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Abstract

Neurological conditions such as stroke often result in motor impairments that limit func-
tional independence and quality of life. Neurorehabilitation aims to restore motor function
through intensive, repetitive therapy, relying increasingly on technologies that provide objec-
tive measures and therapeutic assistance. Among these, functional electrical stimulation (FES)
is a widely used technique that activates paralyzed or weakened muscles to produce functional
movements and promote recovery. However, a significant limitation of FES is the rapid onset
of muscle fatigue, which shortens the duration of effective contractions, reducing the therapeu-
tic benefits of treatment. Addressing this challenge requires reliable, real-time monitoring of
fatigue to enable adaptive control of stimulation parameters.

This thesis investigates mechanomyography (MMG) as a robust, low-cost tool for detect-
ing muscle fatigue during both static and dynamic tasks. Experimental studies showed that
MMG features reflected fatigue development in static contractions and continued to perform
reliably during dynamic movements. A direct comparison between MMG and electromyogra-
phy (EMG) revealed that MMG offers comparable sensitivity to fatigue-induced changes while
avoiding several practical limitations inherent to EMG recordings. A fatigue-thresholding
method using MMG signal features was proposed for integration into real-time FES control
systems, aiming to adjust stimulation parameters dynamically to prolong effective contractions.
Overall, the findings highlight MMG’s potential to improve fatigue detection and support next-

generation neurorehabilitation technologies like adaptive FES.
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Chapter 1
Introduction

1.1  Background

Neurological conditions (NCs) such as stroke and spinal cord injury (SCI), among others, are
the leading cause of long-term disability worldwide [1]. It is estimated that nearly one in three
people will experience some form of neurological disorder in their lifetime, and the combined
economic burden of direct medical care, lost productivity, and informal caregiving is measured
to be trillions of dollars each year [11]. Figure 1.1 highlights how this burden is concentrated:
stroke alone is responsible for 42.2% of all disability-adjusted life years lost to NCs. At the
same time, the workforce needed to deliver intensive rehabilitation is struggling to keep up with
demand. A recent analysis of the U.S. physical therapy workforce projects a persistent shortfall
of licensed physical therapists through at least 2037, with supply expected to remain below
need by several thousand practitioners even in the best case scenarios [12]. This mismatch
between rising disability prevalence and limited clinical capacity makes the development of
technologies that can extend therapeutic reach and efficacy all the more important.

The chronic motor impairments resulting from NCs diminish an individual’s ability to
perform Activities of Daily Living (ADL) and thus impede independence. Following the acute
medical phase, rehabilitation aims to restore mobility and motor function; however, therapy
outcomes strongly depend on the dosage (total number of repetitions) and intensity (mechani-
cal or metabolic workload) of therapeutic exercise [13]. Studies in stroke recovery have shown
that patients who engage in more repetitions and higher-intensity training tend to achieve bet-
ter functional outcomes, reflecting fundamental principles of activity dependent neuroplastic-
ity [14]. In traditional therapist guided sessions, it is often challenging to achieve the high rep-

etition counts that experimental studies suggest are ideal for driving neuroplastic recovery [15].

1
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Figure 1.1: Proportional contribution of common neurological conditions to the total disability-
adjusted life-year burden attributed to neurological disorders worldwide. Stroke dominates at
42.2%. Figure reproduced from [1].

This is especially true for patients with severe paralysis who cannot voluntarily activate their
affected muscles to a significant degree. Furthermore, patient progress is commonly tracked
using coarse clinical rating scales that lack the resolution to capture subtle improvements in mo-
tor function [16]. This lack of detailed feedback makes it difficult to personalize interventions
or quantitatively assess early signs of recovery. The combination of limited therapy dose and
imprecise outcome measures highlights an urgent need for new methods that can both augment
patients’ active practice and precisely monitor changes in neuromuscular function.

One technique to address this gap is Functional Electrical Stimulation (FES). FES is a
well-established neurorehabilitation method that uses controlled pulses of electrical current to
stimulate intact peripheral nerves, eliciting muscle contractions even when voluntary control
is lost [17]. FES enables task-specific practice, such as grasping or cycling, by artificially
activating paralyzed or weak muscles so the patient can perform a functional movement that
may otherwise be impossible. This added capability allows therapists and patients to increase
the number of movement repetitions and intensity of muscle use during therapy. For example,

studies have shown that FES-assisted training can improve muscle strength and endurance in



individuals with paralysis, enabling functional tasks after consistent practice with FES sup-
port [18, 17]. In this way, FES can augment both the quantity and quality of therapeutic ex-
ercise, which are key drivers of neuroplastic recovery. A major challenge to prolonged FES
use, however, is the rapid onset of muscle fatigue during stimulation [19]. Fatigue is a multi-
faceted decline in the muscle’s ability to generate force or power and it can arise from multiple
mechanisms. These include central fatigue, originating from diminished neural drive in the
brain or spinal cord; peripheral fatigue, involving impaired action potential transmission or
excitation-contraction coupling at the muscle fiber; metabolic fatigue, due to depletion of ATP
and accumulation of byproducts; and mechanical fatigue, related to structural failure in the
contractile machinery [20]. This thesis focuses primarily on peripheral and mechanical fatigue,
as detected through changes in muscle oscillations.

Under normal physiological conditions, motor units are recruited according to Henne-
man’s size principle: smaller, fatigue-resistant motor units activate first and larger, fast-twitch
units are added only as task demand rises [21]. Figure 1.2 illustrates this orderly progression.
In contrast, electrically evoked contractions do not follow this orderly recruitment. External
stimulation tends to recruit motor units in a non-selective or even reversed order, often activat-
ing larger, fast-fatiguing fibers at the beginning, leading to quicker fatigue accumulation in the
muscle compared to volitional exercise [19].

To counteract the FES-induced fatigue barrier, researchers have explored a variety of
strategies to prolong muscle performance under stimulation. One approach is to use multi-
electrode setups that spatially distribute activation across different portions of a muscle. By
rotating or asynchronously activating multiple electrode contacts, different muscle fiber groups
can be stimulated in an alternating pattern, allowing some fibers to rest while others contract.
This method has been shown to delay the decline in force output compared to using a sin-
gle electrode site [22]. Beyond hardware configurations, other approaches involve adaptive or
closed-loop control of FES parameters to optimize performance. In these methods, stimulation
intensity, frequency, or pulse patterns are automatically adjusted to deliver just enough stimula-
tion to achieve the desired movement while minimizing unnecessary muscle activation. Studies

indicate that fine-tuning the pulse parameters and incorporating feedback can improve fatigue
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Figure 1.2: Schematic illustration of Henneman’s size principle. During a voluntary contrac-
tion, motor units are recruited in an orderly, size-dependent sequence: small, fatigue-resistant
(slow-twitch) units are activated first, and progressively larger, fast-twitch units are added only
as greater force is required. Figure reproduced from [2].

resistance during FES exercise [23, 22]. Mitigating FES-induced fatigue is therefore critical for
unlocking the full therapeutic potential of the modality. With more fatigue-resistant systems,
patients could train longer and at higher intensities, potentially leading to greater functional
gains over the course of rehabilitation.

Analogous neuromuscular deficits arise in astronauts exposed to microgravity. Long-
duration exposure to microgravity causes physiological deconditioning of multiple systems,
notable the neuromuscular and musculoskeletal systems. Without gravity’s loading, astronauts
experience significant muscle atrophy and loss of bone mineral density, similar to an extreme
form of disuse syndrome [24]. Even with rigorous in-flight exercise protocols, extended mis-
sions inevitably lead to measurable declines in muscle strength and endurance, as well as
impairments in neuromotor coordination and balance upon return to Earth [25]. NASA’s re-
habilitation teams accordingly implement intensive post-flight therapy: crewmembers undergo
roughly 6 weeks of daily rehabilitation, including about 2 hours per day of progressive physical

training to restore their pre-flight levels of motor function [26].



From an engineering perspective, the constraints of spaceflight have driven interest in
compact, low-mass exercise technologies. NASA experts emphasize that any device which is
smaller, lighter, and capable of multiple functions will be favored for future missions due to the
premium on spacecraft resources [27]. In this context, FES-based exercise systems present an
intriguing solution: because FES can activate muscles without heavy weights or large resistance
machines, it could provide efficient strength training stimulus in microgravity. A lightweight
FES apparatus might help maintain muscle conditioning while reducing the bulk of exercise
hardware, potentially shortening the daily exercise time needed or even accelerating post-flight
recovery of muscle function.

Collectively, these challenges motivate new methods for quantifying muscle activation and
fatigue to guide FES protocols for terrestrial neurorehabilitation and spaceflight applications.
Innovations in sensing and adaptive control of muscle stimulation hold promise for extend-
ing therapeutic efficacy of rehabilitation beyond what is currently achievable with traditional

methods.

1.2 Review of Methods for Muscle Fatigue Analysis

A variety of tools have been explored to track muscle fatigue; however, each presents distinct
trade-offs with respect to accuracy, cost, and ease of use. This section discusses subjective
fatigue ratings, force measurement tools, electromyography, ultrasound, and mechanomyog-
raphy. Currently, no single modality satisfies every requirement, so researchers and clinicians
often trade precision for portability or physiological insight for simplicity. Selecting or combin-
ing the right tools depends on the setting, the population, and the specific information needed

to guide training or rehabilitation.

1.2.1 Subjective Fatigue Ratings

Subjective scales are commonly used to rate perceived fatigue because they are easy to admin-
ister and capture the participant’s experience. The Borg Rating of Perceived Exertion (RPE)

is one widely used scale in both exercise and rehabilitation. It assigns a numerical rating to a



person’s sense of effort, exertion, and fatigue [28]. Borg RPE scores correlate with physiolog-
ical measures like heart rate and have been extensively applied to monitor exercise intensity
in healthy individuals and patients [29]. In resistance exercise, RPE has been proposed as
an easy-to-use estimator of muscle fatigue, since it integrates multiple physiological cues of
strain. For example, one study found a significant correlation between RPE scores and EMG-
based fatigue monitoring during strength exercises, suggesting that perceived exertion rises
with objective muscle fatigue [30].

Another subjective measure is the Fatigue Impact Scale (FIS), which assesses how fatigue
affects physical, cognitive, and social activities [31]. Multi-dimensional scales like the FIS are
especially used in clinical contexts to capture fatigue’s broader impact. Notably, a recent re-
view recommended the FIS (along with similar mutli-domain scales) for a more comprehensive
assessment of fatigue, since simpler scales like the Fatigue Severity Scale (FSS) only address
physical fatigue [16]. In other words, FIS can reflect cognitive and daily life implications of
fatigue that a one-dimensional rating might miss. These subjective tools are easy and quick for
patients to complete and thus prevalent in both research and practice for fatigue monitoring.

However, subjective ratings have obvious limitations. Perceived fatigue may not always
align with objective neuromuscular fatigue levels. For instance, patients can under- or over-
report fatigue due to motivation, pain, or confusion about the scale. Studies have noted that
while questionnaires like the FIS or FSS are convenient, they provide only qualitative, low-
resolution information that does not always correlate with actual performance decrements.
Subjective fatigue scores are prone to variability and lack the reliability of instrumented mea-
sures [32]. Therefore, while subjective ratings are valuable for capturing the personal experi-

ence of fatigue, they are often complemented by objective methods in muscle fatigue analysis.

1.2.2 Force

Force measurement tools provide a direct way to quantify muscle fatigue as a decline in the
muscle’s ability to produce force or torque. By definition, muscle fatigue is “decrease in max-
imal force or power production in response to contractile activity”, so measuring force output

over time can reveal fatigue progression [33]. Common force measurement tools include:



Isokinetic Dynamometers: Large stationary dynamometers (e.g. Biodex system) that con-
trol joint movement velocity and widely used for muscle fatigability analysis. Isokinetic tests
allow accurate assessment of force decline during repeated maximal contractions, either iso-
metric or dynamic, under highly controlled conditions. Research has shown isokinetic dy-
namometry to be appropriate and safe even for clinical populations, providing reliable mea-
sures like peak torque and fatigue index. The drawback is that these devices are expensive,
non-portable, and require a trained operator, but they offer precise and reproducible results [34].

Handheld Dynanometers: Portable handgrip dynamometers or similar handheld force
gauges are widely used as a convenient alternative. They contain load cell sensors to mea-
sure force, typically in an isometric grip or push task. Despite their simplicity, handheld dy-
namometers have high reliability and can quickly quantify strength and fatigability in various
settings [35]. In neurorehabilitation, for example, a sustained decline in grip force or time-to-
fatigue measured by a handgrip device can indicate muscle endurance limits. These devices
have been extensively used to assess upper-limb fatigue in patients with NCs [34]. Their af-
fordability and ease of use make them suitable for routine fatigue monitoring.

Load Cells and Force Transducers: Load cells are versatile force sensors that can be inte-
grated into exercise equipment or wearable setups to monitor force output continuously [36].
For instance, a load cell fixed to a resistance band or robotic manipulandum can record the
force a muscle exerts during each repetition of an exercise. Time to failure or percent force
drop offer objective metrics of fatigue [36]. Instrumented setups, including smart gym equip-
ment or exoskeletons with force sensors, enable real-time fatigue assessment and can trigger
feedback (e.g. stopping exercise when force falls below a threshold). The challenge is the cost
associated with high fidelity sensors, which can often be hundreds of dollars and require proper
calibration.

Figure 1.3 shows two devices commonly used for force sensing discussed above: a laboratory-
grade isokinetic dynamometer and a portable hand-grip dynamometer. It should be noted that
force-based measures of fatigue are often used as reference standards. A classic indicator is
the decline in maximum voluntary contraction (MVC) force over a fatiguing task. Force mea-

surements are straightforward to interpret, but they measure the outcome of fatigue rather than



Figure 1.3: Representative equipment used to measure muscle force/torque: (a) Biodex
isokinetic dynamometer [3], which delivers controlled-velocity joint motions while record-
ing torque, and (b) Jamar hand-grip dynamometer [4], a compact tool for assessing static grip
strength.

the physiological cause. To gain insight into underlying mechanisms (neuromuscular activa-

tion, muscle fiber changes, etc.), force data is frequently combined with other methods like

electromyography or ultrasound imaging.

1.2.3 Electromyography

Electromyography is a core technique for analyzing muscle fatigue by recording electrical sig-
nals from muscle fibers. There are two primary types of EMG: surface EMG (sEMG) and nee-
dle EMG. Surface EMG, which uses electrodes secured to the skin, is non-invasive and widely
used to monitor neuromuscular activity during fatiguing exercises [37]. Figure 1.4 shows a
representative arrangement of SEMG sensors for upper extremity muscle analysis. As a mus-
cle fatigues, characteristic changes occur in the EMG signal due to physiological factors such
as muscle fiber conduction slowing and motor unit recruitment shifts. EMG fatigue metrics
commonly include a decrease in frequency content of the signal and in increase in amplitude-

based measures over the course of sustained activity [38]. These parameters have been widely



Figure 1.4: Multi-electrode surface EMG setup for upper limb muscle analysis. Low profile
wireless sensors are placed over the muscle bellies to capture muscle activity while allowing
unrestricted movement. Figure reproduced from [5].

reported in literature, providing insight into the muscle’s electrical behavior as it tires [39]. In
contrast, needle EMG involves inserting a fine wire or needle electrode directly into the muscle
to record activity from individual motor units. While invasive and less suitable for continuous
monitoring, needle EMG provides higher spatial resolution and is often used clinically for di-
agnosing neuromuscular disorders [40]. It offers detailed information about motor unit firing
patterns, recruitment, and pathological behavior at the single-fiver level. Overall, EMG is a
powerful tool for fatigue monitoring and has been applied in sports, ergonomics, and rehabili-
tation for decades.

However, EMG analysis is not without challenges. Signal quality can be affected by fac-
tors such as electrode placement, skin impedance, and poor preparation can mask genuine
physiological changes [41]. Furthermore, using EMG in scenarios involving Functional Elec-
trical Stimulation adds another complication. When electrical stimulators activate a muscle,
the EMG electrodes pick up large stimulation artifacts that can saturate the signal and obscure

underlying myoelectric activity [42]. Researchers have developed techniques to deal with this



interference, such as using filtering methods to remove the known stimulus frequency compo-
nents, however obtaining reliable fatigue tracking in practical FES applications remains diffi-
cult [43, 44]. While EMG is an important fatigue analysis method, alternative or supplementary
signals are often considered when external stimulation is involved due to EMG’s sensitivity to

electrical interference.

1.2.4 Ultrasound

Diagnostic ultrasound imaging of muscle is an emerging method to evaluate muscle activity
and fatigue. Ultrasound offers visualization of muscle morphology and movement beneath the
skin [45]. A probe aimed at the belly of a contracting muscle can track fascicle length, penna-
tion angle, and tissue strain, and speckle-tracking or echogenicity metrics have been shown to
mirror fatigue-related declines in force during both voluntary and FES-evoked tasks [46, 47].
Because sound waves penetrate deeper than surface electrodes, ultrasound can monitor mus-
cles that SEMG cannot reach and is immune to the electrical artifacts that plague EMG during
stimulation.

The trade-off is cost and complexity. High quality cart-based scanners, shown in Fig-
ure 1.5, routinely cost tens of thousands of dollars and even newer handheld units remain far
more expensive than other alternatives; historically, system price and size have limited the use
of ultrasound for point-of-care fatigue monitoring [48]. Acquiring useful data also demands a
skilled operator to maintain probe position, a high frame rate to capture rapid tissue motion,
and intensive image processing pipelines. Most fatigue studies therefore rely on offline analysis
rather than true closed-loop control [49, 50]. These hardware and computational burdens make
real-time ultrasound based fatigue feedback feasible today only in tightly controlled laboratory

settings.

1.2.5 Mechanomyography

Mechanomyography (MMG) is the technique of measuring the mechanical vibrations produced
by muscles during contraction. When muscle fibers activate, they generate small lateral oscil-

lations in the muscle belly [51]. MMG sensors, typically accelerometers or low-frequency
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Figure 1.5: Representative cart-mounted diagnostic ultrasound platfrom with handheld probe.
The wheeled console integrates power supply, high-channel beam-former electronics, and a
display/controls unit, illustrating the infrastructure requirements that limit portability.
microphones attached to the skin, capture these mechanical signals. The MMG signal can be
thought of as the physical counterpart to the EMG signal: instead of electrical activity, it reflects
the muscle’s mechanical response as motor units fire. MMG is sensitive to changes in muscle
fiber contraction dynamics and exhibits characteristic signal changes as a muscle fatigues [52].
Trends in MMG have been shown to parallel those in EMG in many cases, giving MMG a
physiological interpretability similar to that of EMG but from purely mechanical data [53, 54].
MMG can provide a rich source of information on muscle fatigue, capturing aspects like muscle
tremor, firing rate changes, and motor unit recruitment shifts from a mechanical perspective.
One of the biggest advantages of MMG for certain applications is that it is immune to elec-
trical artifacts. Unlike EMG, MMG is not affected by electromagnetic interference from FES
pulses or other electronic equipment [55]. This makes MMG extremely attractive for wear-
able fatigue monitors and FES-integrated systems. In scenarios such as FES-assisted exercise
where EMG is unreliable due to stimulation artifacts, MMG can reliably capture the mechan-
ical response of the muscle without contamination. Overall, MMG is a promising method for

muscle activity analysis, especially when wearability and FES-compatibility are concerns. It is
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non-invasive and inexpensive, and because it measures mechanical vibration, can be used when
EMG or other methods are not feasible. Researchers have concluded that MMG is a valid and
reliable measure of muscle activity, and they encourage further development of MMG-based

wearables for rehabilitation [56].

1.3 Thesis Outline

This thesis is structured as follows: Chapter 2 details the rationale for selecting an accelerometer-
based sensor, the sensor setup used throughout this work, and the procedure for signal acquisi-
tion and processing. Chapter 3 investigates mechanomyography behavior during sustained iso-
metric contractions, establishing signal characteristics and fatigue markers. Building on these
results, Chapter 4 extends analysis to dynamic contractions. Chapter 5 integrates SEMG with
MMG in a fatiguing protocol, offering a comparative case study that explores the complemen-
tary information provided by electrical and mechanical muscle activity. Chapter 6 synthesizes
experimental outcomes and outlines directions for translating MMG-based fatigue metrics into
closed-loop, real-time control schemes. Collectively, this work validates MMG as a viable
tool for fatigue assessment and provides a methodological framework for its future integration
into assistive and rehabilitative devices. Figure 1.6 offers a visual representation of the thesis

contributions.
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Figure 1.6: Conceptual overview of the proposed MMG-based fatigue monitoring and FES con-
trol framework. As the muscle activates, a wearable sensor captures its mechanical vibrations
and which are then transmitted to a computer for signal processing. Time and frequency fea-
tures are then extracted to determine the onset of muscle fatigue. Although this thesis focuses
on developing the fatigue measure, the end goal is to incorporate this metric into a real-time
controller for FES systems.
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Chapter 2

Sensor Development

Muscle generated oscillations can be measured by local pressure waves, surface displacement,
or linear acceleration, and each physical manifestation lends itself to a distinct sensing tech-
nology [57]. Selecting an appropriate device therefore requires a balanced consideration of
bandwidth, power demand, and overall robustness in a clinical or home-based environment.
Sensor mass is also a critical parameter. A comparative study of the signal obtained from the
rectus femoris from sensors of varying masses shows that MMG sensors should weigh no more
than 13 grams, as heavier sensors can dampen the muscle signal [58]. Any sensor intended
for long-term, wearable use must therefore be both mechanically lightweight but also robust
enough to withstand repeated use. The following chapter outlines the principal options that

have appeared in MMG literature and describes the sensor used in the present work.

2.1 Survey of MMG Sensor Technologies

2.1.1 Condenser Microphones

Early MMG studies relied on condenser microphones pressed lightly against the skin. These
tiny transducers are extremely sensitive to pressure waves in the 5-100 Hz range where most
MMG energy resides, and their mass is negligible such that they do not significantly load
the tissue [59]. However, microphones are equally sensitive to airborne noise and handling
artifacts. External sounds, cable rubbing, or even a clinician’s voice can be picked up by
the microphone, complicating recordings unless measurements are taken in a sound-treated

room [60]. Condenser microphones also require a dedicated preamplifier and careful acoustic
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sealing against the skin. Any slight changes in the coupling can alter the recorded signal. Thus,
while microphones provide excellent sensitivity, their susceptibility to ambient noise and need

for controlled conditions make them less practical outside of laboratory environments.

2.1.2 Piezoelectric Contact Sensors

Piezoelectric contact sensors convert minute skin deformations directly into voltage. Even a
small piezoelectric element produces a relatively large signal in response to muscle vibrations
so MMG signals can be recorded without additional amplification. However, the piezoelectric
ceramic is brittle and typically bonded to a stiff backing to prevent cracking and stabilize the
sensor. This added mass and casing introduce inertia that can filter out the highest frequency
components of the muscle vibration [61]. In practice, the sensor’s own resonance can dominate
the output, meaning the recorded waveform may reflect the sensor’s mechanical properties as
much as the muscle’s true motion. While piezoelectric contact sensors have been widely used
in MMG research for their simplicity and strong signal, one must be mindful that they can
attenuate or distort higher frequency muscle tremor content. The sensor’s bulk and the need for

firm mounting can also introduce movement artifacts if not well secured.

2.1.3 Accelerometers

Contemporary investigations have shifted toward micro-electromechanical-system (MEMS)
accelerometers for MMG. These tiny chips measure the linear acceleration of the muscle sur-
face, providing a direct representation of muscle movement that is inherently immune to acous-
tic noise. Modern MEMS accelerometers also feature an almost flat frequency response over
the MMG range, meaning they capture both low- and high-frequency muscle oscillations with-
out the sensor coloring the signal [62]. Another practical advantage is that accelerometers can
be integrated easily into wearable setups; they are robust against sweat, have on-chip signal
conditioning, and weigh only a few grams. Overall, accelerometers have become the prevalent
MMG sensor in recent years, especially for wearable and clinical applications, due to their

small size, reliability, and insensitivity to environmental noise [63]. They offer a good balance
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of bandwidth and robustness, which is why the present work utilizes an ADX1L.367 accelerom-
eter (Analog Devices, Norwood, MA, USA), shown in Figure 2.1, as the MMG transducer of
choice. The following sections detail the technical specifications of this sensor and the data

acquisition setup in this work.

2.2 Sensor Selection

2.2.1 Justification

Given the constraints of size, cost, and robustness, a MEMS accelerometer is the most balanced
solution for a wearable MMG platform. Accelerometers tolerate sweat and motion, can be inte-
grated with adhesive patches without elaborate housings, and dominate recent MMG literature,
providing a large comparative database and validated processing pipelines. Their insensitivity
to high-voltage pulses used in functional electrical stimulation also overcomes the stimulation

artifacts that routinely contaminate surface EMG.

2.2.2 Sensor Specifications

This sensor measures tri-axial acceleration at a sampling rate of 400 Hz, has a sensitivity of £2
g, and is lightweight with a mass of 4 grams. While a 1000 Hz sampling rate is often reported
in literature, MMG energy is typically confined to 5-100 Hz, with only sporadic components
approaching 150 Hz during very rapid contractions [52]. By the Nyquist criterion, a 400 Hz
output rate should cleanly capture all physiologically relevant signal content. The £2 g sensi-
tivity range also provides room for motion artifacts, such as limb shifts and cable tugs which
rarely exceed +1 g, while keeping the resolution high [64]. Operating at a lower sampling rate
also reduces storage requirements and microcontroller workload, enabling longer recordings
and on-board real-time feature extraction essential to eventual closed-loop FES applications.
This sensor configuration balances physiological bandwidth and system level efficiency while
also testing whether clinically useful MMG metrics can be obtained without the traditional

1 kHz overhead.
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Figure 2.1: Analog Devices ADXL 367, an ultra-low-power, three-axis MEMS accelerometer.
The central black QFN package houses the sensing element and on-chip signal conditioning,
while the surrounding castellated pads and vertical pin header expose power SPI/I>C interface,
and interrupt lines. The compact 18 mm x 18 mm PCB keeps added mass below 2 g [6].

2.3 Sensor Setup

Flexible, 32-AWG silicone-enclosed wires carry power and SPI signals between the ADXIL.367
and a Raspberry Pi Pico microcontroller (Raspberry Pi Foundation, Cambridge, UK). Table 2.1
outlines the corresponding wiring connections between the two devices. The low mass of
the sensor allows for it to be secured over the muscle of interest with double-sided adhesive
without restricting natural movement. Firmware adapted from the manufacturer initializes the
accelerometer, time-stamps each triaxial sample, and streams the data over USB at 400 Hz. A
companion Python script running on the host computer captures the stream and writes it to a
disk as a timestamped CSV file, which is presented in Appendix A.1. Once acquisition is com-
plete, a MATLAB script is used to import the raw acceleration, apply a 4" order Butterworth
bandpass filter (5-100 Hz), and compute both temporal and spectral metrics as presnted in Ap-
pendix A.2. Root Mean Square (RMS) amplitude, the primary temporal feature, quantifies the
magnitude of mechanical oscillations and reflects the intensity of motor recruitment. Mean
Power Frequency (MPF), the primary spectral feature, indicates the average frequency content

of the signal and is sensitive to changes in muscle contraction dynamics and firing rates [65].

17



These features are then tracked over time to identify key inflection points that signify fatigue
onset. Figure 2.2 summarizes this workflow, from muscle activation through embedded ac-
quisition to offline feature extraction and fatigue classification. The same pipeline is used in
the experimental protocols described in Chapters 3 and 4, ensuring methodological consistency

throughout this thesis.

Table 2.1: Wiring Connections Between Raspberry Pi Pico and ADXL367

ADXIL367 Pin | Raspberry Pi Pico Pin Function

VS 3V3 (0UT) Power Supply

VIO 3V3 (0UT) Logic Level Supply

GND GND Ground

INT1 GP9 Interrupt Output

SCLK GP18 SPI Clock
MOST GP19 SPI MOSI (Master Out Slave In)
MISO GP16 SPI MISO (Master In Slave Out)

CS GP17 Chip Select

g )
7 " Muscle
/74 Activation
€

< y

Raw Data

: Triaxial
= Acceleration |
----- (ADXL367)

Raspberry Pi

Pico + Python
(Raw data— CSV)

—— MATLAB Processing ————
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4th-order Butterworth
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Temporal Spectral
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(RMS) (MPF)

6 Fatigue
Criterion

Figure 2.2: Mechanomyography signal acquisition and processing workflow used through-
out this thesis, Muscle activation is first converted into triaxial acceleration by a lightweight
ADXL367 sensor, and the raw signal is streamed to a Raspberry Pi Pico, where it is time-
stamped and saved as a CSV file. Offline MATLAB algorithms apply a 4th order Butterworth
bandpass filter, then perform temporal and spectral feature extraction to compute a fatigue cri-
terion that drives subsequent analyses.



By pairing a state-of-the-art MEMS accelerometer with a lightweight microcontroller and
an efficient data pipeline, the present system demonstrates that clinically meaningful MMG
metrics can be obtained without the bandwidth, storage, and cost overhead typical of other
sensor platforms, The approach lays the groundwork for future closed-loop FES applications
in which real-time fatigue monitoring must coexist with electrical stimulation in uncontrolled

environments [66].
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Chapter 3

MMG During Static Contractions!

3.1 Introduction

People living with neurological conditions rarely lose strength in a uniform and consistent way.
Instead, they develop abnormal muscle activation ”synergies”, recruit stronger muscles to mask
weaker ones, and adopt compensatory movement patterns that gradually reinforce the very
deficits they wish to overcome [67]. These complex adaptations make it difficult to pinpoint
which individual muscles or joints are truly limiting a person’s functional recovery. Static, or
isometric, testing offers a practical way to approach that problem. By fixing the limb in a single
posture, I can analyze torque-generation capacity at a particular joint angle, expose hidden left-
right asymmetries, and observe how quickly specific muscles fatigue when they cannot borrow
momentum from the rest of the body.

From a training perspective, isometric work is not just a diagnostic tool. Repeated static
contractions have been shown to boost peak force, stimulate muscle hypertrophy, and, in some
cases, improve tendon thickness [68]. Such adaptations can translate to more efficient move-
ment profiles during dynamic actions. Because the joint angle can be selected to match an
individual’s weak range (for example, mid-range elbow flexion after stroke), isometrics let
clinicians deliver targeted overload stimulus without requiring complex equipment or full-body
stability.

Sophisticated fatigue estimation approaches already exist for isometric work. Several

groups have used load cells to track torque decay ratios, while others have applied advanced

"Portions of this chapter were presented in the 2025 Modeling, Estimation, and Control Conference (MECC).
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signal processing pipelines to force and FES data [69, 70]. While these methods are powerful,
they rely on hardware that is relatively expensive and often confined to laboratory settings.
Mechanomyography offers a lower-cost alternative with signal processing requirements
that are modest by comparison. During isometric exertion, MMG amplitude and frequency
content change in characteristic ways as motor recruitment rises and fatigue sets in [71]. Track-
ing those changes in real-time could therefore add an objective fatigue threshold to isometric
therapy sessions, help therapists decide when to pause or progress a set, and give patients
an identifiable sign of improvement from week to week. This chapter therefore investigates
MMG behavior during sustained isometric contractions of the elbow flexors and develops a
dual-criterion fatigue threshold that integrates temporal and spectral metrics to indicate fatigue
onset. We also demonstrate that a compact MMG sensor with a lower bandwidth than many
devices commonly reported in literature still captures relevant signal changes during prolonged
isometric contractions, underscoring MMG’s practicality for both clinical and home-based re-

habilitation.

3.2 Materials and Methods

3.2.1 Participants

This study was performed in accordance with the Institutional Review Board (IRB) at Auburn
University (+22-559 MR 2301). Three healthy participants, free of any physical or cognitive
impairments, were recruited. Key subject demographics can be found in Table 3.1. Each sub-
ject provided informed consent prior to their involvement in the experiment. Given that the
current study was designed as a proof-of-concept, the sample size was kept small to demon-

strate feasibility of the approach and to explore preliminary outcomes.

Table 3.1: Participant demographics with activity (Act) and fitness (Fit) levels.

ID | Age | Sex | Ht (cm) | Wt (kg) | Act Level | Fit Level
PO1 | 24 F 163 61.2 Mod Adv
P02 | 22 M 178 63.5 Light Beg
P03 | 27 M 178 83.9 Mod Adv
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3.2.2 Experimental Protocol

Prior to the main experimental trials, each participant’s Maximum Voluntary Isometric Con-
traction (MVIC) was determined using an adjustable dumbbell. Subjects were provided with a
five-minute warm-up period to stretch, familiarize themselves with the equipment, and optimize
their grasp. During MVIC determination, the dumbbell’s weight was increased incrementally.
For each increment, the participant was instructed to hold the weight in a supinated position
for three seconds while maintaining a consistent posture. The heaviest weight that could be
held steadily for the full duration was recorded as the participant’s MVIC. After MVIC deter-
mination, a 30-minute rest period was provided to minimize the effects of fatigue before the
sustained isometric tasks. The MVIC values, calculated submaximal loads, and corresponding

endurance times are presented in Table 3.2.

Table 3.2: MVIC load and endurance time at each contraction level.
Participant | MVIC | 20% MVC | 40% MVC | 80% MVC
kg) | (kg (s |kg) ) | kg ()

P01 139 | 27 445 | 54 176 | 109 32
P02 159 | 32 333 | 64 100 | 12.7 18
P03 181 | 3.6 406 | 7.3 80 |145 9

Following this rest period, participants performed isometric holds of the dumbbell loaded
with weight corresponding to 20%, 40%, and 80% of their MVIC. These levels were chosen
because they span a wide physiological range; from low-intensity effort typical of everyday
tasks, through a moderate training load that stresses both endurance and strength, to near max-
imal effort where fatigue develops rapidly [72]. For each trial, the participant sat upright in a
chair with the upper portion of the arm braced against the chair back, grasped the dumbbell in a
supinated position, and maintained an elbow flexion of 90° for as long as possible. This posture
was held until failure, which was defined as the instant when the participant could no longer
sustain 90° of elbow flexion. Throughout each trial, a monitor displayed visual feedback of the
dumbbell position to help the participant maintain the correct posture. The trial concluded once
failure was reached for the given contraction level. Each participant was given a 30-minute rest

period to recover between trials. Figure 3.1 illustrates the experimental setup, highlighting the
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participant’s posture, the accelerometer placement and the real-time feedback provided during

the static dumbbell hold.

3.2.3 Data Acquisition and Signal Processing

The ADXL367 accelerometer was attached to the muscle belly of the biceps brachii using
medical-grade double-sided adhesive. The biceps brachii was selected for two practical rea-
sons. First, its superficial location means that the vibration field recorded at the skin surface is
dominated by the biceps itself, reducing crosstalk from the deeper brachialis or nearby shoulder
musculature. Second, the muscle contains an almost even mix of type I (slow-twitch) and type
IT (fast-twitch) fibers, so its mechanomyographic response should capture fatigue-related be-

havior characteristic of both fiber types and offers a balanced representation of neuromuscular

Visual Feedback
MMG Sensor

Figure 3.1: Experimental setup for capturing MMG signals during a static dumbbell hold. The
participant maintains the posture shown with an accelerometer placed over the muscle belly to
record the mechanical vibrations. The coordinate system illustrated indicates the x, y, and z
axes. Real-time visual feedback of the dumbbell’s position is provided to help maintain proper
posture throughout the trial.
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adaptations seen in many upper-limb tasks [73]. The placement followed standard EMG sensor
location guidelines to maximize consistency between participants [74].

The accelerometer captured acceleration data along three axes at a sampling rate of 400
Hz. Data were transmitted from the sensor to a laptop via a Raspberry Pi Pico (Raspberry Pi
Foundation, Cambridge, UK) and stored in .csv format with synchronized timestamps mark-
ing the beginning and end of each trial. All data processing was performed using MATLAB
(MathWorks, Natick, MA, USA). To isolate the MMG content, the raw accelerometer data were
band-pass filtered between 5 and 100 Hz using a 4""-order Butterworth filter, a range shown to
capture the dominant power of muscle vibrations while rejecting artifacts, in accordance with
recommendations from previous literature [75]. Frequencies below 5 Hz are largely due to
global arm sway, subtle posture adjustments, or sensor cable movement, whereas components
above 100 Hz are dominated by electromagnetic interference (EMI) rather than muscle fiber
oscillations. The chosen filter therefore preserves physiologically relevant MMG information
while attenuating motion artifacts and high-frequency interference that could contaminate am-
plitude and spectral fatigue metrics. Figure 3.2 presents a comparison between the raw and

filtered MMG signals recorded from the Z-axis.
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Figure 3.2: Comparison of the raw (top) and filtered (bottom) MMG signals in the Z-axis
recorded from the accelerometer. The filter is designed to capture the typical frequency band at
which oscillations occur, resulting in a cleaner signal.
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3.2.4 Feature Extraction

Within each trial, time- and frequency-domain features were calculated using a 50-ms moving
window to characterize the changing state of muscle activity over time. Specifically, the root
mean square (RMS) amplitude of the acceleration signal was computed to represent changes
in the overall vibration magnitude, which serves as a measure of motor unit recruitment and
muscle activation. In addition, the mean power frequency (MPF) was extracted to capture
shifts in the frequency content of the signal, which are indicative of changes in motor unit
firing rates. Previous studies have demonstrated that while amplitude increases can signal in-
creased effort and motor unit recruitment during the progression of fatigue, declines in MPF
are associated with the slowing of muscle fiber conduction and reduced firing rates as fatigue
develops [76, 53]. To further enhance the reliability of these measures, the data were smoothed
using a moving average, corresponding to 10% of total endurance time, which helped to reduce
transient fluctuations and noise, allowing for clearer identification of characteristic trends in the
signal.

The RMS and MPF traces in this study were normalized to the mean of the first 10% of
each trial, based on the assumption that the muscle was in a non-fatigued, fresh state during
this period. This approach aligns with prior MMG research where baseline normalization is
used to account for inter-subject and inter-session variability [77]. Furthermore, trial time was
expressed as a percentage of the participant’s total endurance time under a specific load. This
normalization process facilitates direct comparison of muscle activity patterns across trials with
varying absolute durations, enabling a more standardized assessment of fatigue dynamics.

Our analyses revealed that features derived from the magnitude of the acceleration sig-
nal offered a cleaner profile of overall muscle activity, minimizing the effects of axis-specific
noise. Figure 3.3 presents the averaged RMS and MPF of the acceleration magnitude across
all participants for each of the three contraction levels (20%, 40%, and 80% MVIC). Across
all trials, RMS values showed a consistent upward trend, while MPF values declined steadily,
reflecting progressive fatigue. These group-level trends reinforce the suitability of RMS and

MPF as core features for fatigue analysis and threshold definition.

25



0.8

0.6

0.2

14

MPF

20% MVC

0.8

0.6

0.4

40% MVC

1.8

1.6

1.4

12

0.8

80% MVC

15

14.5

14

13.5

13

12.5

0.6
17

16

14

13

0 02 04 06 08 1 0 02 04 06 08 1 0 02 04 06 08 1
Normalized Time

Figure 3.3: Group-averaged RMS (top row) and MPF (bottom row) features computed from the
acceleration magnitude of MMG signals during sustained isometric contractions at 20%, 40%,
and 80% of MVC. All values are plotted over normalized endurance time. Shaded regions
represent standard deviation across participants. Across all conditions, RMS increases while
MPF decreases over time, reflecting consistent patterns of fatigue development.

By focusing on RMS and MPF features, both of which are well-supported by the litera-

ture as indicators of muscle activation and fatigue, this feature extraction approach provides a

framework for subsequent fatigue analysis and derivation of a fatigue threshold.

3.3 Results

Trend-based inspection of the feature trajectories in Figure 3.3 showed that fatigue consis-
tently emerged once the RMS amplitude had increased roughly 40% above its baseline and
the corresponding MPF had decreased by about 3%. To formalize this observation, the per-
centage change of each feature relative to the baseline values were computed in one-second
epochs. The normalized curves from all trials were then superimposed, and the inflection point
at which both features crossed the +40%/-3% lines was visually verified to align with the onset

of visible tremor and decline in posture control that precedes failure.
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These empirical boundaries were then used to develop an algorithm to identify the epoch
during which three consecutive windows met both criteria, signifying the onset of fatigue.
Across participants and contraction levels, this consistently occurred between 60% and 80%
of the individual’s endurance time, confirming the robustness of the threshold. This dual-
condition requirement helped mitigate the effects of transient signal fluctuations that might
otherwise be misinterpreted as fatigue. For example, isolated increases in RMS may occur
due to movement artifacts or instability, while decreases in MPF could result from temporary
changes in signal quality. Requiring both features to exceed their respective thresholds ensured
that only sustained, physiologically relevant changes were labeled as fatigue onset. Figure 3.4
illustrates a representative trial, highlighting the progression of RMS and MPF features over
normalized time and marking the point at which both thresholds are crossed. This visualization

demonstrates how the dual-feature approach clearly identifies fatigue onset.

Dual-Criterion Fatigue Detection
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Figure 3.4: Representative trial illustrating the dual-criterion fatigue detection method. RMS
(top) and MPF (bottom) signals are plotted over normalized endurance time, with dashed lines
indicating the 40% RMS increase and 3% MPF decrease thresholds. Fatigue onset is identified
at the point where both features simultaneously exceed their respective thresholds, marked
by the vertical dotted line and open circles. This approach enhances robustness by requiring
sustained changes in both time- and frequency-domain features before classifying the onset of
fatigue.

27



Overall, this empirically defined fatigue threshold offers a simple yet effective means of
identifying muscle fatigue onset using MMG signals. Its consistency across trials and sen-
sitivity to different contraction levels suggest that it could serve as a foundation for a more
comprehensive fatigue index or classifier, paving the way for real-time adaptive control strate-

gies in rehabilitation applications.

3.4 Discussion

These results support the viability of MMG as a practical and informative tool for monitoring
muscle fatigue during sustained isometric contractions. Consistent with prior work, we ob-
served that MMG-derived features—specifically the root mean square (RMS) amplitude and
mean power frequency (MPF)—undergo characteristic changes as fatigue progresses. RMS
amplitude, which reflects the magnitude of mechanical oscillations associated with motor unit
recruitment, consistently increased over the course of each trial. This trend is well-documented
in the literature and is thought to reflect the recruitment of additional motor units to maintain
force output as previously activated fibers begin to fatigue.

Simultaneously, the MPF of the MMG signal showed a consistent decline, indicative of
slowing muscle contraction dynamics and reduced motor unit firing rates. This frequency-
domain shift parallels similar findings in EMG literature, where reductions in median or mean
frequency are attributed to decreases in conduction velocity and changes in action potential
synchronization [78]. In MMG, however, the frequency shift likely reflects changes in the
mechanical properties of the muscle itself, such as stiffness and damping, as well as alterations
in neuromuscular control strategies [79]. The consistency of these spectral changes across trials
and participants suggests that MMG-derived MPF may be a reliable metric for physiological
fatigue markers.

By defining a dual-feature threshold—40% increase in RMS and 3% decrease in MPF—we
were able to identify a consistent window of fatigue onset between 60% and 80% of endurance

time across all conditions. This is particularly promising for real-time applications, where a
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fatigue indicator based on robust and interpretable features is more valuable than complex esti-
mations that require high computational demand. Previous studies have derived fatigue thresh-
olds from MMG signals in conjunction with external force measurements using load cells or
dynamometers[a mechanomyographic]. While effective, such methods require additional hard-
ware and calibration, which can increase system complexity and cost. In contrast, the approach
presented in this paper defines the fatigue threshold directly from MMG signal features with-
out relying on force measurements, offering a simpler and more accessible solution, especially
valuable for wearable systems and settings where force-sensing equipment may not be feasible.

Overall, these results highlight MMG's potential as a low-cost, artifact-resistant, and inter-
pretable alternative to EMG for muscle fatigue monitoring. The proposed dual-feature thresh-
old provides a simple and effective way to detect fatigue onset in real time. With continued
development, MMG-based fatigue estimation could be integrated into adaptive FES protocols
to optimize stimulation parameters, prevent overexertion, and improve the efficacy and duration
of rehabilitation interventions. This work lays the groundwork for such systems by demonstrat-
ing both the feasibility and reliability of fatigue detection using MMG signals under controlled

conditions.

3.5 Limitations

There were several limitations in the current study that warrant discussion. First and foremost,
the small sample size of three participants across a limited number of trials may have con-
strained the generalizability of the findings. With such a small dataset, individual variability
had a larger impact on overall trends, and outlier behavior could disproportionately influence
the identified fatigue thresholds. Although the consistency of the observed trends across trials
was encouraging, a larger and more diverse sample would be necessary to further validate the
robustness of the proposed threshold across broader populations.

Additionally, differences in participants’ baseline fitness levels and muscle conditioning
may have introduced variability in MMG signal characteristics. Factors such as muscle fiber
composition, training history, and neuromuscular efficiency can all influence signal amplitude

and spectral features, potentially affecting the timing and expression of fatigue-related changes.
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While the use of normalized metrics helped to mitigate some of this variability, future studies
should consider including physiological measurements such as muscle cross-sectional area or
body composition to better contextualize signal patterns.

Postural control was another constraint. To keep the protocol simple and inexpensive, we
did not rigidly fix the shoulder or torso. As fatigue set in, participants could have unconsciously
shifted their shoulder, leaned, or swayed in such a way that altered the load distribution and, by
extension, MMG characteristics. Motion-capture markers or lightweight bracing could verify
posture and isolate true muscular fatigue from compensatory mechanics.

Another limitation was the use of a single sensor placed over one muscle. While the biceps
brachii is a relatively isolated and commonly studied muscle, muscle fatigue often involves
complex coordination across multiple synergistic and antagonistic muscles. Using multiple
sensors or examining muscle groups involved in more functional, dynamic tasks could improve

the validity of the approach.

3.6 Future Work

While the current thresholding method showed strong consistency, it is important to acknowl-
edge that fatigue is a complex process that may not be fully captured by RMS and MPF alone.
Future work could enhance the sensitivity and specificity of fatigue detection by incorporating
additional features. Entropy-based metrics, for instance, can quantify the signal’s complex-
ity, which tends to decrease with fatigue due to more synchronized motor unit activation [80].
Time-domain metrics such as zero-crossing rate (ZCR) could further describe changes in oscil-
latory behavior, while joint time-frequency methods like wavelet transforms may reveal transi-
tions that are not apparent in static time or frequency domains [81, 82].

Beyond feature engineering, advanced data-driven approaches offer another promising av-
enue. Machine learning classifiers, such as support vector machines (SVM) or neural networks,
could be trained to recognize patterns associated with fatigue more robustly than static thresh-
olds. These models could incorporate not only MMG features but also user-specific information

and contextual cues, potentially enabling personalized fatigue monitoring systems. Moreover,
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regression-based models could be used to predict time to failure or remaining endurance, offer-
ing more proactive control strategies rather than simple fatigue detection.

Future work will focus on refining this threshold-based approach and developing a more
comprehensive fatigue index capable of predicting the onset of fatigue before performance
degradation occurs. To support this, the dataset should be expanded across a larger and more
diverse participant pool, including individuals with neurological impairments, to assess clinical
viability. Feature extraction will also be enhanced by exploring additional signal characteristics
to capture more nuanced aspects of fatigue development. Beyond static tasks, this methodol-
ogy will be extended to other muscle groups and adapted for dynamic movements to better
reflect functional motor behaviors. This includes the simultaneous analysis of synergistic mus-
cle pairs, enabling broader application in multi-joint rehabilitation settings. To further improve
accuracy and enable real-time implementation, we also aim to explore advanced modeling tech-
niques such as nonlinear regression and machine learning-based classifiers.

Translational work will focus on functional electrical stimulation (FES) applications. Mount-
ing the forearm on a simple support and running recruitment curves at several elbow angles
should allow for clean MMG data collection during FES-evoked contractions to analyze how
stimulation intensity, joint angle, and fatigue interact. Coupling MMG with a load cell would
add a direct mechanical reference, allowing further confirmation that the proposed MMG
threshold coincides with the classically accepted decline in torque. A force transducer was
not included in this study to keep costs low and demonstrate that MMG alone can identify

fatigue onset, but future studies should incorporate one for validation.

3.7 Conclusion

This study presented a proof-of-concept framework for monitoring muscle fatigue in the biceps
brachii using MMG signals collected via a wearable accelerometer. Our preliminary results
demonstrate that time- and frequency-domain features, specifically RMS amplitude and MPF,
consistently reflect fatigue progression during sustained isometric contractions. The proposed
dual-feature threshold offers a simple yet effective method for detecting fatigue onset, with

clear trends observed across different contraction levels and participants.
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While MMG may not offer the same level of physiological detail or sensitivity as more
complex methods such as EMG or ultrasound imaging, its advantages in cost, weight, and
ease of integration make it an appealing option for rehabilitation applications. In many real-
world or resource-limited clinical settings, it may not be feasible to deploy bulky or high-
maintenance technologies. The simplicity and robustness of MMG make it especially well-
suited for wearable systems and at-home therapy, where low-power and low-latency signal
acquisition is essential.

Ultimately, by enabling real-time detection and response to muscle fatigue, this MMG-
based approach has the potential to significantly enhance the effectiveness, safety, and person-
alization of rehabilitation protocols—supporting longer and more productive therapy sessions

and improving outcomes for individuals with motor impairments.
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Chapter 4

MMG During Dynamic Contractions

4.1 Introduction

Regaining the ability to perform purposeful, multi-joint actions is the ultimate goal of most
upper-limb rehabilitation programs. Although the previous chapter focused on sustained iso-
metric holds, ADLs usually require muscles to work through changing lengths and velocities,
often under intermittent loads. Dynamic contractions involve a more complex interplay of neu-
ral drive, contractile mechanics, and limb inertia; consequently, the mechanomyographic sig-
nals generated can differ from the cleaner patterns seen during static effort [54]. Understanding
these differences is essential for MMG to serve as a practical bio-signal for monitoring fatigue
or controlling assistive devices in everyday activities.

Studies suggest that MMG amplitude still tends to rise and its dominant frequency still
drifts downward as fatigue progresses, but the trajectories are noisier and often superimposed
on large artifacts from limb movement [79]. Parameters such as contraction velocity, range of
motion, and whether the action is concentric or eccentric further shape both the magnitude and
spectral profile of the signal. It is therefore unclear whether the threshold values derived from
static holds translate directly to tasks in which the muscle length is continuously changing. At
the same time, dynamic tasks provide provide additional information that could enrich fatigue
assessment if characterized properly.

This chapter explored how MMG behaves during repetitive elbow flexion and extension

cycles performed at varying load levels. By comparing these recordings with the static data,
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the chapter aims to determine whether a similar MMG-based fatigue index can be used for

dynamic activities.

4.2 Materials and Methods

4.2.1 Participants

For this proof-of-concept study, nine healthy adults with no known physical or cognitive im-
pairments were recruited. Key demographic, anthropometric, and self-reported activity data
are summarized in Table 4.1. Before participation, every volunteer provided informed consent

and received step-by-step verbal and visual instructions outlining the full study procedure.

Table 4.1: Participant demographics including activity (Act) and fitness (Fit) levels.

Subject | Age | Gender | Ht Wt | Act Level | Fit Level
(yrs) (cm) | (kg) Level Level
PO1 24 F 163 | 61.2 Mod Adv
P02 19 M 191 | 975 Very Pro
PO3 29 M 163 | 100.6 Mod Pro
P0O4 23 M 183 | 70.3 Mod Int
P05 21 M 173 | 68.0 Light Beg
P06 27 F 175 | 95.2 Mod Int
P07 22 F 160 | 56.7 Light Beg
P08 21 M 170 | 72.6 Very Adv
P09 22 M 178 | 81.7 Very Adv

4.2.2 Experimental Protocol

Testing was performed with the BeyondPower Voltra resistance training unit, a compact motor-
driven device that mounts to a standard power rack and applies programmable cable loads while
logging kinematic data [7]. Figure 4.1 shows the device and corresponding 1OS application.
The system delivers motor-controlled variable resistance through a cable and automatically
records metrics including range of motion (ROM), velocity, and power. Participants used a
D-handle attachment and performed every task with their non-dominant arm to elicit greater

muscle activation.
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Figure 4.1: BeyondPower Voltra training system. (A) Motor-controlled resistance unit secured
to a rack; the cable applies programmable load while integrated sensors record force and dis-
placement [7]. (B) Beyond+ mobile application displaying exercise metrics such as range of
motion, repetition velocity, and mechanical powe [8].

After adjusting the cable height to permit each participant a comfortable, full ROM, we
provided a brief familiarization period. Each subject then executed three maximum voluntary
isometric contractions (MVICs) by pulling against the locked cable with a supinated grip and
maintaining the effort for two seconds. The highest force recorded across the three trials was
designated as the subject’s MVIC. Following a 30-minute rest period to mitigate fatigue, partic-
ipants completed three sets of standing bicep curls on the same device, each targeting a distinct
repetition range. Loads were adjusted such that the participant would reach failure within one
to five repetitions for the first set, within six to twelve for the second, and beyond twelve for
the third. These ranges emphasize, respectively, maximal strength, hypertrophy, and muscular
endurance [83]. Before beginning, subjects experimented with several resistance levels to iden-
tify a load appropriate for each repetition range. During every set, subjects stood upright with
the upper arm braced against the machine’s rack to minimize movement from that segment, and

they continued curling until they could no longer achieve a full ROM. A 30-minute recovery
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Figure 4.2: The participants performed standing bicep curls with the non-dominant arm while
the BeyondPower Voltra unit (mounted at the base of the rack) supplies cable resistance through
a D-handle. The upper arm is braced agaisnt the rack to minimize shoulder motion, esuring that
elbow flexors do the primary work. An ADXL367 accelerometer secured to the bicep records
MMG, and the Voltra’s onboard sensors track force and kinematics for evvery repetition.

period separated the three sets. Figure 4.2 illustrates the experimental setup, including arm

bracing, sensor placement, and cable positioning.

4.2.3 Data Acquisition and Signal Processing

The ADXL367 accelerometer was attached to the muscle belly of the biceps brachii using skin-
safe double-sided adhesive to ensure firm contact without restricting movement. Throughout
the experiment, muscle activity was recorded while participants performed contractions on
the BeyondPower Voltra resistance training device. Data from the Voltra were captured via
Beyond+, an 10S application that communicates with the device over Bluetooth. Beyond+
enables the creation of individual user profiles, allowing each participant’s data to be stored
and exported as CSV files for further analysis.

Following data collection, CSV files from both the accelerometer and the Beyond+ ap-

plication were combined for each participant and imported into MATLAB. Processing of the
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mechanomyography signal followed procedures consistent with earlier chapters. Raw acceler-
ation data were converted from units of g to m/s? to align with standard SI units. The overall
acceleration magnitude was calculated as the Euclidean norm across the x-, y-, and z-axes to
yield a single, direction-independent signal.

To isolate the frequency range of interest for MMG analysis, the acceleration signals were
bandpass filtered using a fourth-order Butterworth filter with cutoff frequencies selected based
on prior literature to capture the dominant MMG frequency content. Signal features were then
computed in 50 ms rolling windows. Within each window, root mean square (RMS) ampli-
tude and mean power frequency (MPF) were calculated to characterize both signal intensity
and spectral shifts associated with muscle activation and fatigue. All RMS and MPF values
were normalized to reference levels measured during each participant’s MVIC trials. Addition-
ally, the trajectories were time-normalized relative to total trial duration, enabling comparisons
across sets and participants regardless of individual trial length.

Change-point detection analysis was applied to the RMS signal to identify significant
shifts that might indicate the onset of muscle fatigue or other transitions in contraction behav-
ior. This analysis was conducted across all repetitions and sets for each participant, enabling
the identification of potential fatigue thresholds or notable changes in muscle mechanical ac-
tivity during exercise. Exploratory analyses were also performed on the MPF signal. Similar
change-point detection methods were applied to the MPF time series to identify abrupt shifts
in spectral content that might signal fatigue or altered muscle activity patterns. However, these
results were less consistent than those observed in the RMS domain. As an alternative, curve-
fitting techniques were employed to model MPF trajectories across repetitions, providing a
characterization of spectral trends over time.

In parallel, peak power output was extracted from the Beyond+ datasets for each repetition
across the three sets performed by all participants. Peak power was selected as the primary me-
chanical outcome rather than force measurements, as it reflects both the magnitude and speed
of muscle contractions and is more functionally relevant to dynamic resistance training tasks
[varying]. Peak power values were stored and linked to the corresponding MMG signal seg-

ments to facilitate combined analysis of mechanical performance metrics and muscle vibration
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characteristics. Batch processing routines were implemented to automate signal processing and
feature extraction steps across all participants and experimental conditions, ensuring consistent

and efficient data handling.

4.3 Results

Figure 4.3 shows the group-average time-course of the MMG signal amplitude (RMS) and
frequency (MPF) over three exercise sets, expressed as a percentage of each set’s duration.
The mean curves (with shaded variability) reveal consistent fatigue-related trends across sets.
In all three sets, MMG RMS initially rises or remains steady, then exhibits a marked decline
toward the end of the set, whereas MMG MPF declines more gradually over time. By the
final 10-20% of each set, RMS drops sharply to lower values, coinciding with the point of

performance failure, while MPF reaches its lowest values. Notably, the starting MPF in later
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Figure 4.3: Group-averaged MMG RMS and MPF trajectories across three dynamic resistance
sets. Top panels show the mean normalized RMS amplitude over the course of each set, with
shaded regions representing +1 standard deviation. RMS generally increases during the early
portion of each set, remains elevated through the middle, and declines near the end, consistent
with increased motor unit recruitment followed by fatigue-related output loss. Bottom panels
display mean MPF trajectories across time, with a gradual decline in frequency observed in all
three sets, reflecting slowed neuromuscular dynamics as fatigue accumulates. These patterns
were consistent across participants despite inter-individual variability.
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sets is slightly lower than in set 1, reflecting some carry-over fatigue, but the overall pattern
of declining MPF and late-set RMS collapse is consistent across trials. The shaded regions
indicate some inter-individual variability; however, despite some participants having higher or
lower absolute RMS/MPEF, the general trajectory (MPF trending downward and a late-set RMS
fall) was observed in nearly all individuals, underscoring a robust group-level fatigue response.

Figure 4.4 displays the MMG RMS signal trajectory and corresponding power output per
repetition across three dynamic resistance sets for participant POS. In each set, the RMS signal
initially rises and stabilizes, reflecting sustained motor unit recruitment, before exhibiting a
sharp decline in the final portion of the set. This inflection point, marked by a vertical dashed
line, represents the statistically detected change-point and is interpreted as the onset of muscular
fatigue. The lower panels show a parallel decrease in power output, with each bar representing

the highest instantaneous power generated during a given repetition.

Setl Set2 Set3

" L " -
0 20 10 60 80 100
% Trial Completed % Trial Completed % Trial Completed

10 60

60 50

Peak Power (W)

10

20| 2+
20 20

1 2 3 4 5 6 7 8 9 10 11 1 2 3 1 5 6 7 8 1 2 3 4
Repetition Repetition Repetition

Figure 4.4: Representative MMG RMS trajectories and corresponding power output for par-
ticipant PO8 across three dynamic exercise sets. Top panels show normalized RMS amplitude
over time, with vertical dashed lines indicating the change-points identified by the fatigue de-
tection algorithm. Bottom panels display peak power output for each repetition within the
corresponding set. In all three sets, RMS generally increases before dropping sharply near the
end, aligning with declining power output. This pattern reflects the onset of neuromuscular
fatigue and was consistently observed across participants.
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Although this figure shows data from a single participant, the overall pattern of increasing
RMS followed by a rapid decline, aligned with a gradual then steeper drop in power was con-
sistently observed across participants. This repeated alignment between MMG-derived fatigue
detection and mechanical performance degradation supports the physiological validity of the
change-point approach and highlights MMG RMS as a sensitive indicator of imminent fatigue.

Figure 4.5 summarizes the timing of fatigue onset for all participants in sets 1, 2, and 3.
The boxplots show that the median fatigue onset occurred around the last 15-20% of the set
in all three sets (medians 80-85% of trial completion). There is a degree of inter-individual
variability, as seen by the interquartile ranges and whiskers in each set: some individuals ex-
perienced fatigue very late (near 90-95% of the set), whereas others showed earlier fatigue
onsets (around 65-70% through the set). Despite this variability, the group-level consistency
is evident in that most participants clustered around a fatigue onset in the final quarter of the

exercise duration for each set. There was no strong systematic shift in fatigue onset across the
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Figure 4.5: Distribution of fatigue onset times across sets based on MMG RMS change-point
detection. Boxplots show the percentage of total set duration at which the algorithm detected
the onset of fatigue for each set. Median onset times occurred between 78—83% of the trial, with
interquartile ranges indicating moderate inter-individual variability. While some participants
fatigued earlier or later than others, the majority showed a consistent trend of fatigue onset in
the final 20-25% of each set, supporting the robustness of the MMG-based detection method.
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three sets and the overlapping spreads indicate that any differences between sets were minor.
In summary, the results demonstrate a repeatable pattern: during repetitive dynamic exercise,
participants typically reach a fatigue threshold at roughly 80—-85% of the set, with slight indi-
vidual differences in when that threshold is reached, but a consistent group tendency to fatigue

near the end of each bout.

4.4 Discussion

This study demonstrates that mechanomyography (MMG) can serve as a reliable and accessi-
ble alternative for tracking neuromuscular fatigue during dynamic resistance exercise. By cap-
turing both the amplitude and frequency characteristics of muscle vibrations, MMG revealed
consistent, physiologically meaningful patterns that paralleled declines in mechanical output.
These findings support growing interest in MMG as a tool for noninvasive fatigue monitoring
and offer a foundation for its use in real-time control applications.

Two MMGe-derived features were analyzed in this experiment: root mean square (RMS)
amplitude and mean power frequency (MPF). RMS reflects the intensity of muscle oscillations
and is known to scale with motor unit recruitment and force output. MPF captures the dominant
frequency content of those oscillations and reflects the contractile behavior and firing rate of
active fibers. In the present study, RMS amplitude typically rose during the early portion of
each set, remained elevated through the middle, and then collapsed rapidly near task failure.
This “increase-then-decrease” pattern was consistent across participants and sets, and it mirrors
classic fatigue responses reported in both isometric and dynamic tasks. Prior work has shown
that RMS tends to increase as additional motor units are recruited to sustain force, but drops off
sharply once the muscle can no longer maintain contraction quality [84]. This transition was
clearly observed in the representative trial shown in Figure 4.4, where MMG RMS remained
steady until approximately 80% of the set, after which it dropped sharply in conjunction with
power output.

MPF, on the other hand, declined more gradually throughout each set, indicating a pro-
gressive slowing of neuromuscular activity. This aligns with previous studies reporting that

MMG frequency content decreases with fatigue due to motor unit synchronization and slowing
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conduction velocity [53, 51]. While MPF was somewhat more variable between individuals,
the overall trend toward lower frequencies over time supports its role as an indicator of neu-
romuscular decline. Previous studies have suggested that MMG RMS tends to correlate more
strongly with force or torque loss, while MPF provides complementary but sometimes less
stable information [51, 85]. Our results echo this distinction: RMS change was more tightly
coupled with performance drops, while MPF captured subtler temporal shifts in contractile
behavior.

To quantify the onset of fatigue, a statistical change-point detection algorithm was applied
to the MMG RMS curves. This method identified the point at which the signal trend shifted
from a stable plateau to a steep decline, interpreted here as the physiological onset of fatigue.
Most participants exhibited fatigue onset between 75-85% of set duration, with some inter-
individual variability. The ability of this algorithm to consistently detect meaningful transitions
in MMG signals highlights its potential utility for real-time fatigue monitoring.

In addition to MMG, this study tracked power output across sets to serve as a mechanical
measure of muscle performance. Power was chosen as the primary mechanical outcome rather
than force measurements because it reflects not only the magnitude of force production but also
the speed of muscle contraction. This is particularly relevant in dynamic resistance exercises
where performance depends on both how much force the muscle can generate and how rapidly
it can produce that force. Even when force output remains relatively stable, fatigue can mani-
fest as a slowing of contraction speed, indicating increased neuromuscular effort to perform the
same movement [86]. By capturing both dimensions, power output provides a more compre-
hensive measure of muscle function under fatiguing conditions. Power consistently declined
over the course of each set, reflecting the muscle’s diminishing ability to generate force rapidly.
This decline often mirrored changes in MMG RMS, with the two signals diverging sharply near
the end of each set, further validating the sensitivity of MMG to functional fatigue.

An important practical implication of these findings is the potential for MMG to serve
as a low-cost alternative to expensive equipment like the BeyondPower Voltra, which retails

for around $2,000. The consistency between MMG RMS trends and power output suggests

42



that MMG can provide comparable insights into fatigue without the need for complex instru-
mentation. MMG sensors are lightweight, inexpensive, and easy to integrate into wearable
systems, making them especially well-suited for rehabilitation settings where cost and mobility
are critical.

Although the analyses presented here were conducted post hoc, the change-point detec-
tion method lends itself well to real-time implementation. Because it relies on simple statistical
comparisons in rolling windows, it could be integrated into adaptive control schemes or fatigue-
aware feedback loops. For example, MMG-based change detection could be used to trigger set
termination, modulate exercise intensity, or adjust stimulation levels in assistive devices. As
shown in Figure 4.5, while the average fatigue onset occurred around 80% of each set, indi-
vidual thresholds varied, highlighting the need for personalized, responsive fatigue detection.
Future implementations could leverage this algorithm to provide real-time feedback to users or

clinicians, enabling smarter, safer training tailored to each individual’s physiological capacity.

4.5 Limitations

There were several constraints inherent to this proof-of-concept study. First, the sample com-
prised only nine healthy, college-aged adults. Their neuromuscular performance, recovery ca-
pacity, and movement proficiency likely differ from those of clinical populations, older individ-
uals, or highly trained athletes, limiting generalization across age ranges, health statuses, and
training backgrounds.

Second, data collection focused exclusively on the biceps brachii of the non-dominant
arm. While that choice helped to maximize signal amplitude and control for dominance-related
asymmetries, it overlooks inter-muscle variations in fiber composition, architectural complex-
ity, and recruitment strategies. Consequently, the findings may not fully translate to larger or
deeper muscle groups, synergistic muscle interactions, or lower-limb tasks that involve differ-
ent biomechanical demands.

Third, the experimental tasks were confined to a single, repetitive dynamic movement per-

formed on a motorized cable system. This highly controlled setup allowed for clean signal
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acquisition but does not reflect the variability and complexity of multi-joint, real-world ac-
tivities. Additionally, the BeyondPower Voltra’s variable resistance profile differs from other
training modalities, such as free weights or elastic bands, which may influence neuromuscular
responses and signal characteristics.

Finally, the study was acute in nature. It tracked immediate changes in mechanical output
and MMG features over a single session but did not examine longer-term adaptations such as
strength gains, endurance improvements, neural plasticity, or fatigue-induced muscle damage.
These responses could influence MMG patterns differently and warrant longitudinal investiga-

tion.

4.6 Future Work

Future research should explore the real-time implementation of the change-point detection al-
gorithm developed in this study. While the current analysis was performed offline, the com-
putational requirements of rolling-window RMS and MPF calculations are modest and well
within the capabilities of modern microcontrollers or embedded systems. Implementing real-
time detection of fatigue-related changes could enable dynamic adjustments of exercise inten-
sity or provide immediate feedback to users, potentially enhancing the safety and effectiveness
of training and rehabilitation programs.

Validation studies under real-time conditions would be essential to confirm the reliability
and responsiveness of this approach during live exercise. Additionally, future work should ex-
amine whether MMG-based thresholds can be individualized over time, adapting to changes
in baseline muscle performance or fatigue resistance. Expanding the study population to in-
clude older adults, clinical populations, and athletes could further clarify the generalizability
of MMGe-based fatigue monitoring. Finally, integration with wearable hardware would move
this technology toward practical applications, enabling automated, fatigue-informed exercise

dosing in real-world environments.
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Beyond isolated resistance movements, future work should also investigate how MMG-
based monitoring performs in more complex and coordinated dynamic tasks. Multi-joint ex-
ercises and functional tasks introduce greater variability in movement patterns, muscle recruit-
ment strategies, and sensor placement challenges. Evaluating MMG signals in these contexts
will be important for understanding their robustness and interpretability under realistic condi-
tions. Success in such tasks would further support MMG’s use in applications like rehabilitation

progress tracking, occupational health monitoring, and assistive technologies.

4.7 Conclusion

This study demonstrated the viability of mechanomyography as a tool for monitoring neuro-
muscular fatigue during dynamic resistance exercise. Key MMG features captured physio-
logically meaningful patterns that aligned with performance declines and fatigue onset across
multiple sets. A change-point detection algorithm successfully identified inflection points in
MMG RMS signals that corresponded with reductions in mechanical power output, reinforc-
ing the close relationship between muscle output and mechanical oscillations. Together, these
findings suggest that MMG provides a cost-effective, portable, and physiologically grounded
alternative to traditional fatigue monitoring systems.

Though limited in scope and population, this proof-of-concept work provides a strong
foundation for future studies aimed at deploying MMG in real-world settings. With further de-
velopment, MMG combined with real-time change detection could serve as a valuable tool for

personalized, responsive exercise prescription across clinical, athletic, and everyday contexts.
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Chapter 5

Case Study: EMG Comparison

5.1 Introduction

Electromyography (EMG) has long been the used as the reference standard for quantifying
muscle activity by measuring the electrical events that trigger a contraction. Yet EMG is not
without flaws: electrode placement, sweat-induced impedance changes, and electrical stimu-
lation artifacts all complicate both signal acquisition and interpretation. Mechanomyography
(MMG), which senses the mechanical vibrations produced as muscle fibers shorten, offers a
complementary window into the same physiological process. Because MMG is immune to
electrical interference, researchers have begun to explore it as an alternative for muscle activity
analysis in a variety of applications.

Many of the signal processing strategies that make EMG useful also translate directly to
MMG [87]. The two modalities therefore invite comparison. MMG is still working toward the
level of clinical acceptance of that of EMG; demonstrating validity between the two signals
strengthens its case. Understanding where the signals diverge can reveal new physiological
insights or point to hybrid sensing schemes that may outperform either modality alone.

This chapter reports a direct comparison of simultaneously recorded EMG and MMG data
collected from a single participant during a fatiguing grip-hold task. The trial was designed as a
validation study of the Curling Artifical Soft ExoskeleTon (CASET), a supernumerary robotic
device designed to transfer load from the fingertips to the wrist, thereby reducing grip fatigue
and extending hold times. More information on CASET can be found in [88]. The protocol

for this validation trial was designed independently, and the dataset was made available only
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after data collection had concluded. As such, the analysis presented here should be viewed as
an opportunistic examination of the electrical and mechanical signals captured during that test.
Because the experiment prioritized device validation rather than the characterization of fatigue
via mechanomyographic signals, certain design considerations that guided earlier chapters were
not implemented here. The findings should thus be interpreted with the CASET validation
context in mind.

To isolate natural muscle behavior, the discussion focuses on the unassisted (without
CASET) condition. Analysis centers on the flexor digitorum superficialis (FDS) and the exten-
sor carpi radialis (ECR), the primary muscles responsible for finger flexion and wrist extension,
respectively. Both muscles are key contributors for generating grip strength and stabilizing the
forearm during load-bearing activities [89]. Figure 4.1 highlights their anatomical locations

and recommended sensor placement.

Extensor
Carpi Radialis

Flexor Digitorum
Superficialis

Figure 5.1: Anatomical illustrations of the forearm highlighting the muscles monitored in the
study: (A) the flexor digitorum superficialis (FDS), a primary finger-flexor on the anterior fore-
arm, and (B) the extensor carpi radialis (ECR), a principal wrist extensor on the posterolateral
forearm [9, 10]. Black arrows indicate the approximate midpoint of each muscle belly where
EMG sensors were placed.
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5.2 Materials and Methods

5.2.1 Participant

The study protocol was approved by Auburn University’s IRB (Protocol STUDY00000267).
Ten volunteers completed the broader experiment, however simultaneous EMG and MMG sig-
nals were only collected for one participant; the current analysis therefore focuses on that data
set. The participant was a healthy 27-year-old male (height: 173.2 cm, weight: 65 kg) with no
known neuromuscular impairments. He provided written informed consent and was briefed on

all procedures before testing began.

5.2.2 Experimental Protocol

The participant sat upright in a chair and held a pair of 11.3 kg dumbbells in each hand for
as long as possible to induce forearm fatigue. Upon failure, the participant was instructed to
release the weights. This task was performed twice, both with and without CASET, however
the analysis presented in this chapter considers only the unassisted trial. A timer recorded the
total hold duration. Figure 5.2 illustrates the experimental setup used for the fatiguing task and

highlights EMG sensor placement.

5.2.3 Data Acquisition and Signal Processing

Surface EMG and triaxial accelerometry (IMU) were recorded simultaneously on each forearm
with wireless Avanti sensors. The electrodes were centered over the FDS and ECR muscle
bellies after standard skin preparation (shave, abrade, isopropyl wipe). Signal acquisition was
performed using the EMGWorks Acquisition software, which applied a bandpass filter from
20 to 450 Hz to the EMG signal to remove motion artifacts and high-frequency nouse outside
the typical EMG frequency range. The data files were exported as comma-separated values
and imported into MATLAB for further analysis. The embedded time-stamps showed two
asynchronous sampling rates: the SEMG channels were acquired at 1259 Hz whereas the IMU
in each sensor streamed at 148 Hz. It should be noted that ideal MMG signal acquisition would

sample at a much higher rate to encompass the 5-100 Hz bandwidth of muscle mechanical
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Figure 5.2: Experimental setup and sensor placement for the forearm-fatigue protocol. (A)
The participant sat upright with elbows extended and wrists neutral, statically holding 11.3 kg
dumbbells in each hand until volitional failure to induce forearm fatigue. (B) Close-up of the
left forearm showing the two EMG sensors: the proximal unit is centered over the extensor
carpi radialis and the distal unit over the flexor digitorum superficialis.
signals. Though this study used a different sensor and acquisition workflow than discussed in
previous experiments, MMG signal processing followed the same pipeline outlined in Chapter
2.

Each accelerometer axis was passed through a 4'"-order zero-phase high-pass filter at 5
Hz to remove the constant gravity component and slow postural drift. The magnitude of the
acceleration signal was then computed as the Euclidean norm of the three axes. No additional
filtering was performed on the EMG signals. Both modalities were segmented into 0.5-s win-
dows. For every window the root-mean-square amplitude (RMS) and mean-power frequency
(MPF) were extracted. The mid-point of each segment was converted to a percentage of total
task time so that electrical and mechanical curves could be displayed on a common horizontal

axis. The RMS and MPF traces were normalized to the mean of the first 10% of segments and

smoothed with a three-point moving average to suppress residual jitter [77].
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5.3 Results

Over the 129 s unassisted hold, the forearm muscles showed clear signs of fatigue in the EMG
recordings, while the MMG signals revealed bursts of mechanical tremor only at later stages.
Figure 5.3 and Figure 5.4 summarize the feature trends for the FDS and ECR muscles, respec-
tively, with the left (non-dominant) limb on the left side of each figure and the right (dominant)
limb on the right side. In each plot, EMG-derived features are depicted alongside MMG-
derived features across the normalized task duration.

In the FDS, EMG-RMS increased over the duration of the hold task in both limbs, ac-
companied by a progressive decline in EMG-MPEF. The rise in RMS was more pronounced on
the non-dominant side, which also exhibited a steeper drop in spectral content. MMG signals

displayed delayed but distinct bursts in magnitude near the latter stages of the trial, particularly
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Figure 5.3: Each panel overlays acceleration magnitude (MMG, blue, left ordinate) and
surface-EMG (EMG, orange, right ordinate). Top row: normalized RMS; bottom row: normal-
ized MPF. The left column represents the non-dominant forearm, the right column the dominant
forearm. In both forearms EMG shows a continuous rise in RMS accompanied by a compres-
sion of MPF, indicating progressive recruitment of fast-twitch motor units. Large-amplitude
MMG bursts appear only after electrical fatigue is well established (60% of trial time in the
non-dominant limb, 45% in the dominant limb), demonstrating that overt tremor lags behind
its electrical precursors.
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Figure 5.4: Plot layout and color coding are identical to Figure 5.3. Only brief, isolated MMG
amplitude bursts are visible and both EMG metrics remain within #20% of baseline, confirming
that ECR served chiefly as a low-fatigue wrist stabilizer during the grip-hold. Dashed grid lines
mark 20% increments of total trial time

on the non-dominant side, with corresponding transient elevations in MMG-MPEF. These bursts
occurred after most of the EMG amplitude increase had already taken place.

The ECR exhibited comparatively stable behavior. EMG-RMS and EMG-MPF remained
close to baseline throughout the trial, with only modest fluctuations. MMG metrics also showed
little deviation: RMS stayed near initial values, and MPF demonstrated no consistent trend over
time. No sustained tremor-like bursts were observed in the ECR MMG data.

Despite symmetrical external loading, side-to-side differences emerged. The dominant
FDS began at a higher EMG amplitude but showed a smaller overall gain, while the non-
dominant side displayed a larger relative increase in EMG-RMS and more prominent MMG

bursts near the end of the task

5.4 Discussion

The fatigue behaviors observed in the flexor digitorum superficialis (FDS) and extensor carpi

radialis (ECR) can be explained in large part by their contrasting fiber-type compositions. The
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FDS is a muscle with a mixed fiber-type distribution, containing an approximately even distri-
bution of both fatigue-resistant slow-twitch fibers and fast-fatiguing fast-twitch fibers. In sus-
tained contractions at moderate force levels, the type I fibers of the FDS can maintain force for
a considerable duration using oxidative (aerobic) metabolism, delaying fatigue. As those fibers
gradually tire or as more force is needed, the larger type II fibers are progressively recruited to
uphold the force, but these fibers rely on glycolytic metabolism and fatigue more rapidly [90].
The result is a progressive recruitment pattern: early in the task, mostly slow-twitch units are
active (low EMG amplitude, high firing frequencies giving a higher EMG MPF). Over time,
more and more fast-twitch units are activated to compensate for weakening slow units, caus-
ing the EMG amplitude to climb and the overall EMG power spectrum to shift lower (since
the newly recruited larger units tend to have lower firing rates and the fatigue process slows
all firing rates). This explains the steady increase in EMG RMS and the concurrent drop in
EMG MPF we saw in the FDS. Importantly, the muscle did not start to produce high-amplitude
MMG vibrations until a critical amount of those fast-twitch units were active and beginning to
fail in maintaining smooth force. At that point, late in the contraction, the muscle’s contrac-
tions became more unfused and erratic, manifesting as tremor bursts in the MMG signal. In
simpler terms, the FDS’s electrical fatigue signs (indicating recruitment of fast units and slow-
ing of firing rates) were evident well before the mechanical signs (tremor), because the muscle
could compensate for fatigue by recruitment for a long period. Only when it had recruited
most available fibers did the contractions become jerky. This pattern aligns with the idea that
MMG frequency content often remains stable through much of a sustained contraction and only
changes markedly when there is unfused, large-unit activity.

The extensor carpi radialis, on the other hand, is a predominantly fast-twitch muscle in
humans designed more for quick, powerful wrist movements than for endurance [91]. Being a
postural stabilizer in this task, it wasn’t heavily loaded, which meant many of its high-threshold
motor units were likely never even recruited during the hold. In this isometric hold, the ECR’s
job was mainly to counterbalance the flexion moment at the wrist, which required relatively
low force. Thus, the ECR could carry out this role by activating only a small portion of its

fibers and never needed to tap into the bulk of its fast-twitch reserve. Consequently, the EMG
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of ECR stayed low-level and didn’t show a major fatigue trend as the muscle was operating
well below its fatigue threshold. Correspondingly, the MMG signal did not exhibit significant
tremor because the ECR’s contractions remained smooth and largely fused; there was no large-
scale recruitment of fast units to cause shaking [92]. If the task had required stronger wrist
extensor effort, we might have seen the ECR engage more motor units and eventually show
fatigue signs. Notably, comparative studies have found that the extensor muscles like ECR are
indeed primarily utilized when high force or rapid movements are needed, whereas for static
low-force tasks they contribute minimally [90]. This explains why for this static hold the ECR
was mostly stable; its physiology is geared toward intense bursts, not long holds.

The side-to-side (dominant vs nondominant) differences observed in the FDS can also be
interpreted through a fiber-type and training lens. The muscles of the dominant arm are typi-
cally stronger and often exhibit adaptations from frequent use. Some studies even suggest that
lifelong preferential use can alter fiber-type composition or motor unit behavior in the domi-
nant limb [93]. It is possible that the dominant FDS had a greater proportion of larger motor
units (or at least was conditioned to use them more readily), resulting in an initially higher EMG
output and a tendency to rely on those units early. Those large units would fatigue sooner, caus-
ing mechanical instability to appear relatively early as well. The nondominant FDS, perhaps
with relatively more fatigue-resistant fibers or simply a different recruitment pattern, showed a
slower buildup of fatigue signs but ultimately had to recruit heavily by the end, at which point it
too showed tremor. This difference underlines how individual muscle composition and neural
strategy can modulate the fatigue process, an interesting topic for further study.

Overall, these findings reinforce two practical points about using EMG and MMG for fa-
tigue monitoring. First, EMG-based metrics provide an early warning of fatigue. Long before a
muscle starts trembling or obviously failing, its EMG amplitude and frequency characteristics
are shifting in a predictable way. This gives a window of opportunity to detect fatigue devel-
oping and potentially intervene (e.g., reduce load, change technique, or activate an assistive
device) before performance is visibly degraded. Second, MMG signals can identify when fa-
tigue has progressed to the point of affecting mechanical performance. The pronounced muscle

tremor picked up by the accelerometer indicates that the muscle can no longer maintain smooth
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force output, which is highly relevant for functional tasks, as tremor can impair precision and
increase injury risk. In the field of rehabilitation, knowing when such tremor begins could help

set safe therapy intensity levels.

5.5 Limitations

Several factors constrain broader interpretations of the findings of the current case study. First
and most obvious is the sample size: data were collected from a single 27-year-old male. Indi-
vidual muscle activation patterns and fatigue thresholds may vary substantially across people;
hence the results may not generalize to other ages, sexes, or training backgrounds without fur-
ther replication.

Second, the experimental task was a sustained isometric grip-hold. Static contractions
elicit different neuromuscular dynamics than other cyclic or functional movements, so the rela-
tive behavior of EMG and MMG observed here may not translate to dynamic tasks. Extending
the protocol to include a broader repertoire of movements would provide a more complete
understanding of the strengths and weaknesses of each modality.

Third, only two forearm muscle groups were analyzed. These muscles were chosen be-
cause they are primary contributors to grip, yet they do not capture synergistic or antagonistic
activity in the intrinsic hand muscles, wrist stabilizers, or proximal arm segments that also influ-
ence fatigue. Recording from a more comprehensive set of muscles would clarify whether the
EMG-MMG relationship observed is specific to distal forearm musculature or holds throughout
the kinetic chain.

Additionally, the hardware used in this experiment differed from that used in earlier chap-
ters. The Delsys sensors weighed approximately 15 g, exceeding the < 13 g guideline for
accelerometers intended to track muscle vibrations. This extra inertia may have damped the
upper end of the 5-100 Hz band where much of the mechanical energy resides, altering both
amplitude and spectral content. Moreover, as mentioned, the IMU sampling rate (148 Hz) was
relatively low. Ideally, to capture up to 100 Hz of vibration content without aliasing, one would
sample at 200 Hz or more. Using a higher sampling rate might reveal additional details in the

MMG spectrum that were missed here.
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Lastly, because the intended purpose of the experiment was for device validation (CASET),
certain optimizations that one would include in a dedicated EMG-MMG fatigue study were not
present. For example, the load was not standardized to each individual’s maximum and the fo-
cus on device assistance in the larger study meant that the unassisted condition was just one part
of the protocol. All these factors mean the current findings should be viewed as preliminary

and specific to the conditions tested, rather than definitive general truths

5.6 Future Work

Looking ahead, the most immediate priority is to move from this single subject proof-of-
concept to a statistically powered study. Recruiting a larger, demographically diverse subject
pool varying in age, sex, and training status will clarify how robust the EMG-MMG relation-
ships are to inter-individual differences. The movement repertoire should also be expanded.
Incorporating dynamic tasks, such as tool manipulation or activities of daily living, will test
whether the trends observed in a sustained isometric grip persist when joint kinematics be-
come more complex. Furthermore, translating the protocol to clinical populations would test
the practical value of an EMG-MMG hybrid approach. Demonstrating tangible benefits, like
prolonged work times or reduced injury rates using an EMG-MMG feedback system, would be
a compelling outcome of future research.

Hardware considerations are equally important. Future studies should adopt sub-13 g
MEMS accelerometers with bandwidths exceeding 200 Hz and synchronize both EMG and
MMG signal acquisition at comparable sample rates. Lightweight sensor housings will reduce
inertial damping and higher-rate acquisition will improve spectral resolution, especially for
fast-fatiguing muscles like the ECR. Multimodal data fusion techniques also merit exploration.
Machine learning models that analyze EMG, MMG, and basic kinematics could learn person-
alized fatigue signatures and predict impending grip failure more accurately than any single

signal.
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5.7 Conclusion

In this case study, we directly compared electrical and mechanical signals from forearm mus-
cles during a prolonged, fatiguing grip hold. The analysis revealed that EMG provides a leading
indicator of muscle fatigue, which occurred before mechanical tremor, specifically in the flexor
digitorum superficialis. Only later, as fatigue advanced, did the MMG signal show bursts of
high-amplitude oscillations accompanied by shifts to higher vibration frequencies, signaling
that the muscle contractions had become unsteady. The extensor carpi radialis muscle, being
less taxed, showed minimal changes in either signal, underscoring its role as a stabilizer with
higher fatigue resistance under the given load.

The key takeaway is that EMG and MMG offer complementary, time-staggered informa-
tion about the muscle’s state. EMG changes gradually and can warn of diminishing endurance
proactively, while MMG captures the moment when fatigue finally manifests as loss of force
control (which is critical for functional failure). In practical applications, this suggests a lay-
ered monitoring approach: one can use EMG to track accumulating fatigue and perhaps adjust
workload or provide assistance before the muscle starts to shake, and use MMG to confirm
when fatigue has reached a point of functional degradation, indicating that an immediate inter-
vention is required. Such an approach could improve both safety and performance in settings
ranging from sports training to physical rehabilitation. This case study, though limited, lays the
groundwork for future research and development in this direction. It demonstrates in a real sce-
nario how the two modalities can be recorded together and how their signals can be interpreted
in tandem. As sensing technology and analytical techniques advance, the hope is that real-time
EMG-MMG monitoring could be deployed in everyday tools to extend human endurance and
prevent injury. The present findings provide an encouraging proof-of-concept for that vision,

showing that MMG can add value to what EMG tells us about muscle fatigue.
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Chapter 6

Conclusion

Neurorehabilitation research is an ongoing effort driven by the need for effective interventions
that not only restore function but also provide objective, quantifiable measures of recovery and
progress. A critical component of this effort is the development of reliable feedback systems
capable of guiding personalized and adaptive rehabilitation routines [94]. Such systems have
the potential to optimize therapy for individuals, reduce clinician burden, and ultimately im-
prove functional outcomes.

This thesis explored the potential of mechanomyography (MMG) as a practical and cost-
effective tool for monitoring mucle fatigue during both static and dynamic muscle actions.
Through a series of experimental studies, it was demonstrated that MMG metrics reliable re-
flected fatigue related changes in muscle behavior. In static contraction tasks, clear trends were
observed in MMG amplitude and frequency characteristics as fatigue developed, suggesting the
technique’s sensitivity to neuromuscular decline. In dynamic tasks, MMG similarly captured
fatigue related changes despite the additional complexities of movement and varying contrac-
tion velocities, underscoring its robustness in more functionally relevant activities.

Beyond validating MMG as a fatigue monitoring tool, the research proposed a threshold-
ing approach to detect fatigue onset, which could readily be integrated into real-time control
systems. Such integration would enable adaptive modulation of therapy parameters to sus-
tain effective muscle contractions and delay task failure. This has significant implications for

extending exercise duration, reducing patient fatigue, and enhancing therapeutic outcomes.
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6.1 Future Work

Future work could build upon the research presented here in several promising avenues. A pri-
mary direction involves embedding the proposed fatigue thresholding framework into real-time
feedback control algorithms for functional electrical stimulation applications. By dynamically
adjusting stimulation parameters in response to MMG-based fatigue indicators, such systems
could prolong the duration of effective muscle contractions and reduce premature task failure.
Implementing these fatigue aware adjustments could be particularly valuable for individuals
with neurological conditions, who often struggle with muscle endurance during repetitive re-
habilitation tasks.

Another compelling area for future development lies in hybrid control approaches that
combine FES with wearable robotic assistance. Rehabilitation robotics has made significant
strides in recent years, offering precise, programmable movements and opportunities for in-
tensive therapy. Yet, many studies have found that robotic interventions alone often yield out-
comes comparable to traditional therapy, suggesting room for improvement in their clinical
impact [95]. Integrating MMG-based fatigue monitoring into hybrid systems could optimize
how assistance is shared between robotic actuators and electrically stimulated muscle contrac-
tions. By intelligently alternating the mechanical load between the robot and the patient’s own
muscles, such systems might reduce power demands on robotic hardware while promoting ac-
tive patient engagement, a key factor in driving neuroplastic recovery [].

Beyond control applications, future research should also investigate the use of MMG for
individualized rehabilitation profiling. Because fatigue responses vary between individuals,
MMG could help clinicians tailor exercise intensity, duration and progression to each patient’s
unique neuromuscular capacity. Developing algorithms that characterize an individual’s fatigue
thresholds and patterns over time could support personalized therapy plans and more precise
tracking of recovery progress.

Further research should also focus on the continued development and optimization of
MMG sensor technology. The sensor used in this thesis was a wired system, which, while

effective in a laboratory environment, can be cumbersome and limit freedom of movement,
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particularly in dynamic tasks or home-based rehabilitation scenarios. Transitioning to wireless
MMG sensors would greatly enhance usability and comfort. Developing compact, low-power,
wireless MMG devices that maintain high signal fidelity is a crucial step toward enabling seam-
less integration into wearable systems and daily-life monitoring applications.

Finally, future work could examine the integration of MMG with other sensing modali-
ties, such as force sensors, ultrasound imaging, or other physiological signals like heart rate
variability. Multimodal systems could provide a more holistic picture of neuromuscular per-
formance, fatigue, and overall physical health. Beyond simply improving monitoring accuracy,
such integrated systems hold the potential to yield deeper insights into the underlying mech-
anisms of motor recovery, neuroplasticity, and motor learning processes in both healthy and
neurologically impaired populations. Understanding these mechanisms could, in turn, inform
the design of more effective rehabilitation protocols and guide therapeutic decision making in
a truly personalized way.

Collectively, these directions highlight the considerable potential for MMG not only as a
research tool but as a practical component of advanced neurorehabilitation systems. Expanding
this work could help transform rehabilitation from largely predetermined protocols into person-

alized, responsive interventions that adapt in real time to each patient’s needs and capabilities.

6.2 Conclusion

In conclusion, the studies presented in this thesis highlight the utility of mechanomyography as
a reliable, versatile, and cost-effective tool for quantifying muscle fatigue. The insights gained
from static and dynamic testing, as well as comparative analysis with EMG, provide a strong
foundation for future integration into rehabilitation systems. Ultimately, incorporating MMG
into real-time control strategies holds significant potential for enhancing neurorehabilitation by

enabling precise, adaptive, and patient-specific therapeutic interventions.
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Appendices

A.1 Python Data Acquisition Script

The following script was used to collect and log triaxial accelerometer data from the ADX1.367

using a Raspberry Pi Pico.

import serial
import csv

import time

import numpy as np

import matplotlib.pyplot as plt

# Configure Serial Port

ser = serial.Serial(’COM3’, 115200, timeout=1l)

plt.ion ()

csv_filename = "filename.csv"
buffer_size = 100

data_buffer = []

start_time = None

last_sample = None
replacement_sample = 0
partial_data = ""
baseline_rms_z = None

percent_change_list = []

fatigue_detected = False

60




)

29

30

40

43

44

45

46

48

threshold = -10

sample_rate = 400

time_per_sample = 1 / sample_rate

window_size = 2000

sample_numbers = []

time_ data =

[]

—
[a—

x_data

—
—

y_data

z_data

—
[

with open(csv_filename, mode="w", newline="")
writer = csv.writer(file)
writer.writerow(["Sample", "Time", "X",
try:

while True:
raw_data =
1) .decode ("utf-87,
partial_data += raw_data
lines = partial_data.split ("\n")

if raw_datal[-1] !'= "\n":

partial_data lines.pop ()

else:

mwwn

partial_data
for line in lines[:-1]:
line = line.strip()

if not line.startswith ("<")

line.endswith (">") :
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as file:

"Y", "Z"])

ser.read(ser.in_waiting or

errors=’'ignore’)

or not




49

50

51

53

54

55

56

58

59

60

61

62

64

65

66

67

68

69

70

71

print (f"Skipping malformed line: {line}")
with open("malformed_lines.log", "a") as
log_file:

log_file.write(line + "\n")

continue
line = line[1l:-1]
values = line.split (", ")
if len(values) != 4:

print (f"Skipping malformed line: {line}")

continue
try:
sample = int (values|[0])
X, y, z = map(float, wvalues[l:])

if last_sample is not None and sample <

last_sample:

print (£"WARNING: Reset detected at sample

{sample}, last_sample: {last_sample}.

Adjusting...")

sample = last_sample + 1

replacement_sample += 1

time_in_seconds = replacement_sample / 400

data_buffer.append([replacement_sample,
time_in_seconds, x, vy, z])

last_sample = sample

if len(data_buffer) >= buffer size:

writer.writerows (data_buffer)
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74

76

78

80

data_buffer.clear ()
except ValueError:
print (f"Skipping invalid data: {values}")
except KeyboardInterrupt:
print ("Stopping Data Collection...")
finally:

ser.close ()

Listing 1: Python script for serial MMG data acquisition
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A.2 MATLAB Processing Script

The following MATLAB script was used to process the raw MMG data collected during the
experimental trials. It converts the Z-axis accelerometer data from gravitational units (g) to
SI units (m/s?), applies a 4'"-order Butterworth bandpass filter, and computes temporal (RMS)

and spectral (MPF) features over a sliding window for fatigue analysis.

o\

MMG_FeatureExtraction.m

o\°

This script processes raw MMG data from CSV:

o\

- Converts g to m/s"2

o\

— Applies 4th order bandpass Butterworth filter

o\°

— Calculates RMS and MPF over sliding windows

clear; clc;

% ———— Parameters ———-

filename = ’"filename.csv’; % Your CSV file name

fs = 400; % Sampling frequency in Hz
g_to_ms2 = 9.80665; % Conversion from g to m/s”2
window_sec = 0.5; % Window size in seconds
window_size = round(fs * window_sec);

overlap = round (0.5 % window_size); % 50% overlap

% ———— Load Data ———-

data = readtable(filename);

time = data.Time;

z_raw = data.Z * g_to_ms2; % Convert Z-axis from g to m/s"2
% ———- Bandpass Filter ———-—

[b, al] = butter (4, [5 100] / (fs / 2), ’'bandpass’);

z_filt = filtfilt (b, a, z_raw);
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%|% ———— Feature Extraction —-——-—

v |num_samples = length(z_filt);

[1;

% | rms_vals

» lmpf_vals = [];

3 |time_centers = [];

31

»|for i = l:overlap: (num_samples - window_size)
segment = z_filt(i:1 + window_size - 1);

34

35 rms_val = sqrt (mean (segment.”2));

36 rms_vals (end+1l) = rms_val;

37

38 xdft = fft (segment);

39 xdft = xdft (l:floor (length (xdft)/2));

40 psd = (1/length(segment)) =* abs(xdft)."2;

41 fregs = linspace (0, fs/2, length(psd));

) mpf = sum(freqgs .* psd’) / sum(psd);

43 mpf_vals (end+l) = mpf;

44

45 time_centers (end+l) = time (i + floor (window_size/2));

46 | end

Listing 2: MATLAB script for MMG feature extraction and analysis
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