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ABSTRACT

During speech, the activity and coordination of the intrinsic laryngeal muscles
are essential for modulation and control, with the cricothyroid (CT) muscle being
primarily responsible for regulating the fundamental frequency during phonation.
Currently, methods exist for estimating the activity of these muscles; however,
their applicability is limited by the invasive nature of intramuscular electromyog-
raphy (iEMG) and by the spatial superposition inherent to conventional surface
recordings. This thesis proposes and evaluates a non-invasive framework for esti-
mating CT muscle activation using high-density surface electromyography (HD-
sEMG), supported by synchronized intramuscular recordings as a physiological
reference. First, an initial experiment was conducted in which a dataset of simul-
taneous iEMG and acoustic recordings was established in healthy subjects at the
Massachusetts General Hospital (MGH). In this experiment, an acoustic-based
normalization strategy anchored to the fundamental frequency (f0) and sound
pressure level (SPL) was developed to improve inter-session and inter-task consis-
tency of EMG measurements. These data allowed the creation of a database that
served as the gold standard for validating the subsequent results. Subsequently,
in a second experiment, 13 patients were recorded at the VPLab laboratory of
AC3E, acquiring simultaneous iEMG, HDsEMG, and acoustic signals. The HD-
sEMG and iEMG signals were decomposed into motor unit discharge trains and
validated using a two-source approach with concurrent intramuscular decomposi-
tion, enabling the identification of motor units detected by both techniques. The
spatial characterization of motor units was performed by estimating the center of
gravity and inferring depth based on Gaussian surface fitting, which allowed the
separation of superficial and deep activation regions within the CT muscle.For
each spatial group, cumulative spike trains (CSTs) were computed and compared
with intramuscular EMG envelopes using correlation, coherence, and error met-
rics. Although the CSTs reliably reproduced temporal trends and shared synaptic
input with the iEMG activity, amplitude mismatches were observed, particularly
during dynamic phonatory tasks. To address this limitation, a subject-specific
neural network was implemented to estimate normalized CT activation by com-
bining CST-derived features with acoustic correlates (f0 and SPL). This data-
driven approach improved amplitude estimation while preserving physiologically
meaningful temporal dynamics. Overall, the results demonstrate that HDsEMG,
when combined with spatially informed processing, acoustic normalization, and
machine learning, enables the non-invasive estimation of an intrinsic laryngeal
muscle activation, providing a foundation for future studies in voice production
modeling and potential clinical assessment.
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1 Introduction

1.1 Motivation

It has been estimated that up to 15% of the general population has a voice dis-

order [1], with a higher number for teachers and high voice users. Current methods

for monitoring laryngeal muscle function include techniques such as intramuscular

electromyography (iEMG), external laryngeal palpation and laryngeal endoscopy

[2, 3]. Although a laryngoscopy evaluation allows an identification of pathologies

of the larynx, it is not easily found in many institutions or laboratories, forcing

clinicians to resort to acoustic and aerodynamic metrics in vocal production to

determine vocal disorders. However, the ability of these metrics to distinguish it

from other types of voice disorders has not been well examined. Recent efforts

have leveraged the physiological relevance of the low-order voice production model

to develop neural networks that enable subject-specific models based on muscle

activations [4]. However, these results could not be validated.

Electromyography (EMG) is the recording of muscle electrical activity and can

be acquired using two recording modalities: iEMG and surface electromyography

(sEMG). iEMG is a well-established means to evaluate the neuromuscular activity

of both intrinsic and extrinsic laryngeal musculature.[5]. iEMG signal recorded by

means of a needle or a fine-wire electrode has been used to investigate the behavior
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of muscle activity and is considered the “gold standard” for the evaluation of the

electrical activity of a muscle [6].

iEMG is an invasive procedure, uncomfortable for patients, and requires tech-

nical skill for both electrode placement and the interpretation of recorded signals.

iEMG target confirmation using anticipated activity patterns is not reliable, given

the similarity of activity among intrinsic muscles and the substantial intra- and

inter-individual variability in how these muscles are used during phonation [7]. In

most cases, the duration of the investigation is also limited due to the need for

needle or hooked electrodes in clinical or laboratory settings to collect electrophys-

iological signals [5, 6]. Nevertheless, iEMG is an excellent technique for identifying

the morphological characteristics of motor unit signals and has applicability in nu-

merous clinical scenarios [8, 9]. The placement of needle electrodes directly into

the target muscles by experienced operators provides confidence that the recorded

signal reflects the activity of the muscle under examination. Although highly in-

formative, its widespread use is impractical due to several limitations, such as

its limited spatial resolution and the difficulty of normalizing these signals. Cur-

rently, EMG normalization methods based on maximum or submaximal values

have been used across different muscles of the body [10, 11]; however, the larynx

presents a considerable challenge due to the small size of its muscles and the dif-

ficulty of isolating their individual activation during phonatory tasks.Therefore,

sEMG emerges as a viable non-invasive alternative.
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Conventional sEMG offers a non-invasive means of assessing muscle activity

with minimal discomfort for the subject. Conventional sEMG within the field of

laryngology has been used for evaluation of laryngeal hyperfunction and swallow

with inconsistent results[12, 13]. sEMG has a number of limitations that impair

signal detection: (1) impedance of the skin-electrode interface, (2) distance be-

tween the myoelectric source and surface electrode, (3) lack of specificity due to

the superposition of motor unit action potentials, resulting in cross-talk [14].

In addition to intrinsic laryngeal muscles, several superficial and extrinsic neck

muscles may contribute to ventral neck sEMG recordings. In particular, the

platysma and infrahyoid (strap) muscles, such as the sternohyoid, sternothyroid,

and omohyoid, are located superficial or adjacent to the cricothyroid (CT) muscle

and can therefore contribute to signal superposition. These muscles are known

to influence laryngeal position and phonation biomechanics, and their activation

may contaminate surface recordings, complicating the interpretation of intrinsic

muscle activity.

Due to these limitations, High-density surface electromyography (HDsEMG)

emerges as a promising alternative. HDsEMG uses multiple electrodes distributed

over the skin surface to obtain a more detailed representation of sEMG activity

[15]. By increasing the number of recording channels and reducing electrode size,

this technique improves spatial resolution and enhances the separation of myo-

electric sources, enabling the identification of contributions from different muscle
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groups and positioning HDsEMG as a potentially valuable methodological tool

for future investigations of laryngeal musculature.

1.2 Goals

1.2.1 General Aim

To develop and validate consistent and noninvasive HDsEMG–based methods

for characterizing and estimating intrinsic laryngeal muscle activation, at least

for the CT muscle, during human phonation and its relationship with acoustic

features.

1.2.2 Specific Aims

1. Specific Objective 1 (SA1): To achieve consistent characterization of the re-

lationship between intrinsic laryngeal muscle activation and acoustic features

during sustained phonation. This objective involves the recording of iEMG

signals from different intrinsic laryngeal muscles of a single patient across

multiple sessions, obtained from a pilot database, as well as the simultane-

ous recording of acoustic signals. Based on these signals, a normalization

framework will be developed to generate standardized data that will be used

to validate the proposed method.
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2. Specific Aim 2 (SA2): To identify intrinsic laryngeal muscle related com-

ponents in HDsEMG recordings. This aim focuses on applying EMG de-

composition methods to extract surface EMG components, both temporal

and spatial, that correspond to intrinsic laryngeal muscle activity in sub-

jects without voice disorders, using simultaneous iEMG recordings and the

normalization framework from Specific Aim 1 to establish component cor-

respondence and physiological relevance.

3. Specific Aim 3 (SA3): To estimate intrinsic laryngeal muscle activation from

HDsEMG recordings and acoustic signals through neural network–based

modeling. This aim develops and evaluates predictive models that infer

intrinsic laryngeal muscle activation using surface EMG and acoustic fea-

tures,including fundamental frequency (f0) and sound pressure level (SPL),

without reliance on iEMG, thereby advancing a fully noninvasive approach

applicable to broader experimental and clinical contexts.

1.3 Hypotheses

• Hypothesis 1: If an acoustic-based normalization framework anchored to

fo and SPL is applied to iEMG recordings across multiple sessions and

phonatory tasks, then the resulting normalized muscle activation features

will statistically exhibit significantly lower inter-session variability and higher
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inter-session consistency than traditional peak-based normalization approaches.

This improvement will be reflected by reduced mean absolute error (MAE),

root mean squared error (RMSE), and coefficient of variation (CV) in mus-

cle–acoustic mappings, enabling more reliable comparisons of intrinsic la-

ryngeal muscle activity across phonatory conditions.

• Hypothesis 2: If HDsEMG signals recorded from the anterior neck surface

are decomposed using a method associated with intrinsic laryngeal mus-

cles, specifically for the cricothyroid (CT) muscle, and validated through

a two-source approach with simultaneous iEMG, then a rate of agreement

(ROA) greater than 25% will be observed between motor unit discharge

patterns detected by both techniques, across phonatory tasks and for each

subject. Meeting this ROA criterion will indicate that a measurable portion

of intrinsic laryngeal muscle activity is effectively captured at the surface,

supporting the physiological validity of HDsEMG-based decomposition for

assessing intrinsic laryngeal muscle activation in non-invasive recordings.

• Hypothesis 3: If HDsEMG signals recorded from the anterior neck surface

are processed using an EMG decomposition method associated with intrin-

sic laryngeal muscles, then the resulting activation estimates, particularly

for the cricothyroid (CT) muscle, will reproduce the temporal components

observed in iEMG during phonatory tasks for each subject, with correla-
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tion and accuracy comparable to those observed in iEMG signals. The

performance of this approach will be quantified using RMSE and R values

between the HDsEMG decomposition-based estimates and iEMG envelopes.

This correspondence will demonstrate that HDsEMG-based decomposition

can provide a non-invasive approximation of intrinsic laryngeal muscle acti-

vation during voice production.

• Hypothesis 4: If subject-specific neural network models are trained to es-

timate intrinsic laryngeal muscle activation using HDsEMG recordings and

acoustic features (f0 and SPL), then the predicted muscle activation, par-

ticularly of the cricothyroid muscle, will reproduce the temporal dynamics

and amplitude trends observed in normalized iEMG signals across phona-

tory tasks for each subject, with a prediction accuracy comparable to that

reported by recent subject-specific neural network approaches that rely on

a larger set of input parameters. This performance will be quantified using

RMSE and MAE values and will demonstrate that accurate estimation of

intrinsic laryngeal muscle activation can be achieved using a reduced and

non-invasive set of surface-based and acoustic inputs.
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1.4 Overview of the proposed methods

The main objective of this thesis was to establish a framework capable of

estimating the activity of intrinsic laryngeal muscles from non-invasive surface

recordings, supported by synchronized intramuscular data as the physiological

reference. The first stage focused on developing an acoustic-based normalization

framework using simultaneous iEMG and acoustic recordings. This framework

was designed to minimize session-to-session variability and allow intermuscular

comparisons across tasks and recording conditions. The normalized signals served

as a gold-standard dataset that links EMG activation patterns with voice-related

acoustic parameters such as f0 and SPL.

The second stage involved applying and validating HDsEMG decomposition

algorithms to extract the firing activity of motor units from surface recordings.

The decomposition performance was assessed using multiple metrics, including

the Rate of Agreement and Decomposition Index which quantify accuracy and

reliability under the two-source validation method. These analyses demonstrated

the capacity of surface EMG to recover physiologically meaningful information

that reflects the activation of intrinsic laryngeal muscles.

The third stage expanded the spatial interpretation of decomposition results

by estimating the centers of gravity and activation depths of motor units. To

achieve this, a Gaussian surface fitting procedure was applied to the HDsEMG
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activation maps, from which the depth of each motor unit was estimated based on

the principle of potential decay as the distance from the surface increases. This

approach provided a physiologically grounded estimation of motor unit depth

within the muscle volume. Once spatial coordinates were obtained, 3D clustering

was performed to identify regions of activation that could correspond to specific

intrinsic muscles. For each identified cluster, a CST was generated to represent

the aggregate motor unit activity within that region. The two-source validation

method was subsequently used to identify CSTs associated with the CT muscle,

resulting in a composite CST signal that approximated CT activation from surface

recordings. These findings are particularly relevant in light of previous reports

suggesting that intrinsic laryngeal muscles, do not meaningfully contribute to

ventral neck sEMG recordings [7]. In this context, the present results support the

notion that, at least for the CT muscle, physiologically meaningful activity can be

detected and characterized from HDsEMG signals recorded at the anterior neck

surface.

Finally, the last stage explored predictive modeling approaches to estimate

the activity of the CT muscle from surface EMG data. For this purpose, neural

network models were implemented, trained with synchronized HDsEMG, acoustic

(f0, SPL), and intramuscular data. These models represent a transition from de-

scriptive physiological mapping to computational estimation of muscle activation.

The proposed methods provide a foundation for future work integrating vocal fold
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models and muscle activity data, contributing to the development of non-invasive

tools for clinical and experimental voice assessment.

1.5 Scientific contributions

This work represents the first attempt to estimate the intrinsic muscular acti-

vation of the larynx using HDsEMG. The integration of HDsEMG decomposition

techniques with acoustic-based normalization provides a methodological frame-

work capable of describing the physiological processes underlying laryngeal muscle

activity during phonation.

First, this thesis establishes a reference dataset consisting of simultaneous

iEMG and acoustic recordings obtained from the intrinsic laryngeal muscles, in-

cluding the CT,TA, and lateral cricoarytenoid (LCA) muscles. These recordings

were used to develop and validate a normalization framework that improves in-

tersession and intermuscular consistency, enabling reliable comparisons across ex-

perimental sessions. This dataset also serves as a benchmark for validating future

HDsEMG decomposition and estimation methods within the field of laryngeal

EMG.

Second, the proposed framework introduces the use of HDsEMG decomposi-

tion as a non-invasive alternative to estimate the intrinsic activation of laryngeal

muscles. By implementing the FastICA algorithm and the two-source validation
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method, this work demonstrates the feasibility of extracting motor unit activa-

tion behavior and spatial recruitment patterns from the neck surface, as well as

estimating the depth of active motor units. This approach enables the visualiza-

tion of distinct activation clusters within different muscle regions, representing a

novel contribution to the characterization of laryngeal muscle activity and bridging

the gap between invasive intramuscular methods and clinically applicable surface

techniques.

Finally, this thesis lays the groundwork for extending EMG-based estimation

through neural network models capable of inferring intrinsic laryngeal activity

from surface signals. The implementation of neural networks trained with syn-

chronized acoustic and EMG data demonstrates the potential to estimate muscle

activation, particularly that of the CT, from non-invasive recordings. This contri-

bution represents a step toward physiologically meaningful models that integrate

electrophysiological, acoustic, and computational domains.

The main findings of this thesis have been disseminated through peer-reviewed

journal publications and international conferences, including studies on acoustic-

based normalization of laryngeal EMG and HDsEMG decomposition for estimat-

ing muscle activation.
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2 Background

This research focuses on the use of HDsEMG signals and their decomposition to

estimate the activation of intrinsic laryngeal muscles, particularly the CT muscle,

whose measurement is especially difficult in clinical settings due to the invasive

nature of traditional techniques. In this context, this chapter presents a review

of methods that have sought to characterize laryngeal muscle function from EMG

recordings, highlighting recent advances in iEMG and HDsEMG, as well as the

limitations that remain. This overview aims to justify the selection of the proposed

methodology, which is based on experimental recordings and signal decomposition.

Finally, the theoretical foundations that support the estimation of muscle activity

from EMG signals are described, along with their relationship to the validation

of voice production models using machine learning techniques.

2.1 Model and Physiology of Muscle Activation

The generation of EMG signals is intrinsically linked to the physiology of mo-

tor unit (MU), which represent the functional building blocks of neuromuscular

activation. The central nervous system (CNS) regulates muscle activity through

the successive recruitment of MUs in skeletal muscles, including the intrinsic mus-

cles of the larynx. Each MU is composed of a single α-motoneuron and the muscle

fibers it innervates, and its electrical manifestation is observed as a motor unit
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action potential (MUAP). A MUAP corresponds to the algebraic sum of the ac-

tion potentials generated in all fibers belonging to a given MU, and its occurrence

leads to muscle contraction, the magnitude of which depends on the MU firing

rate. From this perspective, the activation of intrinsic laryngeal muscles during

phonation can be described as the coordinated recruitment and modulation of

multiple MUs. To interpret this process, several models of muscle activation have

been developed, ranging from phenomenological descriptions of muscle force pro-

duction [16, 17, 18, 19], neurophysiological approaches [20] and recent extensions

applied to voice production [21]. These models provide the theoretical basis for

linking neural drive, motor unit activity, and measurable EMG signals with muscle

force and, ultimately, with vocal function.

2.1.1 MU twitch modeling

The work of Burke et al. [22] provided one of the earliest classifications of

MU based on their contractile properties. In this study, the MU population was

divided into three distinct physiological types: slow-twitch (S), fast-twitch resis-

tant to fatigue (FR), and fast-twitch fatigable (FF). Each of these categories was

associated with specific functional roles, such as sustained contractions, locomo-

tor activity, and rapid force generation, respectively. This classification became

a cornerstone for later physiological and computational descriptions of muscle

behavior.
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Early attempts to characterize the mechanical response of individual MUs were

carried out by Thomas et al.[23] and later extended by Negro and Orizio[24], who

used spike-triggered averaging techniques to describe the twitch response evoked

by single motoneuron discharges [8, 24]. These studies showed that each twitch

exhibits contraction and relaxation phases whose duration varies with MU type

(slow, fast-resistant, or fast-fatigable). Building upon these early contributions,

subsequent modeling efforts incorporated these physiological observations to re-

produce tetanic contractions through the temporal summation of twitches driven

by motoneuron firing patterns.

Initial mathematical descriptions represented the twitch as the impulse re-

sponse of a critically damped second-order system. Milner-Brown et al. [25]

proposed one of the first analytical formulations, which was later incorporated

into the widely known Fuglevand model of a MU pool. More flexible approaches,

including four- and six-parameter models (Raikova et al. [17, 26]), were developed

to better fit experimental twitch shapes across different MU types. These mod-

els highlighted the continuous variability of MU properties, rather than a strict

categorical separation.

Figure 2.1 illustrates the main parameters typically included in twitch mod-

eling, such as contraction time, half-relaxation time, and peak force. The me-

chanical event of a muscle contraction,f(t), for a unit motor i, was expressed

18



A) B)

Figure 2.1: (A) Schematic representation of the twitch model parameters as a function

of motor unit force over time, F (t). Fmax denotes the maximum force; Timp corre-

sponds to the timing of the action potential; Tlead represents the lead time; Tc is the

contraction time; and Thc indicates the half-contraction time, defined as the interval

between the onset of contraction and the point at which the force reaches half of its

maximum value. (B) Example of an unfused tetanic contraction produced by repetitive

stimulation. Figure from [27].

as:

fi(t) =
Pi · t
Ti

· e1−(t/Ti) (2.1)

where Ti is the rise time (contraction time) to peak force of a muscle contraction

and the Pi is related to the peak amplitude of twitch force (Figure 2.1.A), which

was expressed as:

P (i) = eb·i (2.2)

where coefficient b was set as b = (ln RP )/n, RP was range of twitch forces and n
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was the number of units in the pool. In any motor unit i and for a train containing

k discharges, the force produced in the unit, Fi(t), was equivalent to the sum of

individual muscle contractions.

Fi(t) =
k∑

j=1

fi,j (t− ti,j) t− ti,j ≥ 0 (2.3)

FM(t) =
n∑

i=1

Fi(t) (2.4)

Milner-Brown et al. [25] and De Luca and Erim [28] were among the first to

describe how the intensity of the EMG signal, as well as muscle force, depends on

the number of active motor units and their firing rates. Their studies revealed that

the relationship between EMG amplitude and isometric force can take different

forms depending on the muscle examined. In small muscles, such as those control-

ling finger movements, this relationship tends to be linear [25, 28]. Figure 2.1.B

illustrates this relationship between excitatory drive and muscle force.

2.1.2 Models of muscle based on MU recruitment

The first attempts to model the recruitment and firing dynamics of motor units

were introduced by Fuglevand et al. [16]. Their work established a physiologically

grounded computational framework that described how muscle force emerges from

the coordinated activation of a motor unit pool organized according to the size

principle. In this model, a set of 120 MUs was defined, each with exponentially

scaled twitch properties to capture the broad distribution of force capacities across
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the pool. Fuglevand also formalized the relationship between motoneuron firing

rate and excitatory drive through a simple but powerful expression:

FRi(t) = [E(t) −RTEi] +MFR, E(t) ≥ RTEi (2.5)

where E(t) represents the global excitatory drive reflecting the net synaptic

input during voluntary contraction, RTEi is the recruitment threshold excita-

tion—the minimum level of drive required to initiate repetitive discharge in the

i-th motor unit—and MFR denotes the minimum firing rate common to all mo-

toneurons. This formulation allowed the model to reproduce the gradual recruit-

ment of motor units and the corresponding increase in firing rates as excitation

intensified. Equation (1) was later reformulated by expressing the instantaneous

firing rate as the inverse of the interspike interval (ISI), providing a direct link

between simulated discharge times and neural activity patterns:

FRi(t) =
1

(tij − tij−1)
(2.6)

ISI = tij − tij−1 (2.7)

Building on this foundation, subsequent studies expanded the Fuglevand model

to include phenomena such as fatigue. Potvin and Fuglevand [20] simulated re-

ductions in twitch amplitude and prolonged contraction times, highlighting how

fatigue alters MU firing rates and overall force output. Similarly, Contessa and
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De Luca [29] developed a model for specific muscles such as the vastus lateralis

and first dorsal interosseous, integrating the “onion skin” firing rate organization.

Their approach adopted a four-parameter twitch model and accounted for force

potentiation and fatigue effects, providing more physiological realism compared

to the original formulation.

A) B)

Figure 2.2: (A) Mean muscle activation (left axis, solid lines for both muscles) and

coefficient of variation of the mean (right axis, dashed lines; see legend) as functions of

firing rate for the CT and TAmuscles. (B) Mean fundamental frequency (f0) represented

by iso-lines and average CV shown as a filled contour map for the BCM, expressed as

functions of TA and CT firing rates. Figure from [21].

In a voice-specific application, Manŕıquez et al. [21] adapted the Fuglevand

framework to the intrinsic muscles of the larynx. Their model preserved the

recruitment and firing properties of motor units while introducing stochastic vari-

ability into discharge patterns to mimic physiological noise. This stochastic drive

was then used to simulate the activation of two key intrinsic muscles, the CT and
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TA, whose activity was mapped into a triangular body–cover vocal fold model.

The simulations produced motor activation plots (MAPs) that allowed direct com-

parison of how different combinations of CT and TA activity affect vocal fold

dynamics (Figure 2.2).

A significant advance was introduced by Raikova and colleagues [19], who

proposed a model grounded in experimental data from the rat medial gastroc-

nemius. Unlike earlier models that relied on fixed scaling laws, this framework

incorporated measured twitch parameters from three MU types (S, FR, FF) us-

ing a six-parameter twitch function. The model also included nonlinear twitch

summation and recruitment thresholds derived from rheobase currents. This ap-

proach provided a more realistic representation of MU heterogeneity and revealed

the stabilizing role of slow MUs in smoothing force output during contractions.

2.2 Laryngeal muscle function from iEMG

iEMG has been a fundamental tool for investigating the physiology of the

intrinsic laryngeal muscles (ILMs). By inserting fine-wire or needle electrodes

directly into the target muscles, iEMG enables direct observation of motor unit

activity that cannot be accessed with surface recordings. Over the years, this

technique has been employed in both animal models and human subjects, pro-

viding insight into the mechanisms of motor unit recruitment, firing behavior,
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and muscle coordination during phonation. Despite its unique advantages, iEMG

also faces significant methodological challenges, including invasiveness, variability

in electrode placement, and difficulties in normalization across subjects. These

factors have motivated a range of studies that attempt to characterize ILM ac-

tivation in controlled conditions, while also exploring the clinical and research

applications of iEMG in voice science. The following subsections review key con-

tributions in animal studies, human recordings, normalization strategies, and the

broader implications and limitations of iEMG for understanding laryngeal muscle

function.

2.2.1 Animal studies of ILM activation

Initial investigations into ILM function were performed in canines, focusing on

the role of specific muscles during phonation. Choi et al. [30] used an in vivo dog

model to characterize the posterior cricoarytenoid (PCA), traditionally described

as the sole vocal fold abductor. Their findings indicated that the PCA also con-

tributes to phonation by modulating glottal width and balancing the opposing

forces of adductors and the CT, rather than acting exclusively as a respiratory

muscle [30]. Building on this line of work, Cox, Alipour, and Titze [31] provided

a detailed geometric characterization of canine and human CT and TA muscles,

quantifying fiber orientation, length, and cross-sectional area [31]. This compara-

tive approach highlighted both similarities and species-specific differences, offering
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a structural basis for interpreting functional studies in animal models.

Later studies refined the understanding of ILM activation dynamics. Vahabzadeh-

Hagh et al. [32] performed in vivo canine experiments to measure onset and offset

times of ILM contraction during neuromuscular stimulation, reporting that TA

exhibited the fastest response ( 34 ms), whereas CT activation was considerably

slower ( 100 ms) . These temporal differences underscored the differential roles of

ILMs in fine-tuning phonation and vocal fold posture. Their results showed con-

sistent synergy between these muscles even in the absence of external innervation,

suggesting intrinsic or network-level coordination in laryngeal motor control .

Chhetri et al. [33] developed an in vivo canine model to examine the indepen-

dent and combined effects of ILM activation. By applying graded stimulation to

the CT, TA, and LCA/IA complexes, they characterized how each muscle modu-

lates vocal fold posture, fo, and phonation onset pressure. This study showed the

strong fo dependence on CT activity, the dual role of TA in raising or lowering fo

depending on the activation level, and the necessity of LCA/IA input for achiev-

ing posterior glottic closure (Figure 2.3). These findings provided a systematic

framework linking ILM activation to phonatory outcomes.

In subsequent work, Chhetri and colleagues [34] refined the functional un-

derstanding of adductor muscles. They demonstrated that selective stimulation

of TA versus LCA produced distinct glottal configurations, with neither muscle

alone achieving complete closure. Later, Chhetri and Neubauer [35] reported that
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Figure 2.3: Representative maps of muscle activation at phonation onset, illustrating

f0 as a function of graded CT and TA activation for different LCA/IA activation levels:

(a) level 1, (b) level 3, (c) level 5, and (d) level 7. Blank regions indicate activation

conditions for which phonation onset was not achieved. Figure from [33].

TA activation was associated with abrupt, periodic vibration at phonation onset,

whereas LCA stimulation led to irregular vibratory patterns and incomplete clo-

sure. These results indicated that TA and LCA have complementary, rather than
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redundant, roles in glottal closure and vibratory stability.

Chhetri et al. [36] integrated muscle activation patterns with subglottal pres-

sure to investigate their combined effects on voice production. They showed that

different combinations of CT, TA, and adductors could produce similar values of

f0 and SPL, demonstrating the principle of laryngeal motor equivalence. Using

MAPs, they identified regions of synergy and redundancy among ILMs, offering

a more comprehensive view of neuromuscular control of phonation.

2.2.2 Human intramuscular recordings

iEMG in humans has provided the most direct insights into ILM activation,

despite its invasive and technically demanding nature. Early fine-wire record-

ings by Hirano [37] and Gay et al. [8] established baseline observations on TA

and CT activity during pitch changes and glottal tasks. Subsequent refinements

demonstrated how differential recruitment of TA, LCA, and CT underpins both

phonatory and non-phonatory gestures.

A landmark contribution came from Titze, Luschei, and Hirano [9], who sys-

tematically analyzed TA and CT activation in relation to fo using MAPs. They

showed that TA and CT act in a coupled yet context-dependent manner: at low

frequencies and intensities, TA activity correlated positively with fo, whereas at

higher frequencies and falsetto-like phonation, increased TA activity could actu-

ally lower fo [9]. This dual role was explained by the body-cover model, where TA
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stiffens the vocal fold body but may slacken the cover, producing both positive

and negative effects on vibration. Importantly, CT behaves tonically and tracks

fo, while the strap muscles exhibit phasic, range-dependent support—active at

very low and very high pitches—with a transition region where CT dominates

control.

Hillel [38] extended the field by performing simultaneous eight-channel fine-

wire recordings in healthy subjects and patients with laryngeal dystonia. His data

provided the first comprehensive normative values for latencies and amplitudes

across ILMs during phonation, connected speech, Valsalva, cough, and swallowing

(Figure 2.4). A characteristic “set pattern” was described: TA and LCA exhibit

a burst at phonation onset followed by reduced activity, while the interarytenoid

(IA) sustains adduction. In contrast, CT activation scaled with pitch glides, and

posterior PCA recruitment was specific to inspiration. These patterns served as a

normative baseline for distinguishing pathological activation in different dystonia

subtypes([38]).

Poletto et al. [39] conducted a systematic investigation of the correspondence

between intramuscular activity and vocal fold motion in humans. Using hooked-

wire EMG from the PCA, TA, LCA, and CT muscles, along with synchronized

nasolaryngoscopic imaging, they quantified correlations between EMG amplitude

and ipsilateral vocal fold angle across tasks such as sniff, cough, and rapid syl-

lable repetition. Their results demonstrated task- and muscle-specific patterns:
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Figure 2.4: Subject instrumented with fine-wire electrodes. The wire exiting laterally

from the neck corresponds to the PCA electrode. An eight-channel recording of the

“eee/sniff” task is shown, where Channel 1 contains the acoustic signal, and Channels 2

to 8 correspond to EMG recordings from the labeled laryngeal muscles. Figure from

[38].

PCA activation correlated positively with vocal fold abduction in all trials, with

peak correlations during sniff (typical r ≈ 0.74). In contrast, TA and LCA ac-

tivity showed predominantly negative correlations with abduction, particularly

during cough, where they drove forceful adduction (10/14 significant TA trials

and 10/12 LCA trials yielded negative r values). These data provided the first

quantitative evidence that laryngeal motor control is not based on strict reciprocal

activation of agonist–antagonist pairs, but instead often involves task-dependent

co-contraction, particularly during speech (Figure 2.5). The findings underscored

that CT tends to behave tonically, tracking fo, while strap muscles provide pha-

29



sic, range-dependent support—active at very low and very high pitches—with a

transition zone where CT dominates.

Figure 2.5: Multiple repetitions of the syllable /hi/ are shown. The top panel presents

the acoustic waveform together with the corresponding phonetic transcription. Rectified

and smoothed EMG recordings are displayed in the subsequent four panels. A clear

reciprocal activation pattern between the adductor muscles (LCA and TA) and the

abductor muscle (PCA) is observed across all repetitions of /hi/. Figure from [39].

Complementary studies further elaborated on these roles. Roubeau [40] high-

lighted task-dependent CT activity in high-frequency phonation; Kochis-Jennings
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[41] examined LCA activation in dystonia; and Finnegan [42] addressed the in-

terplay of TA and CT during register transitions. However, the invasiveness and

variability of electrode placement remain major limitations, restricting widespread

clinical use. These methodological challenges motivate the search for non-invasive

alternatives such as surface EMG, which aim to capture similar physiological in-

formation without the constraints of intramuscular techniques.

Others intramuscular EMG studies of the laryngeal muscles provided foun-

dational insights into the fine motor control of phonation. Seminal works by

Hirano and colleagues demonstrated distinct activation patterns of the CT and

TA muscles during pitch modulation and register changes, highlighting their com-

plementary roles in vocal fold tension and stiffness control [43, 8]. Subsequent

investigations using hooked-wire electrodes further characterized task-specific re-

cruitment and timing differences among intrinsic laryngeal muscles during speech,

singing, and voicing transitions [44, 42]. Despite their high temporal and spatial

specificity, intramuscular recordings are inherently limited by small sample sizes,

inter-subject variability, and sensitivity to electrode placement depth and ori-

entation. These constraints hinder reproducibility across sessions and complicate

longitudinal or large-scale clinical studies, reinforcing the need for alternative, less

invasive approaches capable of capturing comparable neural drive and activation

dynamics.
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2.3 Laryngeal muscle function from sEMG

2.3.1 sEMG in the assessment of vocal hyperfunction and

MTD

Disorders of the glottis (the area of the vocal folds) are often caused by or

accompanied by maladaptive behaviors referred to collectively as vocal hyper-

function. Vocal hyperfunction has been defined as “conditions of abuse and mis-

use of the vocal mechanism due to excessive and ’imbalanced’ muscular forces”

[45], characterized by excessive laryngeal and paralaryngeal tension. Despite the

widespread use of the vocal hyperfunction designation, diagnosis and assessment

in current clinical practice is dependent upon subjective interpretation of patient

history and physical examination. Commonly associated symptoms of vocal hy-

perfunction are not limited to the larynx. Many muscles in the neck that attach

to the larynx and/or hyoid bone have voice and speech-related contractions.

Previous studies have attempted to use sEMG to objectively quantify neck

muscle tension. Redenbaugh and Reich [46] measured mean neck sEMG of a sin-

gle anterior neck electrode in seven individuals with healthy normal voice and

seven “hyper-functional” individuals, finding that the individuals with disordered

voice had significantly greater mean normalized neck sEMG during phonation

than individuals with healthy normal voice. Hocevar-Boltezar et al. [47] recorded
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sEMG from 18 pairs of differential electrodes on the face and anterior neck in 11

women with disorders associated with vocal hyperfunction (nodules, muscle ten-

sion dysphonia) with respect to five women with healthy normal voice. Although

this study found significant differences between the mean sEMG, sEMG signals

were not normalized.

Stepp [12] explored intermuscular coherence in the beta band as a possible

indicator of vocal hyperfunction, a common condition associated with many voice

disorders. sEMG was measured from two electrodes on the anterior neck sur-

face of 18 individuals with vocal nodules and 18 individuals with healthy normal

voice. Coherence was calculated from sEMG activity gathered while participants

produced both read and spontaneous speech. There was no significant effect of

speech type on average coherence (Figure 2.6). Their results suggest that bilat-

eral EMG–EMG beta coherence in neck strap muscle during speech production

shows promise as an indicator of vocal hyperfunction.

Muscle tension dysphonia (MTD) has been defined as a functional dysphonia

in which there is an excessive tension in the (para)laryngeal musculatures [48].

Although different dimensions of MTD have been understood through compre-

hensive evaluations [49], the diagnostic entity of MTD has not been fully under-

stood. Excessive tension of the (para)laryngeal muscles has been considered as

a clinical hallmark of MTD [49]. The assessment of laryngeal muscles to explore

muscle tension symptoms is an essential component in the clinical assessment and
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diagnosis of MTD [2].

Figure 2.6: Left: schematic representation of the anterior neck showing the placement of

double differential sEMG electrodes over the sternohyoid muscle. Right: mean coherence

spectra for the two participant groups. The solid black line corresponds to healthy

control subjects, whereas the dashed black line represents individuals with vocal nodules.

Figure from [12].

Previous investigations have used sEMG to investigate the possible value of

sEMG in the assessment of patients with MTD. Redenbaugh and Reich [46] and

Hocevar-Boltezar et al, [47] are the first to study (para)laryngeal muscle tension

in MTD using sEMG. The authors claimed that the EMG levels were higher in

MTD and that sEMG can differentiate patients with MTD from the healthy ones.

However, investigations such as the one by Stepp et al, [50] and Van Houtte et al,

[13] did not provide enough evidence on the discriminative validity of sEMG in

patients with MTD. Unlike previous investigations, a recent study by Balata et

al,[51] demonstrated that the electrical activity of the suprahyoid and infrahyoid
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muscles was lower in dysphonic subjects compared with non-dysphonic subjects.

2.3.2 Advances in HDsEMG for laryngeal assessment

sEMG within the field of laryngology has been used for evaluation of laryngeal

hyperfunction with inconsistent results [13, 52]. sEMG has a number of limitations

that impair signal detection such as impedance of the skin-electrode interface and

distance between the myoelectric source and surface electrode. HDsEMG has the

potential to compensate for the previously described spatial selectivity limitations

by application of a large number of electrodes within defined area. A multielec-

trode array that spans the anterior neck can ensure a high number of electrodes

concurrently capture the signal of interest during phonation. Additionally, gross

visualization of activity can be intuitively displayed as power-density energy maps

[53, 54]. Task-specific muscle activation is used to highlight differences between

adjacent musculature.

Bracken et al, [55] proposed to differentiate the activity of the CT muscle at

rest, and to identify different patterns of muscle activity between high and low

pitch phonation.Ten adults performed phonatory tasks while a 20-channel array

recorded spatio-temporal data of the anterior neck. EMG maps were created to

evaluate use in gross identification of muscle location (Figure 2.7). Comparison

of each electrode to itself across phonatory tasks yielded differences in all sub-

jects during rest versus low versus high. Review of EMG maps allowed for gross
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Figure 2.7: High-density sEMG electrode array placed on the anterior neck surface.

The central marker located between electrodes 10 and 11 denotes the cricothyroid

space, while the inverted V marker below the array indicates the sternal notch. Figure

from [55].

identification of CT muscle amidst anterior strap musculature. Zhu et al, [56]

recorded 80 channels of HDsEMG from four healthy subjects when they uttered

the vowel /a/ at different pitches. They used the root mean square (RMS) of the

HDsEMG signals to construct dynamic EMG maps. Their results showed that

muscle activities increased steadily with increasing tone levels. And the RMS

maps represented the energy distribution of the front neck muscles, which would

provide both the temporal and spatial information in accordance with the physi-

ological and biomechanical principles of phonation.

Later, in [57] they calculated Normalized RMS (NRMS) to quantitatively dis-

play the correlation of the neck muscles between the left and right sides. The

results of sEMG waveforms and NRMS values showed obvious symmetry between
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the left and right sides of the front neck muscles. Their research suggests that HD

sEMG could be a potential tool to visualize the distribution of muscle activities

and observe the coordination of muscle contractions during phonation.

2.4 Methods for Estimating Intramuscular Ac-

tivation

Efforts to estimate intramuscular activation have led to a variety of method-

ological approaches that extend beyond classical EMG decomposition. These

approaches differ in their conceptual basis, measurement modality, and computa-

tional framework, but all share the common objective of linking surface or multi-

site recordings with MU behavior and internal muscle activity. Below, we sum-

marize representative developments that illustrate this evolution.

One early line of work focused on the spatial distribution of MUPs. St̊alberg

et al, [58] proposed a model in which unipolar and bipolar MUPs were recorded

at multiple radial distances from superficial and deep motor units. Their ob-

servations demonstrated that both electrode configuration and motor unit depth

strongly shape the recorded potentials, thus providing a foundation for recon-

structing intramuscular activity from surface recordings.

Building on this physiological basis, finite element (FE) frameworks have been

employed to simulate the conduction of motor unit action potentials through
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realistic tissue geometries. Nakajima et al. [59] developed a muscle model in which

virtual fibers and elements are embedded within a discretized muscle cross-section,

while surface electrodes capture the propagated signals. This approach highlights

how geometric complexity and conduction paths influence the recorded EMG,

and it offers a computational platform to test hypotheses about intramuscular

activation. A schematic of this FE approach is shown in Figure 2.8.

Figure 2.8: Schematic representation of the EMG conduction model used for signal

estimation. The virtual muscle fiber k belongs to muscle element j. The parameter lik

denotes the distance between muscle fiber k and bipolar electrode i, while Vik represents

the sEMG contribution from fiber k recorded by the bipolar electrode. Figure from [59].

Alternative strategies have combined EMG with imaging modalities. Pio-

vanelli et al. [60] proposed a graph-based analysis for deep muscle activation,

where nodes represent recording sites and edges encode functional connectivity

derived from EMG features. This method emphasizes network-level coordination

and allows identification of active regions even in muscles that are difficult to
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access with invasive recordings. Such approaches bridge electrophysiological and

systems-level perspectives on muscle control.

In a similar effort to improve spatial resolution, recent methods have integrated

HDsEMG decomposition with ultrafast ultrasound imaging [61]. By convolving

spike trains of motor unit firing patterns with local tissue velocity waveforms,

researchers have been able to localize regions of contraction and track MU-specific

activation patterns in real time.

Finally, methods for real-time estimation of active regions have been proposed,

combining decomposition outputs with adaptive filtering and spatio-temporal

analysis [62]. These systems aim to provide online identification of MU activ-

ity, supporting both clinical applications and closed-loop control systems. Collec-

tively, these approaches highlight the progressive shift from simplified models of

MUP generation toward multimodal, computationally enriched frameworks that

better approximate intramuscular activation.

2.5 Voice production model

Numerical models of voice production have been developed with varying lev-

els of physiological detail, mathematical complexity, and computational cost [63,

64, 65]. Among these, lumped-element approaches have proven particularly use-

ful for simulating vocal fold dynamics, synthesizing natural-sounding voices, and
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representing pathological conditions [66, 67, 68, 69, 70]. Typically formulated as

non-linear mass–spring–damper systems, these models incorporate tissue biome-

chanics, mucosal wave propagation, aeroacoustic interactions, and laryngeal mus-

cle control [71, 72, 73, 74]. In this thesis, two such models were adopted: a sym-

metric three-mass body–cover model with posterior glottal opening [70], chosen

for its simplicity and compatibility with Bayesian inference, and the Triangular

Body–Cover Model (TBCM), which integrates coordinated activation of the five

intrinsic laryngeal muscles and offers a more physiologically representative frame-

work [75].

2.5.1 Active stress of muscles

The generation of force in intrinsic laryngeal muscles arises from the active

stress developed during contraction of individual fibers. This macroscopic effect

has been quantified experimentally, for instance in canine thyroarytenoid muscles,

where measurements distinguish between passive stress (no fibers contracted) and

maximal active stress (all fibers contracted) (Alipour-Haghighi & Titze, 1985)[76].

Passive stress reflects the elastic response of the tissue, while active stress captures

the additional load supported by contractile elements. Notably, the maximum

active stress is approximately 100 kPa, with little dependence on strain within

the physiological range of up to 40%.

A key observation is that the total stress in the tissue combines both passive
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and active components. While the passive contribution becomes evident even at

low strain levels, the active component dominates under voluntary contraction.

Nevertheless, the condition of simultaneous recruitment of all fibers, necessary to

achieve maximum active stress, rarely occurs during phonation. Instead, natural

vocal tasks rely on partial and graded activation patterns, underscoring the role

of motor unit recruitment strategies in balancing efficiency and control.

Mathematically, the stress σ can be described as the sum of its passive and

active contributions:

σ = σpassive + σactive. (2.8)

Here, σpassive represents the elastic response of connective tissue and non-

contractile fibers, while σactive arises from cross-bridge cycling within muscle fibers.

To normalize across different experimental conditions, Titze [74] introduced a for-

mulation of active stress that accounts for the level of muscle activation a and the

maximum active stress σ0:

σactive = a · σ0. (2.9)

This formulation highlights that active stress scales with neural input, ranging

from subthreshold activation to near-maximal contraction.

Taken together, these insights emphasize that while active stress values mea-

sured in isolated muscle preparations are rarely achieved in vivo, they provide

critical boundaries for modeling laryngeal muscle function. Including both pas-
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sive and active components in vocal fold models ensures that biomechanical sim-

ulations capture the interplay between tissue elasticity and contractile capacity,

thereby improving the accuracy of numerical frameworks used to study phonation

dynamics.

Accurate passive and active stress values are considered according to the dif-

ferent mechanical characteristics and functional roles of glottic and paraglottic

tissues (e.g., muscles, fascia, ligaments, glands, fat, ciliated epithelial mucosa, and

non-ciliated mucosa). In addition, the presence of different muscle fiber heavy-

chain isoforms is taken into account, as these determine contraction speed and

relaxation times, thereby allowing the generation of muscle-specific active stress.

2.5.2 Vocal fold model

The development of lumped-element models of the vocal folds has evolved

from the classic two-mass representation by Ishizaka and Flanagan [66] toward

more physiologically detailed structures. Story and Titze later introduced the

body–cover model (BCM) [67], which added a third mass to represent the lay-

ered body–cover configuration of the folds. In this scheme, two cover masses are

coupled laterally to a central body mass through nonlinear spring and damping

elements, while the body is also attached to a rigid boundary using similar connec-

tions. This formulation allowed the body mass, representing the muscular layer,

to interact dynamically with the pliable cover layers.

42



Further refinement came from Zañartu and colleagues [70], who expanded

the BCM by incorporating a posterior glottal opening (PGO). This modification

enabled systematic analysis of how incomplete posterior closure influences tissue

vibration, energy transfer, aerodynamics, and acoustic loading. By accounting for

posterior leakage, the model improved physiological realism and provided a better

platform for studying pathological and asymmetric phonation patterns.

Building on this foundation, Galindo et al. [73] introduced the TBCM. Un-

like the linear configuration of the BCM, the TBCM organizes three interacting

mass–spring–damper subsystems in a triangular arrangement that reflects glottal

geometry [77]. A key innovation of this model is the inclusion of a zipper-like,

progressive closure mechanism, allowing for partial and time-varying collision be-

tween the folds. This feature provides a more accurate description of vocal fold

impact pressures and glottal closure dynamics during phonation.

The governing equations for both BCM and TBCM are derived from Newto-

nian mechanics, where each mass is influenced by coupling forces between adjacent

elements and external aerodynamic pressures. In the generic formulation:

Fu = mu ẍu = Fk, u + Fd, u − Fkc + Fe, u + FCol, u, (2.10a)

Fl = ml ẍl = Fk, l + Fd, l + Fkc + Fe, l + FCol, l, (2.10b)

Fb = mb ẍb = Fk, b + Fd, b − [Fk, u + Fd, u + Fk, l + Fd, l] , (2.10c)

m denotes the mass of the upper (u), lower (l), and body (b) elements, x represents
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their medial–lateral displacement, and F denotes the set of forces acting on each

block. These include spring (Fk), damping (Fd), aerodynamic (Fe), coupling (Fkc),

and collision (FCol) components. While the specific definitions differ between

models, they follow the analytical formulations detailed in Story and Titze [67]

for the BCM and in Galindo et al. [73] for the TBCM.

Finally, both models can be parametrically controlled by intrinsic laryngeal

muscle activations following the empirical rules proposed by Titze and Story [71].

Normalized activation levels of the CT (aCT ), TA (aTA), and LCA (aLCA) mod-

ulate mechanical properties such as stiffness distribution, effective mass, glottal

convergence, and fold thickness. This muscle-driven control enables the BCM

and TBCM to serve as physiologically interpretable platforms for investigating

muscle-to-acoustic mappings.

2.5.3 Triangular body-cover model: TBCM

Alzamendi et al. [75] introduced a multi-physics extension of the TBCM that

allows coordinated activation of all five intrinsic laryngeal muscles (CT, TA, LCA,

IA, and PCA). This framework builds upon earlier formulations for low-order vocal

fold control [71], vocal fold posturing [74], and triangular body–cover dynamics

[73]. A schematic of the model is shown in Figure 2.9. By incorporating an-

tagonistic muscle interactions, the model enables simulation of both normal and

dysregulated activation patterns, relevant for conditions such as non-phonatory
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voice disorders [78].

kl

dl

kc

ku

du

kb

db

kl

dl

kc

ku

du

kb

db

VP= (x02, y02)

(xp2, yp)

MGO

PGO

1
Figure 2.9: Schematic of the triangular body-cover model of the vocal folds. Figure

from [75].

In this model, intrinsic muscle forces and passive elements of the ligament

(LIG) and mucosa (MUC) generate the internal stresses that deform the vocal

folds [79, 34]. Normalized muscle activations ai (0 ≤ ai ≤ 1) modulate transla-

tional and rotational dynamics around the cricoarytenoid joint center (xCAJ , yCAJ).

The displacement (ξ, ψ) and rotation θ of the arytenoid evolve according to:
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ξ̈ =
1

Ma

∑
i∈I

αiFi − kxξ − dxξ̇ (2.11a)

ψ̈ =
1

Ma

∑
i∈I

βiFi − kyψ − dyψ̇ (2.11b)

θ̈ =
1

Ia

∑
i∈I

γiFi − κθ − δθ̇ (2.11c)

where Fi represent the forces, and αi, βi, and γi are the directional cosines for the

Cartesian displacements and the directional moment arm, applicable to laryngeal

tissue I = {LCA, IA, PCA, CT, TA, LIG, MUC}. Moreover, the parameters

Ma and Ia denote the mass and moment of inertia of the arytenoid cartilage,

respectively; ky, kx, and κ are the translational and rotational stiffnesses, while

dx, dy, and δ are the translational and rotational damping coefficients, respectively.

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

sian coordinates of the vocal process position (x02, y02) are computed as follows

[74]:

x02 = xCAJ − (xCAJ − x̄0) cos θ + yCAJ sin θ + ξ, (2.12a)

y02 = yCAJ(1 − cos θ) − (xCAJ − x̄0) sin θ + ψ + L0(ϵr + ϵt). (2.12b)

where x0 represents the cadaveric horizontal position of the vocal process, L0

denotes the rest length, ϵr and ϵt correspond to the rotational and translational

movements around the cricothyroid joint, respectively.

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

calculated as follows:

Au = 2(1 − αu)Lg

(
x̃u + 0.5(1 + αu)x01

)
, (2.13a)

Al = 2(1 − αl)Lg

(
x̃l + 0.5(1 + αl)x02

)
, (2.13b)

where x̃u = xu−xu, 0 and x̃l = xl−xl, 0 are block displacements relative to the rest

positions, and Lg is VF length. Additionally, αu and αl are the proportions of mass

length for the upper and lower blocks undergoing collision at the solution time,

where 0 ≤ αu, αl ≤ 1. As a result, the area for the membranous glottal opening is

AMGO = min{Au, Al}. Also, the model simulates the effects of laryngeal posture

on the posterior cartilaginous portion of the glottis, assuming that the area of the

posterior glottal opening has a trapezoid shape [79]. Thus:

APGO = max{0, min{(xp1 + x01), (xp2 + x02)}(y02 − yp)}, (2.14)

where xp1 is the posterior wall half-width at the bottom, xp2 is the posterior wall

half-width at the top, and yp is the posterior wall position along the longitudinal

axis. The total glottal area comprises both the membranous and the cartilaginous

parts:

Ag = AMGO + APGO. (2.15)

In addition to controlling intrinsic muscle activation, the model facilitates the

adjustment of aerodynamic lung pressure, denoted as PL. The aerodynamic forces
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exerted on the vocal fold cover layer are computed using the resulting subglottal

pressure Ps, and supraglottal pressure, Pe, according to [80].

The concept of MAPs was first introduced as a way to visualize how combi-

nations of intrinsic laryngeal muscle activity shape the f0 during phonation. In

particular, Titze and Story [71] developed a low-dimensional vocal fold model in

which normalized activation levels of the CT (aCT ) and TA (aTA) muscles are

systematically varied. This framework provided a mapping between muscle activ-

ity space and f0, represented as isofrequency contour lines. The MAPs highlight

regions of redundancy, where different combinations of aCT and aTA can produce

similar f0 outcomes, revealing the flexibility and complexity of neuromuscular

control strategies in the larynx.

More recently, Gabriel et al. [75] expanded the use of MAPs by embedding

them within the TBCM. This allowed the integration of vocal tract interactions

and the generation of MAPs under different subglottal pressure conditions and

vowel configurations. The resulting plots (see Figure 2.10) demonstrated how sus-

tained phonatory gestures can be systematically described as trajectories within

the muscle activation space, where iso-f0 contours shift depending on vocal tract

shape and aerodynamic load. These findings reinforce the value of MAPs as a uni-

fying framework, linking biomechanical modeling to observed phonatory behav-

iors, and providing a predictive tool for understanding both normal and disordered

voice production.
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Figure 2.10: Example of MAPs generated with the TBCM, illustrating the relationship

between aCT , aTA, and f0 across different subglottal pressures and vowel configurations.

Figure from [75].

An important aspect of the MAPs proposed by Gabriel is the visualization

of systematic trends across phonatory conditions. For instance, f0 contours tend

to rise steeply with increasing aCT , particularly at moderate to high levels of

subglottal pressure, confirming the dominant role of CT in pitch elevation. In

contrast, TA activation shows a nonlinear pattern: at low f0, greater aTA can

increase pitch by stiffening the vocal folds, whereas at higher frequencies, excessive

aTA reduces f0 due to increased vocal fold mass participation. The MAPs also

reveal regions of balanced CT–TA coordination where stable f0 is maintained

despite changes in subglottal pressure or vocal tract configuration. These trends

illustrate how MAPs can serve as a predictive atlas of neuromuscular strategies
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for controlling pitch in both physiological and pathological conditions.

2.6 Chapter Conclusion

This chapter presented a comprehensive review of the experimental and theo-

retical approaches that have been developed to study laryngeal muscle activation.

First, the physiological basis of motor units and their recruitment was discussed,

highlighting how classical models, such as those by Fuglevand and later exten-

sions, provide the link between neural drive, firing rate, and force generation.

These frameworks are essential for interpreting EMG signals and form the founda-

tion for integrating experimental measurements with computational descriptions

of muscle activation. Special attention was given to the CT and TA muscles, given

their central role in controlling vocal fold length and tension.

The analysis of laryngeal muscle function using iEMG has been fundamental

for understanding motor unit behavior and the coordination of intrinsic muscles

during phonation. Studies in both animals and humans have clarified recruitment

patterns, firing rates, and their relationship to vocal fold kinematics. Despite its

value as a gold standard, iEMG remains invasive, requires specialized expertise,

and is limited in duration and subject comfort. These constraints motivated the

development of less invasive techniques, while iEMG continues to provide the

reference necessary for validating new approaches.
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sEMG has offered a more accessible method for evaluating laryngeal mus-

cle activity, particularly in the context of hyperfunction and clinical monitoring.

However, traditional electrodes present significant challenges, including cross-talk,

low spatial specificity, and filtering effects due to electrode size and placement.

To overcome these limitations, HDsEMG emerged as a promising alternative. By

using grids of small electrodes, HDsEMG improves spatial resolution and allows

decomposition of motor unit activity. Initial applications in the larynx demon-

strated its feasibility, although decomposition remains challenging compared to

larger limb muscles. Nonetheless, HDsEMG provides a pathway toward non-

invasive estimation of motor unit firing patterns.

In parallel, several computational methods have been proposed for estimating

intramuscular activity from non-invasive signals. These include inverse modeling

frameworks, such as finite element representations of motor unit potentials, spatial

decomposition methods, graph-based approaches, and multimodal strategies that

incorporate ultrasound. Although heterogeneous, these approaches share the ob-

jective of capturing the spatial distribution and recruitment of motor units with

improved accuracy. Their application to laryngeal physiology is still emerging,

but they illustrate the broader scientific effort to bridge invasive and non-invasive

measurements of muscle activation.

Finally, low-order voice production models were reviewed, including the BCM

and the TBCM. These models link muscle activation to vocal fold posturing and
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dynamics, enabling the generation of MAPs that describe the interplay between

CT and TA activity in controlling fo and glottal closure. More recent develop-

ments extended these models to incorporate all five intrinsic laryngeal muscles

and posterior glottal openings, enhancing physiological realism. When combined

with experimental EMG data, such models provide a powerful framework for

interpreting how muscle activity translates into acoustic output. Overall, this

chapter establishes the rationale for the use of HDsEMG decomposition and voice

models as complementary tools in estimating intrinsic laryngeal activation, which

constitutes the central aim of this thesis.
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3 Physiological of Muscle Acti-

vation and recording intramus-

cular EMG

This chapter presents an experimental framework that establishes a reference

dataset of laryngeal electromyographic activity, serving as the physiological foun-

dation for the subsequent analyses of this thesis. Specifically, it introduces an

acoustic-based normalization strategy that provides the gold-standard data re-

quired for validating computational models and data-driven methods aimed at es-

timating ILM activation from surface EMG decomposition. The study focuses on

synchronized recordings of iEMG and acoustic signals during controlled phonatory

tasks that vary fo and SPL. These experimental data allow a detailed character-

ization of the coupling between laryngeal muscle activation and acoustic output,

highlighting how ILMs such as the CT, TA, and LCA coordinate to control pitch

and intensity. However, the inherent sensitivity of EMG amplitude to electrode

placement, impedance, and intersubject differences restricts cross-session or cross-

speaker comparisons. To address this limitation, the normalization method cali-

brates EMG activity relative to acoustic target defined by fixed combinations of fo

and SPL, generating MAPs that enhance the interpretability and consistency of
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EMG measurements. The work described in this section was published in Journal

of Voice under the title “Toward Acoustic-Based Normalization of Laryngeal EMG

for Improved Interspeaker Consistency in Muscle-to-Acoustic Mapping” (Mart́ınez

et al., 2025).

3.1 Laboratory recordings and task protocol

The intramuscular recordings were conducted with a 71-year-old male partici-

pant who was healthy and had no history of dysphonia or laryngeal abnormalities.

The participant, a professional voice user, provided informed consent prior to the

study. All experimental procedures were reviewed and approved by the Mas-

sachusetts General Hospital Institutional Review Board (Protocol 2008P000652).

Before electrode insertion, I dedicated a training session to guide him through the

phonatory tasks included in the protocol, ensuring consistent performance during

data collection.

The experimental design consisted of four recording sessions plus a prior pilot

session, each including three sets of phonatory tasks, as well as non-phonatory

and combined tasks. The tasks were selected based on previous literature for

their ability to elicit specific activation patterns of the ILM. The first set con-

sisted of sustained vowel productions (/a/ and /i/) of approximately five seconds

under different pitch and loudness conditions. These tasks were used to evaluate
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Table 3.1: Experimental protocol. The phonatory tasks are categorized into three sets:

sustained vowels, pitch glides, and repeated syllable tasks, with variations in pitch and

loudness conditions indicated. Non-phonatory and combined tasks are also listed.

Category Task Pitch Loudness

Phonatory Set 1 Sustained vowels /a/, /i/ Low, Habitual, High Comfortable

Habitual Soft, Comfortable, Loud

Phonatory Set 2 Pitch glides on /a/, /i/ Ascending, Descending Comfortable

Phonatory Set 3 Repeated syllables /pae/, /pi/ Low, Habitual, High Loud to Soft

Non-Phonatory Cough, Swallow, Throat clear, Chin tuck

Combined Vowel + Valsalva maneuver Habitual Very Loud

steady-state activation across various acoustic conditions [37]. The second set in-

cluded ascending and descending pitch glides on the same vowels at a comfortable

loudness level, with the aim of eliciting a broad range of CT muscle activation

[40, 41, 81, 8]. The third set involved repeated production of syllables (/pae/,

/pi/) at low, habitual, and high pitch levels, performed either at a constant vol-

ume or with a gradual decrease from loud to soft, which elicited activation of the

TA and LCA muscles [82]. In addition, non-phonatory gestures such as coughing,

swallowing, throat clearing, and chin retraction were recorded to capture maximal

muscular activation. A combined task was also included, consisting of vowel pro-

duction during a Valsalva maneuver at habitual pitch and very high loudness, with

the purpose of eliciting near-maximal ILM activity for reference normalization [7].
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A summary of all task conditions is presented in Table 3.1.

3.1.1 EMG Data Acquisition Protocol

Recordings were obtained from three ILMs: the CT, TA, and LCA muscles.

Bipolar hooked-wire electrode pairs were inserted following standard anatomical

guidelines [83]. In some sessions, two pairs were inserted into the same muscle

to evaluate spatial differences in activation, labeled as TA1–TA2 or LCA1–LCA2.

Sterile, disposable hooked wires (44-gauge, enamel-insulated stainless steel with 2

mm of exposed tips) were inserted using a 27-gauge, 30 mm carrier needle through

the cricothyroid gap. For the CT, the needle was introduced approximately 5 mm

lateral to the midline and angled 50° from the sagittal plane to a depth of 15 mm.

For the TA and LCA, insertions were performed at the midline, angled 30° from

the sagittal plane, passing laterally beneath the cricothyroid membrane to depths

of approximately 20 and 26 mm, respectively [39, 6]. These trajectories allowed

for accurate targeting of the muscles while avoiding airway penetration.

Verification gestures were used to confirm electrode placement based on char-

acteristic activation patterns. The CT showed increased activity during high-pitch

phonation and minimal activity during low pitch or swallowing, confirming the

absence of strap muscle contamination. The TA and LCA demonstrated strong

burst activity at phonation onset [38], with the TA exhibiting sustained acti-

vation during glottal closure. These signal-based criteria were used to validate
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co-localization and signal quality.

Table 3.2: Recorded ILM by session, grouped by VF laterality (left and right). For

sessions where the same muscle was recorded with two bipolar electrode pairs, the

placements are differentiated by numbers (e.g., TA1 and TA2).

Session Left Side Muscles Right Side Muscles

1 CT CT, TA, LCA

2 CT, TA1, TA2, LCA CT, TA1, TA2

3 CT, TA1, TA2, LCA1, LCA2 CT, TA, LCA

4 CT1, CT2, TA, LCA CT1, CT2, TA

Note: CT = cricothyroid; TA = thyroarytenoid; LCA = lateral cricoarytenoid.

Muscle activity was recorded using an eight-channel EMG system (Bagnoli,

Delsys Inc., Natick, MA) equipped with miniature expansion springs to support

the fine wires. A 2.5-inch ground electrode was placed on the dorsal neck near

the C6–C7 vertebrae. The system band-pass filtered the differential EMG signals

between 20–450 Hz, applied a 1000× amplification, and digitized the signals at

20 kHz (Digidata® 1440, Molecular Devices, San Jose, CA). Simultaneous acous-

tic recordings were obtained using an omnidirectional microphone (Sennheiser

MKE104) positioned 15 cm from the lips of the participant. Both EMG and

acoustic signals were synchronized and calibrated to physical units: sound pres-

sure in pascals (Pa) for the microphone and voltage (V) for the EMG signals.
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3.2 Signal Processing for Acoustic and EMG Fea-

tures

3.2.1 Acoustic-based Features

Both SPL and fo were computed from 50 ms analysis windows of the calibrated

acoustic signal, with a 25 ms overlap between consecutive frames. SPL was derived

from the root mean square value of each windowed segment of the microphone

signal, recorded at a distance of 15 cm from the lips [84]. The f0 was extracted

using the pitch function in MATLAB, applying the Log-Harmonic Summation

(LHS) method [85].

3.2.2 EMG Signal Processing and Electrode Identification

The raw EMG signals were first high-pass filtered using a fourth-order But-

terworth filter (10 Hz) [14]. The filtered signals were then full-wave rectified and

subsequently low-pass filtered at 8 Hz to obtain the amplitude envelope, as de-

scribed in [39].The resulting envelope was segmented into 50 ms windows with

25 ms overlap, and the mean EMG amplitude was extracted from each segment.

These segments were then synchronized with the corresponding acoustic windows,

producing time-aligned EMG–acoustic segments.

58



To identify electrode pairs likely inserted into the same muscle, cross-correlation

was applied to the raw EMG signals under the assumption that high temporal

similarity indicates spatial proximity and potential crosstalk between nearby chan-

nels [86, 87]. A cross-correlation threshold of 0.5 was used to infer co-localization

within the same muscle. Additionally, Pearson correlation coefficients (r) were

calculated between all pairs of EMG envelopes. A strong negative correlation

with CT activation (r < –0.5) was used to help differentiate TA muscle, based on

their known antagonistic roles during pitch modulation [81, 43]. For LCA iden-

tification, envelope-based correlation was insufficient. Consequently, qualitative

inspection of EMG envelopes was performed during tasks with stable adductory

demand—specifically, /pae/ descending and /ifi/. Channels exhibiting sustained

envelope amplitude with limited modulation across these tasks were considered

representative of LCA activity.

3.3 Normalization procedure

3.3.1 Correlation-Based Channel Selection

Channel selection was guided by both cross-correlation of raw EMG signals

and Pearson correlation coefficients of EMG envelopes, in accordance with the

thresholds defined in the EMG signal processing methodology (Section 3.2.2). The

resulting correlation heatmaps are presented in Figure 3.1.In the top row, cross-
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correlation matrices computed from raw EMG signals revealed spatial patterns

that were consistent across all tasks within each session. Most channel pairs ex-

hibited low correlation (r > 0.1), indicating substantial functional independence.

However, electrode pairs with correlation values exceeding 0.5 were interpreted

as co-localized within the same muscle, reflecting spatial proximity and potential

crosstalk [87, 86].
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Figure 3.1: Comparative bar plot of mean maximal CT, TA and LCA muscle activation

values from EMG signal envelope data. The results of each session per phonatory and

non-phonatory task (Valsalva and swallow) are shown.

The bottom row displays r-value matrices derived from EMG envelopes recorded

during pitch glide descending tasks across all sessions, capturing co-activation pat-

terns. A consistent strong negative correlation (r < −0.5) was observed between

CT and TA in some electrode pairs during descending glides, reflecting their well-

established biomechanical antagonism in pitch modulation. This behavior was

used to distinguish TA from LCA electrodes.
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Based on spatial and functional correlation patterns, one representative CT,

TA, and LCA channel triplet was selected per session: rCT-rTA-rLCA (Session

1), lCT-lTA1-lLCA (Session 2), lCT-rTA-lLCA2 (Session 3), and lCT1-rCT2-lTA

(Session 4).

The normalization procedure used in this study was grounded in the princi-

ples of submaximal task-based normalization [88, 89, 10], based on acoustic tar-

gets (fo and SPL). This approach has been proposed as an alternative to MVIC

techniques for dynamic and task-specific EMG applications, particularly to re-

duce intrasubject variability. Given that each acoustic target may be associated

with different levels of EMG activation, due to varying combinations of subglottal

pressure and co-activation of other ILM, normalization was performed by group-

ing EMG–acoustic segments into non-overlapping 1 Hz bins for fo (CT) and 1

dB bins for SPL (TA and LCA). Within each bin, the maximum EMG ampli-

tude was extracted to represent a pattern of peak EMG amplitudes across the

acoustic range. The corresponding EMG normalization value was obtained by

linearly interpolating between these peak values and the acoustic target. To this

end, phonatory tasks that elicited the highest activation levels were used for each

muscle.

For the CT muscle, maximum activation was associated with pitch glide tasks

from Phonatory Set 2 [40, 81, 8, 43], which typically produce the highest fo values.

In contrast, for the TA and LCA muscles, both involved in glottal adduction and
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Ps regulation, maximum activation was associated with high SPL values [37, 42],

which are generally achieved during high-intensity productions such as increasing

the loudness of /pae/ gestures performed in Phonatory Set 3 [82]. Only phonatory

gestures involving vocal fold vibration were considered, as these tasks are directly

related to voiced sound production and better reflect the functional role of ILM

during speech.

For comparison purposes, a traditional normalization approach was also im-

plemented. In this method, the EMG signal of each muscle was normalized by

dividing it by the maximum amplitude observed within the session, regardless of

the task. The peak value was selected from the highest activation measured across

all available tasks, including both phonatory and non-phonatory conditions, such

as swallowing and Valsalva maneuvers, performed during that session [39, 81, 41].

To ensure the reliability of the extracted measures, the raw EMG signals were

manually reviewed to confirm that the selected maximum values were not af-

fected by non-EMG events, such as motion artifacts. When such artifacts were

identified within a trial, that specific trial was excluded from the normalization

process, while retaining the remaining repetitions of the corresponding task. Both

approaches were applied in parallel to compare proposed normalization outcomes

in downstream analyses, as shown in the Results section.
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3.3.2 Muscle–Acoustic Mapping Consistency Across Ses-

sions

To assess the repeatability of muscle–acoustic relationships across sessions,

MAPs were generated using normalized EMG activation values and interpolated

acoustic features [90, 80]. Each MAP represents a two-dimensional grid of acti-

vation for two muscles being compared, with color-coded values indicating either

fo or SPL. Three configurations were analyzed: (1) CT vs. TA with fo, (2) CT

vs. TA with SPL, and (3) LCA vs. CT with fo. MAPs were computed in-

dependently for each session and for both normalization strategies (traditional

and proposed). To enable cross-session comparison, a shared activation region

was identified within each configuration. Each session was treated as a repeated

measure, yielding four values per grid point in the overlapping region. MAPs

offer a structured and interpretable framework for evaluating whether normal-

ization strategies preserve consistent and meaningful activation–acoustic relation-

ships across sessions.

To evaluate intrasubject variability, pairwise comparisons were performed across

all combinations of the four recording sessions (i.e., S1–S2, S1–S3, ..., S3–S4),

resulting in six session pairs. For each pair, acoustic values (fo or SPL) were

extracted from the common MAP region and compared using Pearson correlation

(r), MAE, and RMSE. In addition, global consistency across all sessions was as-
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sessed using intraclass correlation coefficient (ICC, model 2,1) and coefficient of

variation (CoV).

3.4 Results

3.4.1 Acoustic-Based EMG Normalization

Figure 3.2 shows the average peak EMG amplitudes of the CT, TA, and

LCA muscles across four recording sessions during a set of phonatory and non-

phonatory tasks. Under the conventional normalization scheme, the task eliciting

the maximum EMG amplitude was selected as the reference for each muscle. For

the CT muscle, this reference corresponded to the pitch glide task (Phonatory

Set 2), which consistently produced strong activation across sessions. In contrast,

the highest EMG amplitudes for the TA and LCA muscles were observed during

non-phonatory gestures, mainly coughing and swallowing.

In contrast, the normalization strategy proposed in this thesis was based ex-

clusively on phonatory tasks. The pitch glide task was selected as the reference

condition for the CT muscle, while descending loudness productions of the /pae/

syllable at low and high pitch (Phonatory Set 3) were used as reference tasks for

the TA and LCA muscles, respectively. These reference conditions are illustrated

in Figure 3.3. The upper panels show scatterplots describing the relationship

between EMG activation and acoustic parameters, with CT activation plotted
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Figure 3.2: Comparative bar plot of mean maximal CT, TA and LCA muscle activation

values from EMG signal envelope data. The results of each session per phonatory and

non-phonatory task (Valsalva and swallow) are shown.

against f0 in the first column and TA and LCA activation plotted against SPL

in the second and third columns, respectively. The lower panels present discrete

peak EMG profiles obtained by grouping EMG–acoustic data into 1 Hz bins for

the CT muscle and 1 dB bins for the TA and LCA muscles, as described in the

Methods section.

For the CT muscle, EMG amplitude increased systematically with f0 across
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all sessions, following an approximately linear relationship up to 200 Hz. Beyond

this range, a transient reduction in activation was observed, potentially associated

with a register transition, followed by a renewed increase at higher f0 values. This

behavior suggests a non-linear activation pattern with progressive recruitment at

higher frequencies. For the TA muscle, EMG amplitude increased moderately

but consistently with SPL across sessions, indicating a stable association between

vocal intensity and TA activation. In contrast, the LCA muscle did not show

a consistent trend with SPL; instead, intermittent activation peaks appeared at

both low and high SPL values, with variable magnitude and occurrence across

sessions.

Based on these results, interpolated EMG amplitudes corresponding to subject-

specific acoustic reference points were identified for normalization across the four

sessions. As indicated by the dashed horizontal lines in the lower panels of Fig-

ure 3.3, the acoustic reference targets were set to 350 Hz for the CT muscle and

90 dB SPL for the TA and LCA muscles. These values were selected because they

corresponded to submaximal conditions consistently achieved across all sessions

and are commonly used as reference maxima in computational voice models. A

linear interpolation approach was adopted as a practical approximation, assum-

ing smooth variations in EMG amplitude over small acoustic ranges. Although

non-linear relationships may be present, the linear approach was chosen for its

simplicity and reproducibility.
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Although acoustic targets such as f0 = 350 Hz and SPL = 90 dB may vary

across individuals, the task-specific relationships underlying muscle activation are

expected to remain comparable due to shared biomechanical constraints. There-

fore, submaximal acoustic targets can be adapted to different subject populations

while maintaining the robustness of the normalization procedure.

SPL (dB) SPL (dB)

CT vs TA vs SPL LCA vs SPL

90
 d

B

Figure 3.3: (Top row) Scatterplots showing CT activation as a function of fo, and TA

and LCA activation as a function of SPL, obtained from pitch and loudness variation

tasks across the four recording sessions. (Bottom row) Maximum activation values

per 1 Hz (for fo) and 1 dB (for SPL) bin. Horizontal lines indicate the interpolated

normalization values used for each session: 350 Hz for CT, and 90 dB SPL for TA and

LCA.
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3.4.2 Normalization Effects on CT and TA with Acoustic

Mapping

Figure 3.4 presents MAPs of fo as a function of normalized CT and TA activa-

tion across four recording sessions. The data were derived from tasks involving the

vowel /a/—both sustained productions and pitch glides from Phonatory Sets 1

and 2—as well as /pae/ productions with descending loudness from Phonatory

Set 3. The MAPs on the left were generated using the traditional normalization

approach, whereas those on the right were obtained using the proposed method.

As shown in Figure 3.4b, higher fo values (250–350 Hz) were primarily dis-

tributed in the upper-left quadrant, corresponding to strong CT activation levels

(> 0.6) and moderate-to-low TA activation (< 0.5). These results align with pre-

vious in vivo observations in the canine larynx [35, 33]. Conversely, lower fo values

(50–150 Hz) were concentrated in the lower-left and lower-right quadrants, while

the upper-right quadrant—where both CT and TA activation were high—was

associated with intermediate fo values (150–250 Hz). These outcomes are consis-

tent with predictions from computational models of phonation [91, 92, 90]. The

upper-right region was reached during conditions demanding higher vocal inten-

sity, particularly during /pae/ descending tasks, where simultaneous activation

of CT and TA was observed. In contrast, in the lower portion of the MAPs,

increasing TA activation under low CT conditions did not substantially affect fo.
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Despite minor inter-session variations, such as slightly increased TA activa-

tion at higher fo in Session 2, the overall spatial organization of MAPs remained

consistent across sessions when using the proposed normalization procedure. In

contrast, MAPs generated with the traditional normalization (Figure 3.4a) exhib-

ited greater variability, with inconsistent quadrant-level distributions and reduced

agreement across sessions.
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Figure 3.4: MAPs with fo showing the relationship between normalized CT and TA

muscle activation for each of the four sessions. Data points were collected from all tasks

involving the vowel /a/, including sustained vowels and pitch glides, as well as the /pae/

task. The x-axis represents TA activation, while the y-axis shows CT activation, with

colors indicating fo in Hz (iso-contours indicated for fo).

These observations were supported by quantitative results summarized in Ta-

ble 3.3, showing a clear improvement in inter-session consistency. The mean
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Table 3.3: Comparison between the traditional and the new proposed normalization in

terms of r-value, MAE, RMSE, ICC and CV between fo sessions.

Sessions Traditional Normalization New Normalization

(r) MAE (Hz) RMSE (Hz) (r) MAE (Hz) RMSE (Hz)

S1 S2 0.87 59.21 75.13 0.88 17.07 25.06

S1 S3 0.77 94.04 131.84 0.85 21.86 27.19

S1 S4 0.89 61.81 88.21 0.91 17.20 22.33

S2 S3 0.49 111.24 156.77 0.83 23.63 33.13

S2 S4 0.82 44.31 67.11 0.88 20.44 26.58

S3 S4 0.53 53.02 74.22 0.84 19.18 25.58

Mean value 0.73 70.60 98.88 0.87 19.23 26.98

ICC(2,1) 0.52 – – 0.83 – –

CV medio (%) 44.62 – – 15.48 – –

Pearson correlation coefficient (r) increased from 0.73 to 0.87 using the proposed

normalization. The MAE decreased by approximately 73% (from 70.60 Hz to

19.23 Hz), and the RMSE dropped by nearly 72% (from 98.88 Hz to 26.98 Hz).

Additionally, the coefficient of variation (CV) was reduced from 44.62% to 15.48%,

while the intraclass correlation coefficient [ICC(2,1)] improved from 0.52 to 0.83,

indicating a substantial increase in both accuracy and reliability of the normalized

data across sessions.

Figure 3.5 displays the corresponding MAPs of SPL as a function of normalized

CT and TA activation across the four sessions, based on the same data presented

in Figure 3.4. The left plots correspond to the traditional normalization, whereas
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the right plots illustrate the proposed approach. Although the proposed normal-

ization reduced intrasubject variability, the SPL-based maps exhibited less defined

spatial patterns compared to the CT–TA–fo maps. SPL values above 90 dB were

generally located in regions where both CT and TA activation reached moderate to

high levels, while values below 85 dB consistently appeared in the lower-left quad-

rant, corresponding to low activation of both muscles. In contrast, the traditional

normalization displayed greater variability and less stable contour distributions,

particularly in regions characterized by elevated TA activation.
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Figure 3.5: MAPs with SPL showing the relationship between normalized CT and TA

muscle activation for each of the four sessions. Data points were collected from all tasks

involving the vowel /a/, including sustained vowels and pitch glides, as well as the /pae/

task. The x-axis represents TA activation, while the y-axis shows CT activation, with

colors indicating SPL in dB (iso-contours indicated for SPL).
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As shown in Table 3.4 the mean r increased from 0.52 to 0.73. Mean MAE

was reduced by 55% (from 8.20 dB to 3.66 dB), and RMSE decreased by over 58%

(from 10.68 dB to 4.47 dB). The coefficient of variation dropped from 41.45% to

19.62%, representing a 52.7% reduction, and ICC(2,1) improved from 0.51 to 0.76.

Table 3.4: Comparison between the traditional and the proposed normalization in terms

of r-value, MAE, RMSE, ICC, and CV for SPL across sessions.

Sessions Traditional Normalization Proposed Normalization

(r) MAE (dB) RMSE (dB) (r) MAE (dB) RMSE (dB)

S1 S2 0.77 5.79 7.33 0.85 3.96 4.69

S1 S3 0.48 8.54 10.42 0.75 4.03 4.84

S1 S4 0.58 7.81 9.62 0.72 3.14 3.70

S2 S3 0.10 13.46 17.11 0.54 4.52 5.65

S2 S4 0.30 9.97 12.82 0.60 3.78 4.71

S3 S4 0.89 3.63 4.77 0.93 2.51 3.22

Mean 0.52 8.20 10.68 0.73 3.66 4.47

ICC(2,1) 0.51 – – 0.76 – –

CV (%) 41.45 – – 19.62 – –

Figure 3.6 shows the f0 maps obtained after applying the same normaliza-

tion method to three additional participants, including two males and one female,

following the same recording protocol. All maps were computed from a single

session per subject and include data from identical phonatory tasks. After nor-

malization, a similar f0 value of approximately 150 Hz is consistently observed

around a normalized activation level of 0.4 across all participants, suggesting that
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NM001 NM002

NM003 NM004

Figure 3.6: Maps of f0 showing the relationship between normalized CT and TA muscle

activation for each of the four participants. Each panel corresponds to a different sub-

ject (NM001–NM004), computed from a single recording session per subject using the

proposed normalization framework. Data points were collected from all tasks involving

the vowel /a/, including sustained vowels and pitch glides, as well as the /pae/ task.

The x-axis represents TA activation, while the y-axis shows CT activation, with colors

indicating f0 in Hz (iso-f0 contours are shown).

the proposed normalization framework yields comparable activation–acoustic re-

lationships across subjects. However, the female participant exhibits a markedly

different activation pattern, which may indicate a suboptimal placement of the in-

tramuscular electrode, potentially positioned closer to the CT muscle rather than

the TA, thus biasing the observed activation trend.
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3.5 Chapter Conclusions

This chapter presented the development and validation of an acoustic-based

normalization framework designed to reduce inter-session variability and improve

intermuscular consistency in EMG recordings of intrinsic laryngeal muscles. The

proposed method aligned EMG amplitudes with subject-specific acoustic refer-

ences of f0 and SPL, allowing a physiologically meaningful comparison across

sessions and muscles.

The results demonstrated that normalization using acoustic targets signifi-

cantly enhanced the stability and repeatability of MAPs, particularly for the CT

and TA muscles, achieving higher correlation and lower error metrics compared

with traditional normalization. The proposed framework also provided robust

representations of f0 and SPL distributions across muscle activations, consistent

with prior physiological and computational findings.

The next chapter builds upon these results by applying decomposition algo-

rithms to HDsEMG signals to extract motor unit activity and explore their spatial

and temporal characteristics in the estimation of intrinsic laryngeal muscle acti-

vation.
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4 HDsEMG signals Decomposi-

tion Method

This chapter presents the complete methodological framework developed in

this thesis for estimating the intrinsic activation of the CT muscle from HDsEMG

recordings. Building upon the iEMG analyses and physiological characterization

introduced in the previous chapter, the focus is shifted toward non-invasive estima-

tion strategies capable of capturing both the temporal and spatial organization of

CT motor unit activity. To this end, a multi-stage processing pipeline is proposed,

integrating HDsEMG signal preprocessing, blind source separation–based motor

unit decomposition, and reconstruction of MUAP spatial distributions. Given the

lack of a direct ground truth for surface-based decomposition, a two-source valida-

tion experiment is first introduced to assess the extent to which intramuscular CT

activity can be detected and reliably represented at the surface level. Following

this validation stage, a spatial processing framework is developed to characterize

the distribution of identified motor units within the muscle, including the esti-

mation of their center of gravity and relative depth beneath the electrode grid.

These spatial descriptors are subsequently used to separate motor units into su-

perficial and deep activation regions, enabling the estimation of cluster-specific

CSTs as representations of collective neural drive. Finally, the resulting CSTs
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are quantitatively compared with the iEMG envelope using correlation, error,

and coherence metrics, allowing the assessment of temporal agreement, amplitude

discrepancies, and shared synaptic input between invasive and non-invasive mea-

surements. Together, the methods presented in this chapter establish a validated

and physiologically informed framework for extracting CT muscle activation from

HDsEMG signals, providing a critical foundation for the modeling and neural

network–based estimation strategies explored in the following chapter.

4.1 Laboratory Recordings

The iEMG and HDsEMG values were recorded in vivo at the Voice Produc-

tion Laboratory (VPLab) of the Advanced Center for Electrical and Electronic

Engineering (AC3E) under controlled acoustic and electromagnetic conditions.

Thirteen participants (ten males and three females; mean age 32 years, SD = 8.0

years) with no history of voice disorders took part in the study. All subjects were

evaluated by a certified speech-language pathologist prior to data collection to

confirm normal phonatory status and provided written informed consent accord-

ing to the ethical protocols approved by the Universidad de Valparáıso (CEC-UV

273-23). Participants exhibited low levels of subcutaneous fat in the neck region,

a selection criterion intended to minimize attenuation of intramuscular potentials

from the CT muscle. Each participant underwent preliminary training sessions
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to ensure consistent task performance during data acquisition. The experimental

setup included simultaneous recordings of iEMG from the CT muscle, HDsEMG

and a recording of acoustic pressure.

Mic

64 channel – IED 4mm

Quattrocento
𝑓𝑓𝑠𝑠 = 10,240 𝐻𝐻𝐻𝐻

DAQ 
𝑓𝑓𝑠𝑠 = 20,000 𝐻𝐻𝐻𝐻

Sync module

Hook wire 25 gauge

Figure 4.1: Experimental setup for simultaneous recordings of iEMG, HDsEMG, and

acoustic signals. The hooked-wire electrode was inserted into the CT muscle and con-

nected to the Quattrocento system (10,240 Hz), while the HDsEMG grid was placed on

the laryngeal surface. A condenser microphone (20 kHz) recorded the acoustic signal.

Both EMG and acoustic systems were synchronized using a SyncSE module and a Na-

tional Instruments DAQ device.

iEMG and HDsEMG signals were acquired using a Quattrocento system (OT

Bioelettronica, Italy). Pre-sterilized disposable hooked-wire electrode pairs were
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inserted into the CT muscle by a neurologist specialized in laryngeal procedures,

using a 27-gauge, 30 mm-long hypodermic carrier needle (221-28SS-730, Rhythm-

link International LLC). The stainless-steel, enamel-insulated wires were 44-gauge

(0.002” diameter) with approximately 2 mm of exposed metal at the bent-over

(hooked) ends extending 2–6 mm from the carrier needle.

The neurologist inserted the carrier needle through the anterior neck skin into

the cricothyroid space. Targeting the CT muscle, the needle was inserted approx-

imately 5 mm lateral to the midline at an angle of about 50° from the sagittal

plane, to a depth of roughly 10 mm [39, 6]. Prior to insertion, the skin sur-

face was prepared with an abrasive solution followed by alcohol cleaning to re-

duce impedance. During insertion, the iEMG signal was reproduced in real time

through a loudspeaker, allowing the neurologist to audibly verify whether the nee-

dle was positioned within muscle tissue, fatty tissue, or near the innervation zone.

Additional validation was performed by monitoring the signal response during

tasks that selectively engage the CT muscle (e.g., sustained vowels at high and

low pitch).

After confirming correct iEMG placement, a 64-channel HDsEMG electrode

grid with 4 mm inter-electrode distance (IED) was positioned over the laryngeal

region as determined by the neurologist, ensuring alignment with the surface pro-

jection of the CT muscle and avoiding interference with the hooked-wire leads.

The HDsEMG preamplifier and Quattrocento amplifier were connected to sepa-
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rate ground references: one placed on the clavicle and another on the shoulder.

Baseline noise levels were verified to remain within 10–20 µV RMS prior to record-

ing.

Table 4.1: Experimental protocol. The phonatory tasks are categorized into three sets:

sustained vowels, pitch glides, and repeated syllable tasks, with variations in pitch and

loudness conditions indicated. Non-phonatory and combined tasks are also listed.

Category Task Pitch Loudness

Phonatory Set 1 Sustained vowels /a/, /i/ Low, Habitual, High Comfortable

Habitual Soft, Loud

Phonatory Set 2 Pitch glides on /a/, /i/ Ascending, Descending Comfortable

Phonatory Set 3 Repeated /pae/ Low, Habitual, High Loud to Soft

Non-Phonatory Cough, Swallow, Throat clear

In addition, the simultaneous recording of acoustic pressure was incorporated

using a condenser microphone (MKE104, Sennheiser Electronic GmbH, Wede-

mark, Germany) placed 10 cm from the lips, with full bandwidth in the 0–6 kHz

range and connected to a DAQ system (NI Compact DAQ, National Instrument).

Both the acoustic and EMG systems were synchronized using a SyncSE device

(OT Bioelettronica), which generated a 5 V, 10 ms square TTL pulse serving as

a trigger to temporally align the onset of both acquisition systems (Figure 4.1).
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Following instrumentation, participants performed a series of phonatory tasks,

including sustained vowels (/a/ and /i/) at different pitch and loudness levels,

pitch glides, and /pae/ sequences with descending intensity, as defined in Ta-

ble 4.1. Each task was repeated across multiple trials to ensure signal stability

and reproducibility. All signals were continuously monitored to confirm data qual-

ity and to minimize movement artifacts during acquisition.

4.2 Proposal scheme for activation estimation

from HDsEMG

Figure 4.2 presents the general framework proposed to estimate the intrinsic

activity of the CT muscle from HDsEMG signals. The framework integrates de-

composition and spatial analysis methods to infer the activation and distribution

of motor units, similar to the methodologies described in [93, 94, 95, 96, 97].

The first two blocks correspond to preprocessing and removal of electrocar-

diographic (EKG) artifacts, aimed at filtering and improving the signal-to-noise

ratio. The filtered signals were extended and whitened to decorrelate the channels

and enhance spatial independence between sources, a necessary step prior to blind

source separation. The EMG decomposition stage was performed using the Fas-

tICA method, which relies on a fixed-point algorithm to estimate individual MU

spike trains, as described by Farina and Negro [93]. After decomposition, a fil-
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tering process was conducted in which each identified MU was evaluated through

metrics such as the coefficient of variation (CoV) and the decomposition index

(DI), retaining only physiologically reliable motor units [98].

Decomposition 

(FastICA)

Calculation of 

CoG point

Calculation of 

depth

Clustering 

K-means
Calculation of 

CST

Pre-procesing 
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whitenet signals

HDsEMG 

Recording

Individual muscle drive
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Pre-procesing 
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Figure 4.2: Proposed scheme and HDsEMG signal processing. The input of the method

was HDsEMG and the output (activity and individual muscle impulse) was compared

with the iEMG standard.

Following this filtering stage, the spike-triggered averaging (STA) method [99,

98, 100] was applied to reconstruct the spatial distribution of each MUAP across

the electrode grid. From these maps, the center of gravity (CoG) of each MUAP

was computed to determine its spatial position within the muscle area [101], while

an exponential attenuation model was applied to infer its relative depth beneath

the electrode matrix [102]. Once both spatial position and estimated depth were
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obtained for each MU, three-dimensional plots were generated to visualize their

distribution. A k-means clustering algorithm was then applied to group motor

units with similar spatial characteristics, allowing separation between superficial

and deep activation regions. Finally, for each group, a CST was computed to

represent the overall neural activation of each MU cluster [103, 104, 95, 105].

Simultaneously, a two-source validation experiment was conducted to identify

motor units detected both at the surface and intramuscularly, allowing verifica-

tion that part of the surface information originated from the same intramuscular

sources[93, 106, 107]. The cluster containing these common MUs was identi-

fied, and its corresponding CST was compared with the envelope signal obtained

from the iEMG reference. Finally, the Pearson correlation coefficient, RMSE, and

coherence metrics were computed to quantitatively compare the CT activation

estimated from surface data with the iEMG gold-standard recordings.

4.2.1 Processing Signals

The acoustic signals were sampled at 20 kHz / 16 bits , low-pass filtered with

an 8 kHz cutoff frequency, and calibrated in physical units [108]. Both SPL and

fo were computed from 50 ms analysis windows of the calibrated acoustic signal,

with a 25 ms overlap between consecutive frames. SPL was derived from the RMS

value of each segment of the microphone signal, recorded at a distance of 15 cm

from the lips [58]. The fo was extracted using the MATLAB pitch function,
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implementing the harmonic logarithmic summation (LHS) method [85].

The raw HDsEMG and iEMG signals were sampled at 10 kHz / 24 bits, cali-

brated in physical units, and synchronized with the acoustic signal using a SyncSE

device (OT Bioelettronica). The raw HDsEMG signal was first processed using a

fourth-order band-pass filter (20 - 400 Hz) [14].

Subsequently, an EKG artifact removal procedure was applied to the HDsEMG

signals. Due to the anatomical proximity between the laryngeal muscles and the

carotid artery, ECG contamination was frequently observed, particularly in the

low-frequency components of the EMG recordings. To mitigate this effect, an

approach combining low-pass filtering and median filtering (LPF+MF) was em-

ployed, as described in [109]. Although high-pass filtering (HPF) is commonly

used to remove the main ECG frequency components, which are typically con-

fined to the 1–30 Hz range [15], this procedure also removes relevant low-frequency

components of the EMG signal. Therefore, instead of blindly eliminating these

frequency components, the ECG signal was first estimated and subsequently sub-

tracted in the time domain. Specifically, the dominant ECG frequency compo-

nents (1–30 Hz) were tracked using a fourth-order elliptic IIR low-pass filter with

pass-band ripple and stop-band attenuation of 0.1 dB and –50 dB, respectively.

Filtering was performed in a forward–backward zero-phase manner to avoid phase

distortion associated with the non-linear phase response of IIR filters. Afterwards,

a temporal median filter with a 40 ms window was applied to further refine the
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estimation and extraction of the ECG patterns [109].

For the raw iEMG signals, full-wave rectification was applied and the signals

were low-pass filtered at 8 Hz to obtain the amplitude envelope, as described in

[39, 110]. The iEMG signals were normalized as described in Chapter 3.

4.2.2 EMG Decomposition Method

The EMG decomposition method consists of the identification of the firing

patterns of the motor units whose action potentials contribute to the recorded

signal from EMG and allows the study of the recruitment and firing trains of the

motor units [107, 111, 15].

For the decomposition of iEMG, which is single-channel, method described

by K. C. McGill [112, 113] is used. This approach combines template matching

with an optimization-based algorithm for resolving superimposed motor unit ac-

tion potentials. In this framework, the recorded EMG segment y is modeled as

the linear superposition of time-shifted MUAP templates,

y =
K∑
k=1

hk(τk) + n, (4.1)

where hk represents the MUAP template of the k-th motor unit, τk its discharge

time, and n additive noise.

Template matching is first used to identify recurrent MUAP waveforms and

their approximate occurrence times. When superpositions occur, the method
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formulates their resolution as an optimization problem, seeking the set of discharge

times that minimizes the squared reconstruction error,

E({τk}) = ∥y −
K∑
k=1

hk(τk)∥2. (4.2)

The optimal alignment is obtained using a branch-and-bound search strategy

combined with sub-sample temporal refinement through interpolation, allowing

accurate separation of overlapping MUAPs from iEMG[112].

However, for decomposition of HDsEMG it has the limitation of not be-

ing able to separate the action potentials of different motor units that overlap in

time. To overcome this, blind source separation (BSS) techniques have been de-

veloped [100], which estimate the underlying sources contributing to the observed

EMG by inverting a linear mixture model. Among these, the Fast Independent

Component Analysis (FastICA) with a fixed-point algorithm proposed by Negro

et al. [93] has demonstrated high robustness and computational efficiency. This

approach models the MU discharges as sparse, quasi-binary sources composed

of Dirac delta impulses, allowing reliable separation of motor unit activity (Fig-

ure 4.3).

First,the HDsEMG signals can be modeled as a convolutive mixture of MUAPs:

xi(k) =
L−1∑
l=0

n∑
j=1

hij(l)sj(k − l) + ni(k), (4.3)

where xi(k) is the signal recorded at the i-th channel, hij(l) represents the
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MUAP detected at the i-th electrode from the j-th motor unit, sj(k) is the spike

train of that unit, and ni(k) denotes additive noise. The decomposition process

aims to estimate both the source spike trains s(k) and their spatial filters hij(l)

from the recorded signals x(k).

Figure 4.3: Illustration of the decomposition process of HDsEMG. (a) sEMG are

recorded from the muscle with a multi-channel detection system. (b) Segment of 500ms

duration of bipolar EMG detected. (c) spatio-temporal representation of three repre-

sentative MUs. (d) Estimated discharge patterns for the three MUs. Figure extracted

from [114]

Next, the EMG signals were temporarily extended to increase the number of

effective channels. An extension factor of 1000 samples was used, following the
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configuration proposed by Negro et al. [93]. The extended signal matrix x̃(k) was

whitened to remove spatial correlations and equalize the variances across channels:

z(k) = Wx̃(k), (4.4)

where the whitening matrix W is computed as

W = UDγ
SU

T , with γ = −1/2, (4.5)

and U and DS are obtained from the eigenvalue decomposition of the covariance

matrix of the extended signals:

Rx̃x̃ = UDSU
T . (4.6)

After whitening, the independent components were estimated using the Fas-

tICA method. Each separation vector wi was updated iteratively by the fixed-

point rule:

wi(n) = E{zg[wi(n− 1)Tz]} − E{g′[wi(n− 1)Tz]}wi(n− 1), (4.7)

where g(·) is the contrast function, chosen here as logcosh(·), and g′(·) its deriva-

tive. Orthogonalization and normalization of wi were performed after each itera-

tion to ensure statistical independence among extracted sources. The algorithm

converged after 150 iterations, yielding the estimated sources. Each source esti-

mate was computed as:

ŝi(k) = wT
i z(k). (4.8)
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After source estimation, the discharge times of each potential MU were iden-

tified by detecting high-amplitude peaks in the source signal. A K-means++

clustering procedure was then applied to separate high-amplitude discharges (cor-

responding to stronger MUs) from lower-amplitude components (corresponding

to noise MUs). The separation vector wi was subsequently updated to minimize

the variability in the firing pattern of the detected unit. This iterative refinement

continued until the coefficient of variation of the discharge times reached a mini-

mum, indicating stable firing behavior. Once stability was achieved, the silhouette

index (SIL) was computed for each candidate unit to quantify clustering quality

and isolation. Units with SIL > 0.9 were retained as reliable sources and added

to the matrix of reliable UMs.

After decomposition, MUAP shapes were reconstructed using the STAmethod,

aligning signal segments within a 30 ms window (±15 ms around each discharge).

The averaged waveforms yielded a representative MUAP template for each unit.

For intramuscular EMG, a single template was obtained per unit, while in HD-

sEMG one averaged template per channel was generated, resulting in 64 spatially

distributed templates per identified motor unit. Following reconstruction, motor

units were evaluated using two metrics to ensure physiological reliability. First,

the CoV of inter-spike intervals was computed to quantify firing regularity:

CoV =
SDISI

meanISI

× 100%. (4.9)
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Units with CoV values exceeding 50% were discarded as unstable. Second, the DI

introduced by Florestal et al. [98] was used to estimate the difficulty of separating

each MU, defined as:

DIki =
min

(∥∥mki

∥∥, ∥∥mki −mk∗i
∥∥)

vRMS
i

(4.10)

where mki represents the MUAP template of the k-th MU in the i-th channel,

mk∗k,i the most similar MUAP or baseline noise, and V RMS
i the RMS of the cor-

responding EMG channel. The DI expresses the morphological distinctiveness of

a MUAP relative to the surrounding activity, normalized by background noise.

Units presenting low DI values (< 3 ), indicative of poor separability, were dis-

carded from subsequent analysis.

4.2.3 Two-Source Validation Method

A two-source validation experiment was conducted to assess whether part of

the intramuscular activity of the CT muscle can be detected at the surface or

is lost due to the superposition of neighboring muscles. This approach, widely

adopted in EMG decomposition studies [107, 115, 116, 117], is considered the only

sufficiently validated method to quantify decomposition accuracy in the absence

of a gold standard.

The method relies on the simultaneous decomposition of two EMG signals, an

iEMG and a HDsEMG, recorded from the same muscle region but using indepen-
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COV<50%

FastICA
Fixed Point

Figure 4.4: Representation of two-source decomposition method for validation

dent acquisition systems and decomposition algorithms. Agreement between the

discharge timings of both decompositions is used as a conservative indicator of

validity, since identical errors across independent recordings are highly improba-

ble. The degree of correspondence between spike trains was quantified using the

rate of agreement (RoA) metric [100], defined as:

RoA =
cj

cj + Aj +Bj

× 100%, (4.11)

where cj is the number of coincident discharges of the j-th motor unit detected

by both decompositions within a tolerance of ±1 ms, Aj the discharges identified

only in the surface recording, and Bj those detected only intramuscularly. Mo-

tor units were considered common if at least 25% of their discharges overlapped,

while units with inter-spike interval variability exceeding 65% were excluded. Fig-

ure 4.4 illustrates the two-source setup and decomposition framework, highlighting
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the independent processing of intramuscular and surface signals through distinct

algorithms, which strengthens the reliability of the cross-validation results.

4.2.4 Individual Muscle Drive

After validating the presence of simultaneous motor units using the two-source

method, a spatial framework was implemented to estimate the individual activa-

tion of the CT muscle. Since only one or two simultaneous motor units do not

provide a representative description of overall CT activation, it was necessary to

determine the anatomical region from which these units originated, using them

as spatial references. To this end, a spatial processing approach was employed to

determine the individual muscle drive based on the distribution of MUAPs across

the electrode grid. The first step involved computing the CoG of each MUAP,

following the method proposed by Xia et al. [97]:

x̄ =
1

P

20∑
j=1

xj

13∑
i=1

pij, ȳ =
1

P

13∑
i=1

yi

20∑
j=1

pij (4.12)

where xj and yi denote the horizontal and vertical positions of each electrode,

pij is the normalized peak-to-peak value of the MUAP at electrode (i, j), and P

is the total sum of all pij. Each CoG point thus represents the spatial location of

an individual motor unit within the grid.
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Motor unit depth estimation

The estimation of MU depth was performed by fitting a two-dimensional Gaus-

sian surface to the peak-to-peak amplitudes of the MUAP distributions recorded

with HDsEMG. This model assumes that the potential decays more rapidly per-

pendicular to the muscle fibers and more slowly along their direction, thus allowing

inference of both fiber orientation and MU depth [102]. The surface distribution

of MUAPs was modeled as:

f(x, y) = A · exp
[
−
(
a(x− x0)

2 + 2b(x− x0)(y − y0) + c(y − y0)
2
)]

(4.13)

where A is the peak amplitude, and the coefficients a, b, and c were obtained

by nonlinear least-squares fitting of the Gaussian function to the measured surface

amplitudes, following the approach described by Lundsberg et al. [102].

To determine MU depth, the model assumes exponential signal attenuation

with distance according to the Bouguer–Lambert–Beer law:

V = V0e
−Qd (4.14)

where V0 is the amplitude at the MU center, d is depth, and Q is the at-

tenuation factor (fixed at Q = 1). The relationship between the Gaussian peak

amplitude Vmax and the half-maximum amplitude VFWHM defines the effective
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radial distance rF , yielding:

Vmax

VFWHM

=
V0e

−Qd

V0e−QrF
⇒ ln 2 = Q(rF − d) (4.15)

d = rF − ln 2

Q
(4.16)

where rF represents the distance from the surface position at half-maximum po-

tential, and d is MU depth. This equation provides a direct estimation of MU

depth based on the fitted Gaussian spread.

After estimating the depth of each motor unit, a k-means clustering algorithm

was applied to group the CoG positions of all identified MUs into two spatial clus-

ters, corresponding to superficial and deep activation regions. This classification

allowed separating the contributions of MUs located near the surface from those

situated deeper within the CT muscle. For each cluster, a CST was computed by

summing the binary discharge trains of all MUs within that group and smoothing

the result using a 30 ms Hanning window, as described by Farina et al. [103]. To

enable comparison across tasks and sessions, the CST amplitude was normalized

by the maximum value of a 500 ms activity index, defined as the number of active

motor units within a non-overlapping window of that duration. The resulting nor-

malized CST represents an estimate of the collective neural drive for each spatial

cluster of MUs.

Finally, to compare the CST signals resulting from the decomposition with

the iEMG envelopes (gold standard), three metrics were used: the correlation
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coefficient (R), the RMSE, and the magnitude-squared coherence (Cxy). The cor-

relation coefficient was used to assess the ability of the CST signal to reproduce

the temporal trend of the iEMG envelope, while the RMSE quantified the de-

viation between their normalized amplitudes. The coherence was employed to

evaluate whether two signals shared a common synaptic input, that is, whether

they originated from the same neural source.

A B

Figure 4.5: Coherence analysis of CSTs. (A) Intra-CST coherence as a function of the

number of motor units included in the CST. An increase in the number of MUs enhances

the reliability of the coherence estimation, with stable values achieved when at least six

units are combined. (B) Coherence between intramuscular and HDsEMG CSTs from

CM006 patient, showing a peak of 0.79 below 10 Hz, which indicates a strong shared

synaptic input between both decomposition sources.

The coherence function between two signals x(t) and y(t) was defined as:

Cxy(f) =
|Pxy(f)|2

Pxx(f)Pyy(f)
, (4.17)

where Pxy(f) represents the cross-power spectral density between the two signals,
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and Pxx(f) and Pyy(f) denote their respective auto-power spectral densities [12].

Coherence is a frequency-domain measure widely used in EMG studies to eval-

uate signal crosstalk or to infer the presence of shared synaptic inputs between

motor units [118, 119]. High coherence values at low frequencies (typically be-

low 10 Hz) indicate a strong common synaptic drive between the signals being

compared [118]. As shown in Figure 4.5, coherence peaks greater than 0.4 were

observed at frequencies below 10 Hz, with the highest magnitudes typically oc-

curring near 1 Hz. The left panel illustrates that as the number of motor units

included in the CST increases, the resulting coherence becomes more stable and

its amplitude rises, reflecting the improvement in the estimation of the common

drive. A minimum of approximately six motor units per CST was required to ob-

tain reliable coherence values. The right panel shows an example from a patient

(CM006) of coherence between the HDsEMG-derived CST and the intramuscular

CST, where a clear low-frequency peak (Cxy = 0.79) was observed, indicating a

strong shared neural input to the CT muscle.

4.3 Results

Figure 4.6 shows an example of the results obtained from HDsEMG decom-

position during a pitch-glide task. Panel (A) displays the spike occurrences over

time for each identified motor unit, represented by a different color.
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A

B

C

Figure 4.6: Results obtained from the HDsEMG decomposition during a pitch glide

task. Panel (A) shows the spike trains of identified MUs. Panel (B) illustrates the

instantaneous firing rates. Panel (C) displays the STA of the MUAPs

Panel (B) illustrates the corresponding instantaneous firing rates computed

using Equation 2.4. Panel (C) shows the spike-triggered average (STA) of each

MUAP, computed using segments generated by a 30-ms window aligned to each

spike obtained from the decomposition. The smoothed averaged template of all

segments is shown in black. Lower variability across segments indicates a more

reliable motor unit, providing clearer information about its morphology..

A clear recruitment pattern can be observed, in which smaller motor units are
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activated first, followed by progressively larger units, in agreement with the size

principle described in the Fuglevand model. It can be observed that by second 30

all motor units have been recruited (Panel A), after which two additional units

appear and rapidly increase their firing rates, while some of the initially recruited

units begin to decrease their firing rates.

4.3.1 Decomposition and Two source method validation

The results of the two-source validation experiment revealed a variable num-

ber of MUs detected simultaneously across participants and phonatory tasks. As

illustrated in Figure 4.7, simultaneous units were more frequently identified dur-

ing sustained vowel tasks (Normal pitch and High pitch), where laryngeal muscle

activation remains stable over time, resembling an isometric contraction. In con-

trast, the pitch-glide task showed the lowest number of concurrent MUs due to

the continuous change in CT muscle length during frequency transitions, which

complicates the temporal alignment of motor unit discharges.

The summary in Table 4.2 shows the RoA, CoV and DI results for each sub-

ject, reported as the mean ± standard deviation across the phonatory tasks. It

can be observed that the female participants exhibited a lower or null number of

simultaneous detections, likely due to greater anatomical differences in CT depth,

as well as reduced muscle volume and, in some cases, higher levels of subcutaneous

fat. For the remaining patients, simultaneous motor units were successfully iden-

97



tified, supporting the presence of CT muscle EMG components that are effectively

captured by surface recordings.

Figure 4.7: Number of MUs identified simultaneously across phonatory tasks for each

subject. Bars indicate the total number of common units per patient, with colors

denoting the contribution of each task (normal pitch, low pitch, low-to-high pitch, and

high pitch).

Overall, acceptable CoV and DI values were obtained, remaining below 50%

and above 5, respectively. Although the 25% threshold established for the other

patients was exceeded, RoA values higher than 35% were not achieved, highlight-

ing the difficulty of maintaining synchronization with deep CT motor units and

the consequent loss of temporal spikes during the recording process.

The quantitative summary in Table 4.3 shows that the RoA between intra-

muscular and surface decompositions was higher in sustained vowel /a/ tasks
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Table 4.2: Decomposition accuracy for the two-source validation experiment. Results

reported per patient as mean ± standard deviation across the available phonatory tasks.

Patient MUs MUs MUs RoA [%] CoV [%] DI

(Intra) (Surface) Common

CM001 20 ± 2 78 ± 40 3 ± 3 30.2 ± 0.9 46.7 ± 2.2 14.2 ± 5.2

CM002 25 ± 10 17 ± 10 0 ± 1 28.0 ± 0.0 34.7 ± 7.5 31.4 ± 35.4

CF003 16 ± 6 18 ± 11 0 ± 0 NaN ± NaN 47.0 ± 2.7 16.6 ± 13.2

CF004 5 ± 4 7 ± 5 0 ± 0 NaN ± NaN 53.4 ± 14.6 38.7 ± 70.1

CF005 6 ± 1 59 ± 45 1 ± 1 28.6 ± 0.1 46.5 ± 2.5 24.1 ± 11.1

CM006 14 ± 4 48 ± 48 2 ± 2 30.3 ± 0.4 45.3 ± 2.2 17.8 ± 5.9

CM007 10 ± 3 37 ± 35 1 ± 1 28.4 ± 0.5 41.6 ± 6.7 27.8 ± 20.7

CM008 16 ± 5 71 ± 40 5 ± 6 30.0 ± 1.2 42.3 ± 3.7 20.9 ± 9.4

CM009 7 ± 5 69 ± 58 0 ± 1 30.1 ± 0.0 38.8 ± 11.7 17.9 ± 3.3

CM010 12 ± 6 65 ± 52 1 ± 1 29.8 ± 0.4 46.3 ± 4.3 14.4 ± 6.3

CM011 21 ± 0 33 ± 0 0 ± 0 NaN ± NaN 49.9 ± 0.0 7.3 ± 0.0

CM012 15 ± 9 54 ± 36 1 ± 1 31.9 ± 2.6 40.9 ± 3.4 13.3 ± 6.4

CM013 13 ± 3 56 ± 41 3 ± 4 31.7 ± 3.4 40.8 ± 8.3 37.7 ± 40.1

(approximately 32–38 %), while lower RoA values (around 27 %) were observed

during the pitch-glide condition. The CoV of inter-spike intervals followed a sim-

ilar trend, showing greater stability (lower CoV) during steady phonations com-

pared to pitch transitions. Overall, these results indicate that stable phonatory

conditions favor the detection and synchronization of MUs between intramuscular

and surface recordings.
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Table 4.3: Decomposition accuracy for the two-source validation experiment. Com-

parison between intramuscular and surface decompositions across the phonatory tasks.

Values are reported as mean ± standard deviation across the 13 patients.

Task MUs MUs MUs RoA [%] CoV [%] DI

(Intra) (Surface) Common

Vowel /a/ highpitch 12 ± 8 73 ± 39 2 ± 2 28.6 ± 0.8 42.3 ± 7.8 28.8 ± 44.5

Vowel /a/ low to high pitch 16 ± 7 12 ± 10 0 ± 0 29.7 ± 2.4 39.2 ± 9.2 33.3 ± 26.8

Vowel /a/ lowpitch 11 ± 3 53 ± 33 1 ± 1 28.1 ± 0.6 45.1 ± 1.6 17.6 ± 4.1

Vowel /a/ normalpitch 12 ± 7 62 ± 35 2 ± 4 29.5 ± 1.9 45.0 ± 2.8 18.0 ± 8.1

4.3.2 CT Estimation using CST and clusters

After the decomposition process, the STA technique was applied to reconstruct

the MUAPs across the HDsEMG grid. This procedure allows visualizing the local

potential fields generated by each identified MU and provides insight into the spa-

tial propagation and morphology of the underlying electrical sources. Figure 4.8

summarizes the resulting spatial representations. Panel (A) shows the electrode

placement above the CT muscle, aligned with the estimated fiber orientation.

Panel (B) presents the reconstructed MUAP distributions obtained through STA,

where each segment shows the averaged waveform of a single channel, correspond-

ing to the mean MUAP template across the electrode grid.

Based on these spatial MUAP representations, the COG of each motor unit

was computed using the amplitude-weighted centroid method, representing the
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spatial location of the electrical activity within the muscle section. Panel (C)

shows a two-dimensional heatmap of a MUAP, where the maximum amplitude

corresponds to the center of electrical activity, and the red marker indicates the

calculated COG. Panel (D) presents the spatial distribution of all identified COGs

across the electrode array, showing the relative arrangement of motor units and

allowing their grouping into regions activation.

A

B

C

D

Figure 4.8: Spatial mapping of MUAPs obtained from HDsEMG decomposition. (A)

Electrode placement above the CT muscle. (B) Spatial representation of MUAPs ob-

tained by spike-triggered averaging. (C) Two-dimensional potential distribution and

corresponding COG for a representative motor unit. (D) Distribution of COGs for all

identified motor units across the electrode grid.

After obtaining the spatial COG coordinates from the HDsEMG signals, the

next step was to estimate the MU depth to extend the representation into three
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dimensions. While Zhou et al. [101] limited the COG-based approach to a two-

dimensional surface representation, in this work the methodology was expanded

by incorporating the cylindrical volume-conductor model previously described in

Section 4.2.4 [102]. This model assumes that the amplitude of the MUAP decays

exponentially with increasing distance from the recording surface, as expressed in

Equation 4.12 and 4.14. This approach allowed the reconstruction of a volumetric

distribution of motor units based on their estimated COG coordinates (x, y, z).

Figure 4.9 presents the three-dimensional spatial distribution of MUs identi-

fied across three patients during the vowel /a/ at low, normal, and high pitch

conditions. The medio-lateral (CoG x) and antero-posterior (CoG y) coordinates

correspond to the positions estimated from the HDsEMG grid, while the vertical

axis represents the estimated depth (in mm) obtained from the exponential atten-

uation model. A hierarchical k-means clustering algorithm was applied to group

the MUs according to their depth, following the same clustering methodology pro-

posed by Jarque-Bou [97]. Two primary clusters were identified: superficial units

(Cluster 1, blue) and deeper units (Cluster 2, red). Additionally, validation units

identified from simultaneous intramuscular recordings were highlighted in yellow

to verify consistency between methods.

Across patients, differences in MU spatial distribution were observed depend-

ing on the vowel condition. During the high-pitch production, MUs showed a

more compact clustering pattern with increased depth values. In contrast, dur-
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Vowel /a/ lowpitch Vowel /a/ normalpitch Vowel /a/ highpitch

06-Patient 06-Patient 06-Patient 

08-Patient 08-Patient 08-Patient 
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Figure 4.9: Three-dimensional spatial distribution of motor units (MUs) identified across

three patients during the production of the vowel /a/ at low, normal, and high pitch

conditions. The medio-lateral (CoG x) and antero-posterior (CoG y) coordinates rep-

resent the estimated CoG positions obtained from the HDsEMG grid, while the vertical

axis corresponds to the estimated MU depth (mm) based on the exponential attenuation

model. Two main clusters were identified using the k-means algorithm: superficial units

(Cluster 1, blue) and deeper units (Cluster 2, red). Yellow markers denote validation

units obtained from simultaneous intramuscular recordings.

ing the normal-pitch condition, MUs exhibited a broader spatial spread across

the surface area, suggesting a wider activation region. A similar distribution was

observed during the low-pitch condition, characterized by a larger lateral spread
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and reduced depth across the identified units.

Figure 4.10: The 3D plot shows the spatial distribution of MUs based on their CoG

in medio-lateral, anterior-posterior, and depth coordinates, grouped into two clusters:

Cluster 1 (superficial, blue) and Cluster 2 (deep, red). The right panels depict the

normalized CSTs for each cluster.

Finally, CSTs were computed separately for each cluster to assess differences in

temporal activation patterns. The right panels of Figure 4.10 display the normal-

ized CSTs for Cluster 1 and Cluster 2, respectively, showing distinct activation

envelopes that correspond to different neural drive contributions across muscle

depth.

In addition to the CST computation, an activity index was generated using

a 500 ms non-overlapping window, as described in [95]. This index quantified
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the number of simultaneously active motor units within each time segment. The

maximum value of this activity index across all tasks was used as a normalization

factor for the CST amplitude, allowing consistent comparison of neural drive levels

between clusters and tasks.

4.3.3 Comparison between iEMG and CST

After the two spatial clusters were defined according to MU depth, their abil-

ity to represent the activity captured by the iEMG signal was evaluated. For this

purpose, two quantitative metrics were used: the R and the (Cxy). Both met-

rics were computed between the iEMG envelope and the CST derived from each

cluster. The correlation and coherence analyses were performed as described in

Section 4.2.4.

An example of these comparisons is presented in Figure 4.11. The three-

dimensional spatial distribution of the MUs from a representative participant

(CM006) is shown for three phonatory tasks of the vowel /a/ at different pitch

levels (low, normal, and high). In Panel A, two clusters were identified: Cluster 1

(superficial, in blue) and Cluster 2 (deep, in red). In Panel B, the comparison

between the iEMG envelope and the CST signals estimated for both clusters is dis-

played. In general, higher correlation and coherence values were observed for the

deep cluster (Cluster 2). Although slightly lower correlation values were found for

the superficial cluster (Cluster 1), its coherence values were considerably smaller.
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Vowel /a/ low-pitch Vowel /a/ normal-pitch Vowel /a/ high-pitch

EMG - CST

R 𝐶𝐶𝑥𝑥𝑥𝑥

Cluster-1 0.63 0.84

Cluster-2 0.71 0.85

EMG-CST

R 𝐶𝐶𝑥𝑥𝑥𝑥

Cluster-1 0.166 0.548

Cluster-2 0.352 0.863

EMG - CST

R 𝐶𝐶𝑥𝑥𝑥𝑥

Cluster-1 0.26 0.79

Cluster-2 0.31 0.77

A

B

Figure 4.11: Comparison between iEMG envelopes and CST estimates obtained from

two spatial clusters during three phonatory tasks of the vowel /a/ at different pitch

levels. Panel A displays the three-dimensional spatial distribution of MUs for a rep-

resentative participant (CM006), grouped into superficial (Cluster 1, blue) and deep

(Cluster 2, red) regions, with simultaneously detected validation units highlighted in

green(Seccion 4.3.1). Panel B shows the normalized iEMG envelope and CST signals

for each cluster, along with their corresponding correlation (R) and (Cxy) values. In

general, higher coherence and correlation were observed for the deep cluster, indicating

a stronger shared synaptic input.

High correlation values with very similar amplitude in both cluster were observed

in the high-pitch task, probably because most MUs were centered in the same

region. In contrast, greater differences between clusters were found in the normal-
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pitch task due to the wider spatial dispersion of MUs on the surface, where the

largest differences in both correlation and coherence between clusters were ob-

served. These results suggest that, while both clusters reflect a shared neural

drive, the deeper units may exhibit a more synchronized and stable activation

pattern, possibly indicating a common synaptic input to the CT muscle.

EMG-CST

R 𝐶𝐶𝑥𝑥𝑥𝑥

Cluster-1 0.90 0.81

A B

Figure 4.12: Comparison between iEMG envelope and CST estimated for a dynamic

phonatory condition (pitch-glide task). Panel A shows the spatial distribution of identi-

fied MUs and the simultaneously validated unit (green). Panel B presents the normalized

iEMG envelope and the CST estimated from the superficial cluster (Cluster 1), along

with the correlation (R) and coherence (Cxy) values.

On other hand, a dynamic phonatory condition was analyzed using the pitch-

glide task. In this case, the decomposition was less efficient compared with sus-
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tained vowels, as only a few motor units could be successfully identified. This

limitation was mainly due to the continuous change in muscle length and the ver-

tical displacement of the larynx during pitch elevation, which affects the spatial

stability of the CT muscle signals. For the case illustrated in Figure 4.12, only

ten units were decomposed. As a result, the CST amplitude differed considerably

from the iEMG reference. Nevertheless, its overall trend was very similar. A high

correlation value of R = 0.90 and a coherence of Cxy = 0.81 were obtained, in-

dicating that although the amplitude pattern could not be fully reproduced, the

trend of the neural drive was successfully captured.

Table 4.4: EMG–CST performance metrics across phonatory tasks and 3 patients.

EMG – CST R RMSE Cxy

Vowel /a/ low-pitch 0.31 ± 0.13 0.56 ± 0.29 0.61 ± 0.24

Vowel /a/ normal-pitch 0.48 ± 0.12 0.18 ± 0.05 0.79 ± 0.16

Vowel /a/ high-pitch 0.62 ± 0.19 0.15 ± 0.06 0.72 ± 0.23

Vowel /a/ pitch glide 0.84 ± 0.05 0.33 ± 0.12 0.71 ± 0.19

Table 4.4 summarizes the performance metrics obtained from three represen-

tative participants, applying the same procedure across all phonatory tasks. The

table presents the mean and standard deviation values for the R, the Cxy, and

the RMSE, allowing the comparison of the temporal similarity, shared synaptic

input, and normalized amplitude error between the iEMG and the estimated CST
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signals for each condition. The lowest values in each metric are highlighted in red.

Overall, the results indicate that the correspondence between the CST and

iEMG signals improved in the sustained vowel tasks, particularly for the normal-

and high-pitch conditions, which exhibited higher correlation and coherence values

along with lower RMSE. In contrast, the low-pitch task showed weaker correla-

tions and greater amplitude differences, likely due to lower activation levels of the

CT muscle. The pitch-glide task, characterized by dynamic changes in muscle

length, presented the highest correlation value (R = 0.84) but also a relatively

large RMSE, suggesting that while the CST captured the temporal trend of the in-

tramuscular activation, the amplitude variations were less accurately reproduced

due to the non-stationary nature of the movement.

4.4 Chapter conclusions

This chapter presented the validation of a dual-source decomposition frame-

work that combined intramuscular and high-density surface EMG recordings of

the CT muscle. By estimating the spatial position of each motor unit and clas-

sifying them into superficial and deep clusters, the proposed method allowed the

separate analysis of neural drive contributions from distinct muscle regions. The

CST was computed for each cluster, normalized, and compared to the standard

iEMG envelope to assess the feasibility of reconstructing motor-unit activity from
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surface recordings.

The validation results demonstrated that the number of simultaneously identi-

fied motor units varied across tasks and subjects, with the highest synchronization

observed in sustained phonations. The normal- and high-pitch vowels exhibited

higher rates of agreement and lower variability compared to the pitch-glide task,

which involved continuous changes in CT muscle length. Female participants gen-

erally presented fewer simultaneous units, likely due to anatomical factors such

as reduced muscle volume and greater fiber depth. These findings confirmed that

stable phonatory conditions favor cross-modality synchronization and enhance de-

composition reliability.

Although the percentage of common motor units identified between HDsEMG

and iEMG was relatively low (approximately 2% on average, as shown in Table

4.2), this does not necessarily imply that HDsEMG recordings lack meaningful

CT muscle activity. A key factor underlying this result is the limited spatial

sampling of the intramuscular electrode. The hooked-wire electrode records from

a highly localized region of the muscle, typically capturing a small subset of motor

units relative to the total population within the cricothyroid muscle. In contrast,

the HDsEMG electrode array covers a broader surface area, potentially detecting

motor unit activity originating from different regions along the muscle. Therefore,

motor units identified exclusively in the surface recordings may still correspond

to CT activity but remain unobserved in the intramuscular recordings due to
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spatial mismatch between recording modalities. This spatial limitation should

be considered when interpreting the rate of agreement and supports the notion

that HDsEMG may capture a wider representation of muscle activation than that

directly validated by the two-source method.

The comparison between iEMG envelopes and CST estimates revealed moderate-

to-high correlation and coherence values, particularly in the deep cluster group,

indicating that the reconstructed CST signals captured the temporal behavior

and shared synaptic input of the CT muscle. The RMSE analysis showed that,

although the amplitude reproduction was limited in dynamic tasks, the general

trends were preserved. High coherence values below 10 Hz further supported the

presence of a common neural drive between both recording modalities, validating

the physiological consistency of the proposed decomposition approach.

Overall, the results of this chapter support the feasibility of estimating the

collective neural drive of the CT muscle from high-density surface EMG. The

methodology provides a bridge between invasive and non-invasive measurements,

enabling the investigation of motor-unit synchrony and depth-dependent activa-

tion. These findings form the basis for future integration of surface-based CST

estimation into biomechanical and acoustic voice models, paving the way for im-

proved non-invasive assessment of laryngeal muscle control during phonation.
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5 Muscle activation estimation us-

ing networks and HDsEMG

5.1 Introduction

Building upon the findings presented in the previous chapter, where correlation

and coherence analyses revealed that surface-derived neural activity (CST) could

successfully reproduce the temporal evolution of iEMG but not its amplitude,

this chapter explores the use of nonlinear regression techniques to enhance the

estimation of normalized laryngeal muscle activation. The previous framework

demonstrated that although the temporal correlation between CST and iEMG

was strong, the amplitude mismatch, reflected in relatively high RMSE values,

suggested that additional acoustic correlates could be incorporated to improve

amplitude prediction. In this context, since both the f0 and the SPL are acous-

tical parameters directly related to the activation of the CT muscle, they were

integrated as complementary inputs to a neural network model designed to better

reproduce the amplitude of normalized CT activation.

Accordingly, this chapter introduces a machine-learning framework based on

a multilayer perceptron (MLP) architecture trained to map surface EMG-derived

and acoustic features to intramuscular activation of the CT muscle. In this initial
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implementation, a subject-specific approach was adopted, where data from each

participant were trained and evaluated independently.

The remainder of this chapter is structured as follows. First, the general frame-

work and configuration of the neural network are presented, describing the data

organization, input features, and training procedure. Next, the performance of the

proposed model is evaluated through regression metrics and plot to assess its abil-

ity to predict normalized CT activation from surface and acoustic inputs. Finally,

the main outcomes of the study are discussed, emphasizing their implications for

future extensions toward generalized estimation frameworks.

5.1.1 Neural network architecture and training

Figure 5.1 illustrates the structure of the neural network framework imple-

mented in this study. The network was designed to model the relationship between

surface-derived neural activity and acoustic parameters to estimate the normal-

ized activation of the CT muscle. Data from three participants were used, each

performing four phonatory tasks involving the vowel /a/ at different pitch condi-

tions: low-pitch, normal-pitch, high-pitch, and pitch-glide. For each participant

and task, synchronized recordings of HDsEMG, iEMG, and microphone signals

were obtained and preprocessed as described in previous sections. This first im-

plementation was performed using a subject-specific approach, in which data from

each participant were trained and evaluated independently.
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Three input features were used: the normalized CST estimated from HD-

sEMG decomposition, the f0, and the SPL. These acoustic inputs were selected

due to their high correlation with CT muscle activation. As shown in our results

(Figure 3.3, Chapter 3), the fundamental frequency (f0) increases with an almost

linear trend with respect to CT activation, a relationship that is also supported by

previous iEMG studies. Sound pressure level (SPL) likewise exhibits a correlation

with CT activity, particularly at high loudness levels, as observed in Figure 3.5

for Sessions 1 and 3, where high CT activation was required together with TA ac-

tivation. Including these features allows the model to capture variability in muscle

activation due to different pitch and pressure levels during network training.

The target output corresponded to the normalized iEMG envelope of the CT

muscle (a′CT ). The acoustic features f0 and SPL were preprocessed following

the procedure described in Section 3.2.1, while the intramuscular envelope was

obtained as detailed in Section 3.2.2. Once the four signals were synchronized,

they were segmented into 50 ms windows with a 50% overlap. For each window,

the mean value was extracted to generate the muscle activation tokens used for

model training.

Prior to training, all input variables were standardized using z-score normal-

ization, while the target output was normalized to the range [0 - 1] [120]. The

dataset from each subject was randomly partitioned into training (70 %), valida-

tion (15 %), and testing (15 %) subsets to ensure representative coverage of all
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Figure 5.1: Scheme of the Neural network framework procedure

phonatory tasks.

A MLP architecture was implemented [120] with three hidden layers contain-

ing 32, 32, and 16 neurons, respectively (see Figure 5.1). The ReLU activation

function was applied to all hidden layers, while the output layer employed a linear

activation to reproduce continuous amplitude values [121]. The network parame-

ters were optimized using the Adam algorithm [122] with a learning rate of 0.001

and a mini-batch size of 128 samples. Training was carried out for 60 epochs,

using the MSE as the loss function. Early stopping criteria based on validation

loss were used to prevent overfitting. The trained models were evaluated using the

value R, MAE, and the RMSE between predicted and true normalized activations.
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5.2 Results

5.2.1 Results

Figure 5.2 shows the evolution of the MSE for training and validation. A

rapid decrease followed by stabilization was observed in both curves, indicating

adequate convergence of the model without signs of overfitting.

Figure 5.2: MSE evolution across epochs for training (blue) and validation (red) stages

in the proposed multilayer perceptron.

Figure 5.4 presents the scatter plots comparing the predicted versus true nor-

malized aCT activations for three participants (CM006, CM008, and CM009). The

dashed blue line represents the unity correspondence between the predicted and

reference intramuscular envelopes. The value R ranged between 0.81 and 0.94
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across participants, suggesting a strong linear relationship between the estimated

and true activations. The MAE and RMSE values are summarized in Table 5.1.

The lowest prediction error was obtained for participant CM006 (R = 0.94, RMSE

= 0.092), while CM009 exhibited slightly higher dispersion around the unity line

(R = 0.82, RMSE = 0.163).

Overall, the MLP model effectively reproduced the temporal and amplitude

behavior of the intramuscular activation envelope based on surface-derived CST

and acoustic features (f0 and SPL). Despite the promising estimation results, it

is important to note that the current model was trained on a limited number

of windowed samples derived from only four phonatory tasks, which prevents

generalization at this stage.

Table 5.1: Performance metrics of the MLP model for each participant. Results corre-

spond to the R, MAE, and RMSE.

Participant R MAE RMSE

CM006 0.936 0.071 0.092

CM008 0.838 0.103 0.142

CM009 0.815 0.121 0.163

The performance of the network was then evaluated using the complete dataset

formed by merging all samples from the three participants into a single multi-
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NM006 NM008

NM009

Figure 5.3: Scatter plots comparing the predicted versus true normalized CT activation

for three representative participants (CM006, CM008, and CM009). Each point repre-

sents the mean activation value obtained from a 50 ms window with 50% overlap. The

dashed line indicates the 1:1 correspondence between predicted and true values.

subject database. Table 5.2 summarizes the performance of the multi-subject

model trained on this combined dataset. The resulting metrics indicate that the

network was able to reproduce the normalized CT activation with a high degree
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of correspondence, as reflected by an overall correlation coefficient of R = 0.84,

together with low absolute and quadratic errors (MAE = 0.103, RMSE = 0.141).

These values suggest that the joint use of CST, f0, and SPL provides sufficient

information for the model to generalize the relationship between surface-derived

activation and intramuscular activation across different subjects. Figure 5.4 il-

lustrates the relationship between predicted and true activation values for the

multi-subject configuration. Each point corresponds to the mean activation value

extracted from a 50 ms window. A clear positive trend is observed, with most

predictions distributed around the unity line.
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Figure 5.4: Predicted vs. true CT activation for the multi-subject MLP model.

The performance obtained in this work is consistent with previous subject-
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specific neural network approaches reported by Ibarra et al. [123],in which high

prediction accuracy for subglottal pressure and intrinsic laryngeal muscle activa-

tion was achieved, with R2 values up to 0.95 and low RMSE values. In comparison,

the multi-subject model proposed in this study (Figure 2) yielded a correlation

coefficient of R = 0.84 and an RMSE of 0.14. It is important to note that the

approach by Ibarra et al. [123] relied on a larger set of input features, includ-

ing seven physiological and acoustic variables and direct airflow measurements

obtained using a Rothenberg mask, whereas the proposed framework uses only

two acoustic features extracted from a microphone recording. Despite this re-

duced input space, the obtained metrics demonstrate that the proposed approach

preserves a substantial level of accuracy, supporting its applicability in scenarios

where minimal instrumentation and ambulatory use are required.

Table 5.2: Performance metrics of the multi-subject model.

R MAE RMSE

Multi-subject 0.841215 0.102942 0.141251

Table 5.3 presents a comparison of the different MLP architectures evaluated

in this work. Increasing network depth produced only moderate improvements,

with models containing four and five hidden layers achieving slightly higher cor-

relation values and lower error measures. Although the relative differences across

configurations were not substantial, the results show that increasing model ca-
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pacity contributes to a somewhat more accurate representation of the nonlinear

relationship between surface-derived features and normalized intramuscular ac-

tivation. It can be observed that beyond four hidden layers the improvement

becomes negligible, with the best results obtained around this configuration. The

RMSE value could not be reduced below 0.13543, which highlights a remaining

gap between the estimated and true activation values and reflects the challenge

of further decreasing this error.

Table 5.3: Performance comparison for different network architectures.

Architecture R MAE RMSE

2 Hidden Layers 0.82568 0.10578 0.14660

3 Hidden Layers 0.83630 0.09948 0.14229

4 Hidden Layers 0.85679 0.09444 0.13434

5 Hidden Layers 0.85289 0.09269 0.13543

5.3 Chapter Conclusions

This chapter presented a neural network framework for estimating the normal-

ized activation of the CT muscle using surface EMG-derived and acoustic features.
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The proposed MLP architecture successfully integrated the CST, f0, and SPL to

predict intramuscular activation. The selection of these features is supported by

their high correlation with CT muscle activation, as demonstrated in Figures 3

and 5 of Section 2 and in previous iEMG studies of the CT muscle. By incorporat-

ing both acoustic features, changes in muscle activation associated with variations

in pressure and pitch during speech can be captured, while also overcoming the

amplitude-related limitations identified in the previous chapter. In addition, the

use of features that only require microphone recordings enables ambulatory appli-

cations, in contrast to other approaches that rely on a larger number of phonatory

features and require the use of a Rothenberg mask in laboratory settings.

The subject-specific training strategy yielded high correlation values and low

error metrics across participants, confirming that individual modeling enhances

the reliability of EMG-to-activation mapping. The MSE evolution showed stable

convergence, indicating that the network generalized well to unseen data without

signs of overfitting. These findings validate the feasibility of using high-density

surface EMG and acoustic cues as complementary information sources for the

estimation of intrinsic laryngeal muscle activity.

Previous subject-specific neural network approaches for estimating CT muscle

activation, such as the work by Ibarra et al., [123] have reported higher per-

formance, with larger correlation coefficients and lower RMSE values. However,

these results were obtained using a larger number of input features. Therefore,
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future work should evaluate the incorporation of additional inputs to approach

these performance levels while preserving the simplicity and practicality of the

proposed framework.

The multi-subject evaluation further demonstrated that the model is capable

of generalizing the mapping across participants, although the improvements asso-

ciated with increasing model depth were modest. In particular, architectures with

four or more hidden layers produced only marginal gains, and the RMSE could

not be reduced below 0.13543. This result indicates a persistent gap between

the estimated and true activation values, suggesting an inherent limitation in the

current representation of the nonlinear relationship between the surface features

and the intramuscular activation.

Despite the promising performance, it is important to note that the present

results are based on a limited dataset, consisting of three subjects and four phona-

tory tasks. Therefore, the generalization of the model across larger populations

and more diverse voice conditions remains to be evaluated. Future work should

explore cross-subject frameworks and transfer learning approaches to reduce inter-

subject variability and extend the estimation to additional muscles beyond the

CT. The framework establishes a foundation for future developments in surface-

based muscle activity modeling, with potential applications in voice physiology,

diagnostics, and rehabilitation.
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6 Conclusions

This thesis had as its purpose to investigate the feasibility of estimating in-

trinsic laryngeal muscle activity by means of HDsEMG, at least of the CT muscle.

The general objective was to establish a non-invasive framework capable of cap-

turing physiologically significant muscle activation patterns that are traditionally

obtained through invasive iEMG recordings. Through the integration of HD-

sEMG signal and machine learning techniques, this work provides a methodology

to advance laryngeal muscle evaluation.

In Chapter 2, the physiological fundamentals of muscle activation and motor

unit behavior were reviewed, together with existing approaches to estimate in-

trinsic laryngeal muscle activity from EMG signals. It started with the relevance

of motor unit recruitment and firing rates as fundamental factors for the gener-

ation of muscle force and neural drive. This chapter established the theoretical

bases to link EMG-derived features with physiological models of voice production

and highlighted the limitations of conventional surface EMG techniques when ap-

plied to small and deep laryngeal muscles. Other estimation works using different

methods, such as neural networks, were also addressed, being possible topics to

be tackled in the future.

Chapter 3 focused on the characterization of intrinsic laryngeal muscle ac-

tivity through intramuscular EMG recordings, which served as a physiological
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reference throughout this thesis. An acoustic normalization framework using f0

and SPL was proposed to reduce inter-session and inter-task variability. The re-

sults demonstrated that acoustic normalization improves intermuscular and inter-

session consistency, allowing meaningful comparisons of muscle activation across

different phonatory tasks. These normalized iEMG signals constituted the basis

to validate subsequent HDsEMG-based methods. The results were also expanded

to new patients, allowing to observe the robustness of the method, by observing

values of approximately 0.4 for frequencies of 150 Hz in the 3 patients. It is known

that there is much pending work with respect to normalization in women (CF002),

which shows a much larger frequency range, therefore it is a pending topic that

will be addressed in the future.

In Chapter 4, a decomposition-based framework was proposed to estimate in-

trinsic muscle activation from HDsEMG recordings. Motor unit activation activity

was extracted using established decomposition algorithms and validated through

a two-source approach with simultaneously recorded intramuscular EMG. When

observing the validation data, it is demonstrated that part of the CT activation

is reaching the surface, allowing to demonstrate the focus of the second objective.

The spatial distribution of motor units was analyzed through CoG estimation and

depth modeling, which allowed identifying superficial and deep activation groups

within the CT muscle. CSTs were generated for each group to represent their

respective neural drives. Correlation and coherence analyses demonstrated that
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CSTs derived from deeper motor unit groups showed greater synchronization with

iEMG signals, supporting the physiological relevance of the proposed approach.

The relationship between motor unit depth and CST synchronization is based

on the assumption that deeper motor units are more likely to originate from the

target intrinsic muscle (i.e., the CT), whereas more superficial sources may in-

clude contributions from overlying muscles such as strap muscles or platysma.

As a result, CSTs derived from deeper clusters are expected to better reflect the

neural drive of the CT muscle and therefore exhibit higher synchronization with

intramuscular EMG signals. In our results, CSTs associated with deeper acti-

vation groups showed consistently higher correlation and coherence with iEMG

recordings compared to more superficial groups. This supports the physiological

relevance of the proposed spatial decomposition approach, as it suggests that the

depth estimation and clustering procedure can differentiate motor unit popula-

tions that are more closely related to the target muscle.

However, the results of Chapter 4 also revealed important limitations. While

CSTs were able to reproduce the temporal trends of intramuscular activation, dis-

crepancies in amplitude were consistently observed, as reflected by RMSE values,

mainly in tasks such as pitch glides and low pitch. These findings indicated that,

although HDsEMG decomposition effectively captures neural synchronization in-

formation, it may not be sufficient to fully reproduce the normalized amplitude

of muscle activation using CSTs alone. This limitation motivated the exploration
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of neural network-based strategies in the following chapter.

Chapter 5 addressed this limitation by incorporating neural network models

to estimate normalized CT activation. A subject-specific MLP was trained using

CSTs together with acoustic features (f0 and SPL) as inputs, and intramuscular

EMG envelopes as the target output. The results demonstrated that the inclusion

of acoustic correlates significantly improved the estimation of muscle activation

amplitude, as reflected by reduced MAE and RMSE values and high R values.

The multi-subject model further confirmed that the combined feature set provides

sufficient information for the network to generalize across participants. In com-

parison with previous subject-specific approaches, such as the work by Ibarra et

al. [123], where higher performance metrics were obtained using a larger number

of input features and additional instrumentation, the present framework achieves

comparable trends while relying only on two acoustic features extracted from a mi-

crophone recording. This result points to a clear direction for future work, in which

the exploration of additional features could further improve performance. How-

ever, further validation is required through the analysis of more diverse datasets

and larger populations.

Overall, the objectives of this thesis were achieved, and the proposed hypothe-

ses were validated through the experimental and modeling results presented across

the different chapters. Specific Aim 1 was fulfilled by developing an acoustic-based

normalization framework that reduced inter-session variability in intramuscular
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EMG recordings and enabled consistent muscle–acoustic mappings across phona-

tory tasks. Specific Aim 2 and 3 was also achieved by demonstrating that HD-

sEMG decomposition, validated through a two-source approach with simultaneous

iEMG, can recover physiologically meaningful temporal and spatial components

associated with intrinsic laryngeal muscle activity.

Regarding the hypotheses, Hypotheses 1 and 2 were supported by the results,

confirming improved normalization consistency, as reflected by reduced CV and

MAE metrics, and a measurable correspondence between surface and intramuscu-

lar motor unit discharge patterns, evidenced by ROA values greater than 25% in

the majority of subjects, as shown in Table 4.2. Hypothesis 3 was only partially

supported: while HDsEMG-based estimates successfully reproduced the temporal

trends observed in intramuscular CT activity, the resulting RMSE values indi-

cated notable amplitude discrepancies, particularly during dynamic phonatory

conditions. In contrast, Hypothesis 4 was supported by the results obtained using

subject-specific neural network models, which achieved acceptable RMSE and R

values that were comparable to those reported in previous studies.

Despite these encouraging results, several limitations of the proposed frame-

work must be acknowledged. First, intramuscular decomposition did not always

achieve optimal performance during phonatory tasks characterized by high levels

of motor unit superposition, such as high-pitch phonation. Under these condi-

tions, strong CT muscle activation led to increased overlap of motor unit action
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potentials, limiting decomposition accuracy. This limitation is partly due to the

use of a single intramuscular recording channel, which restricts the spatial reso-

lution available to separate overlapping motor unit activity. Second, the EMG

decomposition methods employed in this work showed sensitivity to noise, which

negatively affected performance under poor recording conditions. Factors such

as motion artifacts, electromagnetic interference, and variations in electrode–skin

impedance can degrade signal quality and reduce the reliability of motor unit iden-

tification. This sensitivity underscores the need for robust preprocessing strategies

and improved hardware configurations in future studies.

Third, anatomical variability among participants influenced the quality of HD-

sEMG recordings. In particular, subcutaneous adipose tissue in the neck region

acted as a low-pass spatial filter, attenuating high-frequency components of the

EMG signal. This effect was more pronounced in female participants and in men

with higher fat levels, who tend to present higher levels of cervical adiposity due to

genetic and anatomical factors. As a result, decomposition performance and spa-

tial localization accuracy were reduced in these cases, highlighting an important

limitation of surface-based approaches in laryngeal EMG assessment. Another

limitation arises from the spatial coverage of the electrode grid used in this study.

While high-density arrays provide improved spatial resolution compared to con-

ventional surface electrodes, the grid employed was not large enough to capture

the full range of laryngeal movement in all phonatory tasks. Under certain pitch
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conditions, the CT muscle likely moved partially outside the electrode coverage

area, leading to incomplete sampling of muscle activity. This limitation suggests

that larger or adaptive electrode configurations may be required to fully monitor

laryngeal dynamics.

Future work should address these limitations through several complementary

lines. Expanding the study to include pathological populations, such as individ-

uals with vocal hyperfunction, unilateral vocal fold paralysis, or other laryngeal

disorders, would allow evaluation of whether the proposed methods can capture

clinically relevant differences in muscle activation patterns. Such studies would

also provide insight into the robustness of HDsEMG decomposition under altered

neuromuscular conditions. In addition, increasing the number of recording chan-

nels, both intramuscular and surface, could substantially improve decomposition

accuracy and spatial resolution. Multichannel intramuscular recordings would al-

low better separation of overlapping motor units, especially during high-activation

tasks. Similarly, larger or multi-grid HDsEMG configurations could improve cov-

erage of laryngeal muscles during dynamic phonatory conditions. Future inves-

tigations should also explore simultaneous intramuscular recordings of multiple

intrinsic laryngeal muscles, such as the TA, to extend the proposed framework be-

yond the CT muscle. This would enable the study of intermuscular coordination

and the development of multimuscle activation models, which are fundamental to

understanding the complex mechanisms of voice production.
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Finally, the development of computational models capable of simulating HD-

sEMG signals of laryngeal muscles represents a promising future research direc-

tion. Such models could be used to validate decomposition algorithms, optimize

electrode configurations, and explore the effects of anatomical variability on sur-

face recordings. The integration of these models with machine learning frame-

works may further enhance the interpretability and generalization of non-invasive

estimates of laryngeal muscle activation.
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[68] Mat́ıas Zañartu, Luc Mongeau, and George R. Wodicka. Influence of acous-

tic loading on an effective single mass model of the vocal folds. The Journal

of the Acoustical Society of America, 121(2):1119–1129, 2007.
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