the first resonance frequency. Although sex was also strongly correlated
with the first resonance frequency, this effect is likely attributed to the relationship between sex
and height in the study cohort, as all male participants were taller than all female participants. A
more demographically diverse sample will be required to determine whether sex exerts an
independent effect beyond height. Furthermore, gain showed a positive correlation with both BMI
and neck circumference; however, a larger sample size is needed to confirm the robustness and

generalizability of these associations.
8.2 Limitations

Each modelling approach presented in this dissertation has certain limitations, which are
outlined below. These limitations also highlight opportunities for improvement and will serve as

a basis for future research directions discussed in the following section.

8.2.1 Limitations of the aero-acoustic simulation approach

The aero-acoustic simulations conducted in this study employed a one-way coupled flow—
acoustic interaction, meaning that while the computed flow field served as the source for acoustic
propagation, the reciprocal influence of the acoustic field on the flow was not modelled. This

simplification is generally justified for low-Mach-number respiratory flows, where acoustic effect
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on the mean flow is negligible. Additionally, the airway walls were assumed to be rigid in the CFD
simulations, thereby neglecting tissue deformation and fluid—structure interactions. While this
assumption reduces computational complexity, it omits the potential effects of wall compliance,
tissue properties and dynamic airway narrowing, which may be particularly relevant in the
collapsible segments of the upper airway in OSA. Another limitation is the use of constant
pressure boundary conditions, which were employed to model the peak inspiratory flow. While
this approach is appropriate for validating TBS, it does not capture the transient flow dynamics
that occur during the full respiratory cycle. Finally, the study relied on subject-specific geometries
from only two participants, one healthy and one with OSA. While the controlled comparison
between systematically modified geometries provided valuable insights, capturing inter-individual

variability in airway morphology will require a larger and more diverse participant cohort.

8.2.2 Limitations of the Acoustic Transfer Function Estimation Approach

The pilot study involved a limited number of healthy participants. Although this served as
an initial investigation into the feasibility of the approach and the repeatability of the protocol, a
larger and more diverse sample would enhance the statistical power and allow for more robust
conclusions regarding demographic correlations. Another limitation lies in the absence of OSA
participants in this phase, which prevented direct evaluation of the method’s diagnostic potential.
A future study should include a balanced cohort of both OSA and non-OSA individuals, ensuring
diversity in sex, age, body mass index, and neck circumference. This will enable the assessment

of the method’s clinical classification accuracy.
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Finally, the estimation method treated the upper airway as a linear, time-invariant (LTI)

system. While this is a reasonable approximation under controlled, passive breathing, the airway

is a biological system subject to nonlinearities.

8.3 Future Work

Building on the findings and limitations identified in this dissertation, several directions

for future research are proposed for both modelling approaches.

8.3.1 Future work for the aero-acoustic simulation approach

1.

One of the most significant advancements would be the implementation of fully coupled
fluid—structure—acoustic interaction model. The current study used rigid-wall assumptions,
which ignore tissue deformation and wall motion. In reality, upper airway walls, especially
in the pharyngeal region, are compliant and undergo dynamic deformation during
respiration. Incorporating structural mechanics of the surrounding tissues could enable
more accurate predictions of both flow fields and acoustic responses.

Incorporating a larger population including a range of OSA severity. A more robust
statistical understanding of TBS—anatomy relationships require simulations on a large,
anatomically varied cohort derived from high-resolution imaging across age, sex, BMI, and
OSA severity categories.

While the present study qualitatively and quantitatively assessed how specific anatomical
modifications affect the frequency response, a formal mathematical relationship remains
to be established. Developing regression that map geometric parameters, such as cross-

sectional area and volume ratios, airway length, and constriction location to resonance
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8.3.2

frequencies could enable predictive modelling without requiring full CFD-FEM
simulations for each case.

Development of a parametric model of the upper airway and correlation of model
parameters with clinical and demographic variables. A parametric model of the upper
airway, representative of its anatomical segments, would allow systematic investigation of
how individual anatomical features influence acoustic behavior. These parameters could
then be correlated with clinical and demographic variables, and when combined with the
proposed mathematical relationship in suggestion 3, may provide a powerful framework

for OSA classification.

Future work for Acoustic Transfer Function Estimation Approach

Future studies should involve a larger and demographically diverse participant cohort,
encompassing a balanced representation of age, sex, BMI, neck circumference, and OSA
severity levels.

Inclusion of OSA participants across severity grades will be critical for directly assessing
the diagnostic potential of this approach. To evaluate the clinical utility of the acoustic
transfer function, future work should compare the transfer function parameters between
OSA patients and matched healthy controls.

Future studies should integrate acoustic transfer function measurements with established
clinical airway assessment tools such as the pharyngometer, rhinometer, and
rhinomanometer. These devices provide quantitative measurements of airway geometry

(e.g., cross-sectional area, segment length) and airflow resistance in both nasal and oral
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passages. Combining these datasets would enable direct mapping between the geometric
and resistive properties of the airway and the parameters of the acoustic transfer function.
Integration with imaging-based anatomical measurements. Combining acoustic transfer
function data with imaging data such as MRI or CT could allow direct correlation between
specific anatomical features (e.g., airway length, segmental cross-sections) and observed
transfer function parameters.

Development of a measurement tool incorporating the speaker chamber and microphone
fixture. The design should ensure consistent geometry and alignment between the
excitation source, and recording location, thereby reducing variability across participants
and sessions.

Development of an automated procedure with dedicated software. A dedicated software
tool should be developed to automate the entire acoustic transfer function estimation
process, from signal acquisition and pre-processing to transfer function computation and
parameter extraction. Such software would standardize the workflow, minimize errors
from the personnel running the test, enable portability for potential use in home-based
settings, and enable real-time analysis during data collections. To further enhance usability,
the system could be paired with a user-friendly graphical interface to make the approach
accessible to both researchers and clinicians, even in non-specialized environments.
Machine learning—based classification. Once a sufficiently large dataset is collected,
machine learning methods could be trained to classify OSA severity directly from acoustic
transfer function parameters, potentially enabling an automated, non-invasive diagnostic

tool.
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APPENDIX A

A.1 Turbulent Flow Modelling

Turbulence is a complex phenomenon generally described by the presence of swirling
vortices which create velocity and pressure fluctuations in the flow. These eddies exist in various
length scales which need to be resolved or modelled [1] . Turbulent flow modelling can be
classified into three main categories: direct numerical simulation (DNS), Reynolds Averaged
Navier Stokes (RANS) and large eddy simulation (LES). The selection of the turbulent flow model
depends on the level of resolution required. In DNS, the most detailed approach, all the turbulent
length scales are fully resolved requiring the mesh size to be smaller than the size of the smallest
length scale. However, DNS requires significant computational resources due to the high spatial
and temporal resolution required. On the other hand, RANS describes the turbulence by solving
the average flow properties using appropriate turbulence models. RANS is less computationally
expensive than DNS, however with lower accuracy. LES lies between RANS and DNS in which
the large turbulent scales are resolved while the effect of the smaller scales is modelled. Figure A-
1 shows the turbulent kinetic energy spectrum plotted vs the wavenumber corresponding to the

eddies’ length scale.
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Fig.A-1: Turbulent Kinetic energy cascade [2]
All the turbulence simulation models are based on solving the Navier-Stokes equations,
which consist of the conservation of mass and momentum. In this application, the flow inside the
upper airway due to breathing is considered as incompressible, while the temperature changes are

neglected. Therefore, the governing equations are:
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Where, 1 and j are the cartesian tensor notation, and u, P, t, p and v are the velocity vector,
pressure, time, flow density and kinematic viscosity respectively.
A.1.1 Reynolds Averaged Navier Stokes (RANS)

As previously mentioned, a steady state RANS model is only employed as an initial stage
to facilitate LES convergence. In RANS, the instantaneous flow variables of the Navier stokes
equations is decomposed into a mean value (an ensemble average) and a fluctuating component.
For instance, the velocity vector can be decomposed as follows:

ulx,t) = U(x, t) —u'(x, t) A-3

where, u(x, t) is the instantaneous velocity vector, U(x,t) is the mean velocity field and

u'(x, t) is the fluctuating velocity. After applying the flow variables decomposition in equations

2 and 3, RANS equations are presented in equations A-4 and A-6.

U, A-4
=0
axl-
oU,, 90 __10P 9 Ol _ A5
ot VUiax = pom T Wk, VMY

The velocity vector decomposition resulted in the appearance of an additional term Tu’]
namely the Reynolds stresses term. Since the number of unknowns presented in RANS is greater
than the number of equations, the Reynolds stresses term requires further modelling known as the
closure problem. The common approach used to close RANS equations is to relate the Reynolds

stresses term to the mean velocity gradients as in equation A-6 , known as the Boussinesq

hypothesis [3].

(aﬁi 6(7,) 2 A-6
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where, v; is the isotropic scalar kinematic eddy viscosity, k is the turbulent kinetic energy
and §;; is the Kronecker delta function. Several turbulent models have been developed to compute
the eddy viscosity (v;). Some examples include Spalart-Allmaras one equation model, k — & two
equations model, k — w two equations model.

The standard k — ¢ model is proposed by [4] and consists of two additional transport
equations solving for the turbulent kinetic energy k and the turbulence dissipation rate ¢,

presented in equations A-7 and A-8 respectively.

ok okU; 0 <vt ok
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The eddy viscosity can then be computed using:
Ve = Cc,— A-9
€

where, oy , 0, Cie, Cye, C, are adjustable model constants which are determined
empirically based on the type of flow; while S;; is the mean strain rate tensor and is equated as:

o _190

A-10

The k — w model is another two equations model proposed by [5]. The two transport
equations solve for the turbulent kinetic energy k and the specific dissipation w , presented in

equations A-11 and A-12, respectively.
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While the eddy viscosity can be calculated as follows:

A-13

=
Il
R
e =

Here, 7;; is the mean stress tensor while ogand o, are turbulent Prandtl numbers.
Moreover, £*, a*,, a and g4 are model constants.

It has been shown by [6] that k — w model is superior than k — ¢ model in the boundary
layer; whereas k — w model is strongly sensitive to the boundary conditions specified in the free
stream (outside the boundary layer) [7]. Therefore, a new SST (k — w) model has been proposed
by [7] to switch between k — w model and k — ¢ model in the boundary layer and free stream
respectively. The two specified models’ equations were employed and manipulated with the use
of a blending function (1-Fi) to perform the switch in the different regions of the flow. The

resulting equations are presented as follows:
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While the eddy viscosity can be calculated as:
k 1
Ve=o A-1
(e 32 ¢
at’ aw
where F, = tanh(¢?) A-17
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and ¢ = max (2 A-18

where, y is the distance from the next surface and S is the strain rate magnitude. All the
model constants are discussed in detail in [7].

For the current study, steady state SST (k — w) model is employed, i.e. time rate of the
variables in equations A-5, A-13, and A-14 are dropped out, before performing the large eddy
simulation (LES) which will be discussed in the following sub-section.

A.1.2 Large Eddy Simulation (LES)

Since RANS is only able to solve for the mean flow variables, it is essential to employ an
alternative flow simulation method capable of capturing the pressure and velocity fluctuations for
the aero-acoustic simulation. Direct Numerical Simulation (DNS) is one choice; however, DNS is
very computationally expensive to the extent that the total computational resources are
proportional to Rei®, where Re is the turbulent Reynolds number. Therefore, LES is the optimal
flow simulation method for this application. In LES, since the larger eddies transport most of the
momentum, mass and energy, hence it will be directly resolved while the smaller eddies are
modeled with the aid of a subgrid scale model [8]. This method will be performed by low pass
filtering the flow variables in the Navier Stokes equations presented in equations A-1 and A-2.

There are different types of filters most commonly the box filter, the gaussian filter and the sharp

spectral filter shown in figure A-2 [9]. An arbitrary filtered flow variable ¢=>(x) can then be defined

by the convolution of the instantaneous variable and the filter function. It is expressed as:

Fo0) = f (') G (x, x)dx’ 419
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where, ¢ is the instantaneous unfiltered flow variable, G is the filter function and D is the

fluid domain. The filter used in this study is the top-hat filter function which depends on the grid

spacing determined by the finite volume discretization.
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Fig.A-2:Common types of filter G(r): box filter (dashed line) , Gaussian filter (solid line) and sharp spectral filter
(dot-dashed line) [9]

The filtered Navier Stokes equations then become:

o1,
—=0 A-20
axi
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L e A-21

The residual stress tensor (7; jR )can then be defined as the difference between the term u,u,

and the product of the filtered velocities i, u, as:

U, A-22

R:

<
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While the residual kinetic energy can be defined as:
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1 R
ke = 57y A-23

and the subgrid scale stress tensor as:

2
Tijr = Tin - gkr&] A-24

The filtered momentum of the Navier Stokes equation can then be rewritten as:

__ _ . 2 _
om; dwwy 10 +3k) 0%, Oty’

_t A-25
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It is apparent that equation the filtered equations and unclosed and hence modelling of the
subgrid scale stress tensor (;;") will satisfy the closure problem. There exists several subgrid scale
models including Smagorinsky-Lilly, wall adapting local eddy viscosity (WALE), and dynamic
kinetic energy. In this study, Smagorinsky-lilly subgrid scale model is employed due to its high
performance in wall bounded flow as shown in [10]. Generally, the subgrid scale stress tensor
(ti;") is modelled using the linear viscosity model:

7" = —2u,S, A-26

where, v, is the eddy viscosity of the residual motions and S=u is the filtered rate of strain.

In Smagorinsky-Lilly subgrid model, the eddy viscosity is modelled by:
Uy = LS2 25{ A-27

where, Lg is the mixing length and can be computed using

Ls = min (kd, C;A) A-28
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Here, k is the von karman constant and is equal to 0.41, d is the distance to closest surface,
C, is the smagorinsky constant and A is the filter width i.e. the cubic root of the cell volume for
the top-hat filter.

Since LES results will be used in a subsequent aero-acoustic simulation, the selection of
the time step size and the number of time steps of the transient flow simulation is then essential
for the determination of the upper band acoustic frequency and the frequency resolution. The
computation of the upper band frequency and the frequency resolution are presented in equations

A-29 and A-30 respectively.

1

fmax = Z_At 4-29
1

Aﬁ.es = m A-30

Where, At is the time step size and N is the total number of time steps simulated.

It should be noted that the upper band frequency calculated from LES results should be
twice the upper band frequency of interest. This is due to the calculation of the Lighthill aero-
acoustic volume source, which will be discussed in the following section. After LES computation,
the velocity at each grid point and time step will be extracted for the next aero-acoustic finite

element simulation.
A.2 Computational Aero-Acoustics Simulation

Computational aero-acoustics simulation (CAA) is a strong tool which allow in studying
and analyzing the generation, propagation and interaction of the sound waves with the
aerodynamic flow. Generally, CAA can be performed in two methods: direct method and hybrid

method. In direct method, the compressible form of the Navier Stokes equations is solved to
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compute the aerodynamic flow and the acoustic pressure perturbations. The direct method is highly
accurate in predicting the acoustic results in both near and far field, however it is computationally
expensive and similar to DNS it requires large computational resources, which makes it
impracticable for most of the engineering applications. The other disadvantage of the direct
method is the discrepancy between the flow and the acoustic scales which makes the acoustic
results more prone to be masked by the numerical noise. Therefore, a very high spatial and
temporal resolution is required.

On the other hand, hybrid methods have better advantages especially for low Mach number
flows. Hybrid methods tend to reduce the computational cost by decoupling the acoustic
generation (performed with CFD) and the acoustic propagation. The most common hybrid methods
used in the literature for the breathing sounds simulation are: Lighthill’s analogy, Ffowcs
Williams-Hawking’s (FW-H) analogy, Curle analogy and the acoustic perturbation equations
(APE). For instance, the studies in [11], [12] employed the FW-H analogy, while the study in [13]
used APE and in [14] used the Lighthill’s analogy. Since FW-H is more suitable for external flow

problems and far field acoustic prediction, thus Lighthill’s analogy is implemented in this study.

A.2.1 Lighthill’s acoustic analogy

Sir Lighthill [15] developed the first acoustic analogy in 1952. Assuming that the feedback
from acoustics field to the flow is negligible, Lighthill derived the equations after manipulating
Navier Stokes equations with the use of differential operators to set it in the form of an
inhomogeneous wave equation as presented in equation A-31. The source term (right hand side
term) is the aero-acoustic sound source and can be computed from the flow simulation results.

Thus, the source term is separated from the acoustic propagation part (left hand side terms).
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where p' = c(p— po) A-32
and c is the speed of sound, p' is the acoustic pressure fluctuations and is defined as p’ =
P — Po » p is the fluid density, T;; is the Lighthill stress tensor and can be defined as:
Ty = pujw; + (p' + c?(p — po)) 8y — Tyj A4-33
where, 7;;is the viscous stress term.
The Lighthill stress tensor (T;;) consists of 3 terms, the first term( pw;u;) is the Reynolds
stress term, while the second term (p’ — c2(p — py)) is the perturbation part of the entropy [16]
and the third term (t;;) is the dissipative viscous term. Assuming that the viscous losses are
negligible, and neglecting the entropy losses (isentropic) for low Reynolds number flows, the
Lighthill stress tensor can be simplified to:
Ti; = puju; A-34
Since the acoustic propagation simulation will be solved in the frequency domain,
Lighthill’s equation is then re-written in the frequency form after applying the Fourier
transformation, as shown in equation A-35.

(1)2 ) azpl B azTij .35
2P ox;2 0x;0x; i

Likewise, the Lighthill stress tensor (T;;) should be transformed to the frequency domain
before being applied as a source input to equation A-35. the product u;u; will then become a
convolution, meaning that the spectrum of the source input is twice larger than the spectrum of
[17]. This condition should be considered during the selection of the time step size (At) of the fluid

flow simulation and the computation of the upper band frequency. Equation A-29 then becomes:
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APPENDIX B

This appendix presents supplementary visualizations from the flow and aero-acoustic
simulations of the simplified tube model. It includes additional contour plots illustrating the
velocity, pressure, and turbulence fields obtained from CFD simulations, as well as acoustic
pressure distributions derived from the FEM analysis. These visualizations support and expand

upon the findings discussed in Chapter four.

B.1 Flow simulation Results

Figures B-1 through B-3 present the mesh visualization used for the CFD simulation of the
simplified tube model with a constriction. Figure B-1 shows the full domain view, highlighting the
structured and unstructured tetrahedral mesh distribution. Figure B-2 presents a midplane cut of
the mesh, illustrating the refinement near the constriction to capture high-gradient flow features.
Figure B-3 provides a zoomed-in view around the constriction, demonstrating the high mesh
resolution required for accurately resolving shear layers and turbulence in that region.

The resulting flow fields are shown in Figures B-4 through B-8. Figure B-4 displays the
instantaneous velocity magnitude at the midplane at time t = 0.8 sec. A distinct high-speed jet is
observed forming immediately downstream of the inlet due to the sudden expansion of the cross-
sectional area. This jet significantly influences the sound generation process, as it induces strong
flow instabilities and turbulence. Figure B-5 shows the corresponding instantaneous static pressure
field at the same time point. Notably, pressure fluctuations are more pronounced upstream of the
constriction, suggesting that the acoustic contributions from the inlet jet dominate over those
generated by the constriction itself. This masking effect poses a limitation for clearly isolating

constriction-induced sound sources in this configuration, a limitation that is further examined and

218



addressed in the experimental work presented in Chapter three. To better characterize the flow-
induced sound sources, Figure B-6 presents the resolved turbulent kinetic energy (TKE) calculated
from the root mean square of the three velocity component fluctuations. TKE serves as a key
indicator of turbulence intensity and potential acoustic quadrupole source regions. The regions of
high TKE align with the jet and shear layer development, reinforcing their importance in sound
generation. Figure B-7 illustrates the vorticity magnitude distribution at t = 0.8 sec., highlighting
zones of intense flow rotation and shear. Surprisingly, high vorticity levels are present along the
centerline of the tube, where shear would typically be minimal. This observation indicates the
presence of coherent vortical structures being convected through the constriction. To further
visualize these vortices, Figure B-8 presents an iso-surface of the Q-criterion colored by vorticity
magnitude, identifying regions of rotational dominance in the flow. The figure reveals large,
coherent vortices forming before the constriction and subsequently breaking into smaller, more
chaotic structures downstream. This vortex breakup contributes significantly to broadband sound
generation and is expected to produce higher acoustic amplitudes, particularly in cases with
smaller constriction diameters. These findings emphasize the interplay between jet formation,

turbulence, and constriction geometry in shaping the sound field.
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Fig B-1: Full view of the simplified tube model with chamber extension, showing the tetrahedral mesh distribution
throughout the domain.

Fig.B-2: Midplane view of the mesh structure near the inlet and constriction, highlighting mesh refinement in the

transition zone.

Fig.B-3:Zoomed-in view of the mesh near the constricted region, showing high-resolution surface and Boundary
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Fig.B-4: Velocity magnitude contour plot at the midplane at t = 0.8 sec, showing flow acceleration through the
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constriction and expansion in the chamber.

Fig.B-5: Static pressure contour plot at the midplane at t = 0.8 sec, illustrating the pressure drop across the
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constriction region.

Fig.B-6: Resolved turbulent kinetic energy (TKE) contour plot at the midplane at t = 0.8 sec, capturing regions of
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turbulence generation downstream of the constriction.
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Fig.B-7: Vorticity magnitude contour plot at the midplane at t = 0.8 sec, emphasizing shear layers and vortex
shedding around the constriction.
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Fig.B-8: Iso surface of Q-criterion (1e7 s7°) coloured by the vorticity magnitude at t=0.8 sec. highlighting three-
dimensional vortex structures near the constriction.

B.2 Acoustic simulation Results

Figure B-9 shows the Lighthill source term map at the first resonating frequency of 315
Hz. The results show that the highest source amplitudes are found upstream and downstream of
the constriction region with a greater effect upstream of the constriction. This shows that most of
the sound energy is generated due to: 1- the jet noise at the inlet, 2- the flow turbulence generated
after the constriction. Meanwhile, the acoustic pressure at 315 Hz is presented in Figure B-10. It
is clear that only plane waves propagate along the tube axis since the frequency range of interest
is below higher modes cut off frequencies. However, it can be shown that the constriction resulted

in a radial propagation of the wave which has disappeared downstream of the flow.
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Fig.B-9: FFT-based Lighthill aero-acoustic source map at 315 Hz: Midplane distribution of the frequency-domain
aero-acoustic source strength estimated using Lighthill’s analogy. Left — Full acoustic domain; Right — Zoomed-in
view of the constriction region, showing localized source intensity near turbulent structures.
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Fig.B-10: FFT-based acoustic pressure distribution at 315 Hz: Midplane contour of sound pressure level at 315 Hz
across the computational domain. Left — Full acoustic field; Right — Zoomed-in view of the constriction region,
highlighting local pressure variations due to acoustic wave propagation.

223



