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Abstract

Surface electromyography (SEMG) has become an indispensable tool, extensively used across
various fields such as medical diagnosis, rehabilitation, sports science, and prosthetic control.
Among these applications, the study of neuromuscular adaptatioasa@to muscle fatigue stands

out due to its complexity and the intricate physiological processes underlying muscle activity.

This PhD thesis aims to address this challenge by exploring the use of bipolar aile s
surface EMG (HEMG) to study the electrical signs of muscle fatigue across different scenarios. The
primary objective is to advance our understanding of thaneenuscular system's strategies during
fatigue and to use noinvasive SEMG as a reliable method for accurately detecting and
characterizing the progression of muscle fatigue.

This research is structured around several key questions addressing different aspects of muscle
fatigue assessment. The first part focuses on evaluating various spectral estimation techniques, as
changes in amplitude and frequency content are generalleokesd in myoelectrical signals during
fatigue. Several existing methods to estimate the spectral parameters were studied and compared
to identify the optimal one providing robust indicators of fatigue.

Subsequently, a significant portion of the research is dedicated to practical applicati@rs in
occupational health context. Specifically, SEMG is employed to monitor muscle fatigue in workplace
settings, aiming to assess the impact of different HurRaot Collaboration (HRC) modalities on
muscle activity. The findings provide useful perspectivesdeveloping interventions that might
mitigate the risk of musculoskeletal disorders in workplace involving collaborative robots.

The final part of this work demonstrates the ability of innovative technologies lik€EMOQ to
capture detailed spatial patterns of muscle activation, offering new ideas and quantitative measures
for the study of muscle fatigue, compared to the traditioaabklysis performed with bipolar SEMG.
Novel metrics were proposed to identify the fatigue progression and predict the endurance time
RAZNAY 3 A&2YSGNRO O2y (NI OlA2y&ad CdzNIIKSNJ SELJX 2 N
and different typesof contractions might validate and amplify the impact of these findings,
confirming their significance and utility in broader contexts.

In conclusion, this thesis shows that SEMG offers novel insights into neuromuscular mechanism in
presence of fatigue, improving our understanding of the neuromuscular system. The findings not
only enhance methodological approaches to assess the myoeleaamnifestations of fatigue, but

also have visible practical implications, opening to new opportunities for injury prevention and
muscle function optimization across various application fields such as sports science, clinical

rehabilitation, and ergonomics.
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1 Introduction

1. Introduction

In recent yearssurface Eectromyography(sEMG) ha emerged as a fundamental tool in various
disciplines, thanks to advancements in technology and methodoldggespplication extends from
clinical contexts, where it evaluates muscle function, to the field of robotics, providing reliable data
for prosthesis control, and to ergonomics, aiming to enhance the design of workplaces to reduce
muscular effort of the wdters. Among thee various applicatioa of SEMG,the study of
neuromuscular adaptations related to muscle faggstands out as a particularly intriguing line of
research that haacquired significant interestince the late 2 century.

Muscle fatigue, defined as a decline in ability of a muscle to generate force, presents a complex
challenge for researchers. This complexity derived from the diverse physiological processes
underlying muscle activity, making the assessment of electrigassf muscle fatigue a difficult

task. Traditional use of SEMG in studying muscle fatigue has laid a foundation, but a comprehensive
understanding and characterization of this phenomenon still poses significant challenges.

This thesisddresseshis challengeexploring the use adurface EMQoth bipolar and HigiDensity

EMG systemsThe goal is to offer a more detailed understanding of the fatigue process across
different scenarios, transforing the conventional approaches to muscle fatigue reseaids
involves enhancing spectral estimation quality from sEMG signals and offering new methods to
extract more detailed data from surface EMG grids. Such advancements promise to maximize the
potential of recentsEMG technolo@is, impacting future research directions, clinical practices, and

ergonomic solutions.

1.1 Aim of the thesis

At the heart of this thesis lies an essential question that initiatét my PhD journey: Casurface
electromyography be effectively used to decode the myoelectrical signs of muscle fatigue?

To reply to this questionye started an extensive exploration into the capabilities SEMG,
exploring a plethora of existing techniques for obtaining relevant information aimirtgetying

the complexities of muscle fatigue through its myoelectrical manifestations.

The primaryobjectiveof this research is to thoroughly investigate the potentiad&MG technology

as a noAnvasive detailed mehod foraccuratelyanalysing muscle fatigu&/hile numerous studies
have documented various techniques and indicators for characterising muscle fatigue through

SEMG signals, the results reported in the literature are not unanimous. This lack of consensus
1



1.1 Aim of the thesis

especially in terms of spectrphrametess estimation suggests that the core issue may lie in the
foundational methodologies themselve€onsequently, this thesis aims to critically examine and
revise these foundational methodologies, revising and comparing the performance of existing
algorithms for spectral estimatiomMore in generalthis work aims teestablish a more cohesive and
reliable framework fomuscle fatigueanalysisoy employing both traditional and advancesEMG

technologies to extend our knowledge.

Research Questions and Methodology
The thesiswas structured aroundkey questions, each addressing a different aspect of muscle

fatigue assessment througgEMG:

1 Which available spectral estimation technique is most effective in asseshiag
myoelectrical manifestations of fatiguauscle fatigue?

1 How can bipolar and Highensity Eectromyography(HDEMG)technologyenhanceour
comprehension of muscle fatigue?

1 CansEMG data be used to predict time to task faifare

Starting with foundational background information, this PhD thesis aims to address these questions.
First,we conducteda detailedcomparative analysis of the main techniques developed ovelasie

fifty years assessing their accuracy under various conditiofsisresearch study led tdwo
publications,each focusing on the robustness of different estimation techniques in muscle fatigue
assessment, offering guidelinéw the selection of the appropriatenethod.

Subsequentlywe explored the applicatiof SEMGwithin the field ofergonomics,utilizingbipolar
electrodes to record sSEMGsignalsin realworlds scenari®. This phase of my research involved
analysingmyoelectrical signals from multiple musclesevaluatewhether an index of muscleo-
activationcouldserveasanindicator of biomechanical risspecifically, this index was employed to
assess the impact of differetfumanRobot Collaboration (HRCmodalities in two distinct tasks

This index revealed ts potential to estimate the biomechanical riskn various collaboration
modalities providing usefuperspectivedor preventing injuriesn workplace involving collaborative
robots. Thefindingsof this study provideasignificant contribution to occupational healtimdicating

the directionfor future investigaton.

Finally, the advent diDEMG, which has opened new horizons in muscle fatigue research providing

a multidimensional view of muscle activity, was a fundamental aspect of my Waaltilizedthis

2



1 Introduction

technology to extracspatialinformation from muscle activityin addition to the temporal and
spectral ona. Buildingon thisinformation, we defined innovativemetrics to quantifythe spatial
redistribution of muscle activity during fatigue This approach might represers major
advancementin trackingthe progressiorof the myoelectrical manifestations of fatigidfeom onset
to exhaustion.Moreover, thisstudy alsoaddressed the lastesearchquestion, investigating the
hypothesis of predictintpaskfailure throughsEMG dataFindingf this work confirm thegpotential
of these new spatiametrics in predictinghe time totask failure apromisingtool with far-reaching
implications in clinical, sports, and ergonomic applicatiding outcomes of this researtdd toone

publication which includes description of the metrics and the code for their implementation

Significance and Broader Impact
This thesishighlightsthe versatility of surface Electromyography rnmuscle fatigueassessient,
ranging from the use of bipolar electrodes for the simultaneous recording of multiple muscle
activities to the employment of HigBensity EMG grids faccomprehensivanalysis (covering time,
frequency, and space) of the myoelectrical signals of a single muscle. Furthermore, the development
of novel parameters to quantify the temporal and spatial redistribution of muscle activation
representsa significant advacement in the understanding and characterization of the muscle
fatigue process
The outcomes of this research provide valuable recommendations for selecting appropriate
methods to estimate the most commasEMG spectral parameters used in fatigue assessment
Moreover,the findings,especialljthe potential to predict task failuresingspatiotemporal SEMG
data, are not only academically encouraging but diswe important practical implicationsin
clinical rehabilitation, these insights couidform the development of targeted interventions
Within the field of ergonomics, this knowdge can be fundamental irdesignng tools and
workspacesthat minimizz biomechanical risksthus preventing musculoskeletal disordeend
enhancing productivity. In sports science, fimelings could assish optimizing training programs
and preventing athletes from injuriesonsideringndividualcharacteristiceand endurancedevels
In conclusion, this thesisasdemonstrated thatsEMGis a powerfuland versatiletool in assedfag
the myoelectrical manifestations of fatigueffering groundbreaking insight&ith the capacityto
redefineand significantly enhanamethodologies across various fields. This work has evidenced the
potential of surfaceEMGto evaluae muscle performancein workplace scenarioshared with

collaborative robots and to provide information abouthuscle strategiesn response tdatigue,



1.2 Structure of the thesis

highlighting itsutility in tracking the progression of muscle fatigioreover, this research has
shownpromising potential irpredicting task failure based aglobalmuscularcharacteristics, such
as the maximum shifin the muscular activations withithe erector spinaemuscleduring back
extension.Confirming thesdindings by validating the proposed spatial metrioa other muscle
andwith different types of contraction this workcouldlead tothe development of new strategies
for preventingmuscle injuries Such advancements would hasignificantimplications forclinical

practice, ergonomic design, and the broader field of biomechanics

1.2 Structure of the thesis

The objective of this PhD thesis is to explore the applicatiosunface éectromyography in
assessinghe myoelectrical manifestations of fatigue

The foundational context is set in Chapter 2, wheve introduce Electromyography EMQ,
discussinghe generation of thesignaland themain acquisition techniques. This chapter focuses on
surface EMG, the core of this thesis, examining the distinctions between bipolar arddmgity
electrodes. It also presents an overview of prevalent signal processing techniques for EMG analysis,
particularly highlighting frequency domain technigues and the problem of the spectral estimation.

In Chapter 3ve discuss the process of muscle fatigue, its multiple causes, and the challenges in its
assessment. This chapter examines two principal models that have been defined to explain muscle
fatigue: the cardiovascular and neuromuscular models. Then, it provides/erview of various
techniques used to characterize and quantify muscle fatiggiag diverse physiological measures

with particular attention tothe parameters extracted from surface EMG

In Chapter 4we address the complexities of estimatifgwer Sectral Density (PSDjrom surface

EMG signals. Heraye revise various existing methods and compare them to identify the most
robust estimators, particularly undéhe condition of muscle fatigue~urthermore, we investigate

the effect ofvarying characteristics of estimators and noise lafdctingsEMG signals. Emphasis

Aa 3AAPSYy (2 dzyRSNERGFYR GKS STFFSOdGa 27F FI GA3dz
produced in the estimatio of Mean Frequency (MNENnd MedianFequency(MDF) This chapter
concludes with practical recommendations and contributions to the field, which have been collected
in two research papers that have been published in international journals.

In Chapter Swe investigatethe application of EM@ ergonomie, particularly in scenarios involving
humanrobot collaboration This chaptepresent a projecthat was part oimy PhD in which | was

involved for conductingxperiments and analysing data coming frearfaceEMG. The core of this
4



1 Introduction

chapterrelies onusingthe information obtained through bipolar electrode assessnuscular effort

and, consequentlythe biomechanical risk associated with the progressive development of muscle
fatigue. This project involved SEMG acquisitmulatingdifferent workplacescenariosontaining
collaborative robotgcobots) This chapter investigates the impactaafbotson operatod fusailar

effort by evaluating a tim&aryingCoactivationindex(Cl)

In Chapter 6we explorethe use of innovative and advance®EMG techniques, precisely High
Density EMG, to obtain deeper insights into muscle activity dynamics. This chapter presents a
comprehensive overview of the experimental acquisitions that | conducted during my doctoral
research at the University of BirminghaThis chapteroutlines the experimental protocol and
introduces innovative metrics thatve defined totry to quantify spatial changes in muscle activity
during fatigue. The chapter closes withe proposal of using these novel spatial metrics as
predictiveof time totask failure.Results of this research study gremising,and they have been
submitted for publication to an esteemed journal.

The thesis concludes with Chapter 7, wheve summarize the key findings from my doctoral
research.Such findings are particularly illuminating as they offer valuable insights that could be
employed in developing strategies aimed at injury prevention and enhancing muscle performance
optimization This final chapter revisits the challenges encountetedhlighsthe strength and the
limitations of the individual studies, and describes the solutions proposed to enhance our
understanding of electrical sign$ muscle fatiguelt concludes with recommendations for future
research directions, aiming to further enrich our comprehensiomgpbelectrical manifestations of

fatiguethrough the useful insights provided BEMG in different fields.






2 Electromyography

2. Electromyography

In this chapter, wedescribe the fundamentals of Electromyograplexploring its underlying
principles and the diverse applications in which it is utilized. We begin the discussion by outlining
the physiological mechanisms responsible for generating myoelectric signals, followed by an
introduction to mathematical modeldat can simulate these signals. Subsequently, we explore the
various methodologies for EMG data acquisition, focusing on the use of surface EMG, showing the
advantages and disadvantages ofisttmethod. Our foas then shifts to the principal signal
processing techniqudsr SEMG signhal@emphasizing the challenges and limitations inherent to time
and frequency domains methadThe variety of spectral estimation techniqegets the stage for

the simulation studies that we conducted, whiale described in detail in chapter 4.

2.1 Biophysics generation of signals

Electromyography is a widely utilized technique for measuring the electrical activity generated in
muscle fibres during voluntary or involuntary muscle contraction. This method has found
applications in a variety of fields, including but not limited to iment analysis in sports science,
ergonomic design in occupational health, muscle fatigue assessment in physiology, prosthetic
control in biomedical engineering, and diagnosis of neuromuscular disorders in clinical settings.
When discussing EMG signals, it is essential to understand that these myoelectrical signals are
recorded from single muscle fibres (via intramuscular electrodes) or from the whole muscle (via
surface electrodes). These signals originate from the activatimvided by innervating motor
neurons. However, the muscle contraction process generally begins in the primary motor cortex,
where neurons generate Action Potentials (AP). These electrical impulses are then transmitted via
interneurons to the motoneuronfocated in the ventral horn of the spinal cord. Depending on the
ALISOATAO Y20SYSyid (2 068 SESOdziSRZ G4KS / SydNT ¢
as described by Hennem#@&Henneman, 1957Y)o selectively recruiMotor Units (MUS) In this way,
activating smaller motor units before larger ones, the required force is generated efficiently.

After receiving the descending electrical impulse, ti@or unit, which consists of the motoneuron

and all the muscle fibres it innervates, undergoes depolarization. This depolarization event triggers
the sarcoplasmic reticulum within the muscle fibres leading to the release of calcium ions. The
calcium ions diffusento the muscle fibre initiating the sliding mechanism of actin and myosin

filaments within the sarcomeres leading to muscle contraction.
7



2.1Biophysics generation of signals

Understanding the physiological mechanisms of the muscle contraction provides the foundational
knowledge required for interpreting EMG signals. However, to fully exploit the potential of EMG in
various applications, it has been necessary to translate thhgsiological events into a quantifiable
form, creating a mathematical model of the EMG. Numerous methodologies for represéiméing
EMGsignal as an interference pattern have been proposed in the literature, each varying in
complexity (Merletti et al., 1999) (Duchene & Hogrel, 2000)Farina & Merletti, 2001a)These
methodologies provide mathematical descriptors that yigidights into the global characteristics

of the considered muscldhe generative model of the EMG can be described, accordifiatna

et al., 2014)ps follows:

) e 0] O O
2.1)

wherei 0 is the recorded EMG signdl,is the number of active motor units, is thej-th time at
which thei-th motor unit discharge action potentials, 0 is the shape of the action potential for
the i-th motor unit,] 0 0 is the delta function representing a motor unit discharge at tiine
and’Ois the total number of discharge events of tihi motor unit. The Motor Unit Action Potential
(MUAP) { ) of thei-th motor unit is defined as:

* 0 "0 2.2)

where” 0 is thej-th Single Filer Action Potentials (SFAP) of thlh motor unit and— is the total

number of fibres belonging to thieth motor unit.

The summation of all these potentials create the interference EMG signals that we acquire using
electrodes. Consequently, the quality of EMG signals is significantly shaped by various physiological
aspects. A key aspect is the type of muscle fibre, whachbztype | type Ilg or type Il each
exhibiting unique electrical characteristi¢falbot & Maves, 2016)ype Ifibres, known as slow
twitch, are characterized by slower contraction speed and greater resistance to fatigue. In contrast,
type llb or fast twitch fibres, are less resistant to fatigue and typically recruited in quicker
contractions. Type llafibres represent an intermediate, combining attributes of both types.
According to the typgthe length and the diameter of muscle fibneruited, different EMG signal

profilesare generatedIn addition to these aspects, several factors play decisive irolafuencing
8



2 Electromyography

the EMG signals, such as the recruitment of motor unftsirtconductionvelocity,and their firing

rate. Moreover, the nature and velocity of muscle contractions (i.e., isometric, isokinetic, or
dynamic) as well as the phenomenon of muscle fatigue (Duchateau & Enoka, 20b%jantially
modify the EMG readings, influencing the pattern and intensity of the muscle fibre activations
(DisselhorsKlug & Williams, 2020)

Besides the several internal factors that influence the generation and the characteristics of EMG
signals, he recordedEMGsignals arenighly dependent on the methods uséar the acquisition,
whichcan provide different insight&to the musclecharacteristics

In the next chapter, welescribe the twanain methods of EMG signal acquisitibocusing on the

surface EMG acquisition technique

2.2 Acquisitiortechnique: surface EMG

Electromyography captures electrical potentials generated by the depolarization of muscle fibre
membranes. Tis electrical activiy can be recorded in two primary wayBarina & Negro, 2012)
internally, with intramuscular electrodes, or externally, using surface electrodes. The choice
between these two methods depends on several criteria including selectivity, stability, and
susceptibility to noise interference (Perry et al., 1981). Intramuscular el@gtography (IMEMG),

an invasive diagnostic technique, involves inserting electrodes directly into muscle tissue offering
detailed insights into the electrical activity of individual muscle fibres. This procedure requires
specialized trainingrad is typically performed by clinicians to minimize muscle fibre damage and
reduce infection risks. The high selectivity of recorded signals mak&dM®G! particularly suited for
specific clinical applications, aiming at revealing abnormal muscle functindspathological
Musculdkeletal Disorders (MSDs) Despite its provemeliability andrepeatability (Davis et al.,
1998), (Chapman et al., 2010), (Green et al., 2019), the invasive natureEd@/limits its use in
broader applications making surface dlecles the predominant method for assessing muscle
activity across a wide range of applications.

Surface electromyography is a nowasive technique that allows the recording of the myoelectrical
activity from the surface of the skinUnlikeintramuscular EMGSEMG involves placing electrodes
directly on the skinabovethe muscle of interest, capturing cumulative electrical activignt all
underlying muscle fibres. In this way, surface EMG provides a comprehensive overview of the overall
muscle activity, offering valuable insights into the muscle function and the neuromuscular strategies

adopted bythe human body. Before reaching the surface of the skin, SEMG signals pass through
9



2.2 Acquisition techniques: surface EMG

G NA2dza GAaadzSa GKFEG FOG Fa € 2Rurthedncrerelidbleand] S NE&
accuratesignal acquisition requires meticulous skin preparation, typically involving hair removal,
exfoliationwith abrasive conductive paste, amishing toremovedead skin cell§Piervirgili et al.,

2014) Additionally, conductive gel is often applied between the skin and electrodes to enhance
signal quality by reducing skin impedance. Surface EMG recordings typically employ reusable
electrodes that are equipped with interchangeable adhesive layers toagtee the stability of
electrode placement. Accurate positioning and stability of the electrodes over the muscle are
essential for reliable and effective signal acquisition, particularly during muscle contractions that
involve lengthening or shortenin@d/lerletti & Farina, 2016)

Compared to invasive intramuscular electrodes, surface EMG is less precise, and more susceptible
to crosstalk interference(due to adjacent muscles activjtyand to noise (i.e., external
electromagnetic noise)Despite these limitations, its nanvasive nature and ease of application
make sEMG a powerful tool for muscle assessment across various fields. Beyond traditional clinical
and physiological assessments, the versatility of SEMG extends to sophistaggibcations in
biomechanical studies, ergonomévaluations, sports performance analysis, and hue@mputer
interaction. The simplicity of SEMG have thus facilitated its widespread adoption in these diverse
areas, continuously expanding its utility and impact. However, as De Luca pointed out Haek in
Mppnas a9abD Aa G22 Slkae (2 dzAS | y RsinpRiwafsigdzSy G
method andthe potential challenges in the interpretation of SEMG signals. For this reasons, recent
works tried to standardise the use of SEMG in eysitic way through a series of tutorials and best
practices(Merletti & Muceli, 2019; Del Vecchio et al., 2020; Merletti & Cerone, 2@k@)itionally,

a more recent initiativethe Consensus for Experimental Design in Electromyography (CEDE) project,
is aiming to standardize surface EMG application through Delphi consbasad guidelines for
experimental planning and interpretation (Besomi et al., 2019, 2020; Gallina eD22; Rlartinez
Valdes et al., 2023; McManus et al., 2021).

In the following two subsections, we will explore the technical methodologies and applications of
both bipolar andHigh-Density surface EMG, providing a comprehensive understanding of the

strengths and limitations of both methods in analysing muscle activity.

2.2.1.Bipolar electrodes

Conventional bipolar electrodes have been considdoeda long timethe gold standard in surface

electromyography, providing a reliable means of capturing myoelectrical signals from muscles.
10



2 Electromyography

Typically, myoelectrical signals, which are the sum of motor unit action potentials, reach the surface
of the skin with small amplitudes ranging from several microvoltghto a few millivolts ¢ @),
depending on the intensity of muscle contraction. These signals can be detected using bipolar
electrodes, consistingf a pair of surface electrodes and a third reference electrode, which should
be carefully placed at a site with no expected electrical activity, such as over a bone.

The acquisition process begins with the signal detection, followed by a differential amplifier that
multiplies the difference between two voltage signals by a constant gain (amplifier gain), thereby
increasing the amplitude of the acquired signals. Trep s followed by the application of a lew

pass analogue filter to suppress the aliasing phenomenon, wherefléghency sinusoids are
superimposed onto low frequency ones. Subsequently, as depictejime2.1, an A/D converter

is typically utilised to digitise the signals for computer analy&valcanti Garcia & M. Vieira, 2011)

Detection of
surface EMG
o D + \ s s
§ Anti-aliasing A/D
| D Filter Converter
U Differential @ @
Amplifier

@

Figure2.1 Simplified block diagram of surface bipolar electrodes acquisition. 1) detection of myoelectric potentials witt
electrodes and a reference electrode; 2) amplification of such potentials with differential amplifiers; 3) analoguediltaegrgigals
to avoid aliasing, and 4) A/D conversion to digitalise signals to be stored on a computer (5). Taken from Cavalcant/Gelieiea
2011.

Signal acquisition in surface EMG often challenges with various types of noise, whietiugzethe

signal quality and complicate the extraction of useful information about muscle behaviour. Despite
efforts to minimise noise at the source through appropriate skin preparation anddesigned

signal recording instrumentation, some noise is alwageriwined with the desired signalClancy

et al.,, 2002) Common sources of noise include Power Line Interference (PLI) and external
electromagnetic sources, such as electronic devices or medical equipment. PLI is usually removed

using notch filters set ab 1t o 1€ Un the USA), while external electromagnetic noise can be

11



2.2 Acquisition techniques: surface EMG

reducedthroughthe use of shielded cables, differential amplifiers, and bandpass filters that exclude
FTNBI|jdzSyOASa 2dziaARS (GKS 9ab aAaaylfQa NYy3asS 65
reducethe effects ofmovement artifacts, which are caused by electrode movement on the skin or
cable movement; adhering electrodes firmly to the skin can further minimise these artifacts
(Merletti & Farina, 2016). The quality of surface EMG signals also depends on a combafatio
technical and experimentahattors. The material used for electrodes significantly influences signal
quality, with factors like conductivity, flexibility, and skin compatibility playing fundamental roles.
Standard silver/silver chloride (Ag/AgCl) electrodes are preferred for thegllent conductivity

and minimal motion artifact¢§Prasad et al., 2021Recently, research studies have investigated
embroidered textilebased electrodes for their comfort and flexibility, although their signal quality

is somewhat inferior due to material properties and is not yet optimal for accurate muscle
assessmentShatfti et al., 2017Electrode size is anothkey factor affecting the quality of acquired
signas. larger electrodescoveling a broader area, averagmore potential distributions and thus
reduee noise amplitude However, they might also introduce crosstalk from surrounding muscles
(Afsharipour et al., 2019)n contrast, smaller electrodes provide more localised measurements but
couldmiss broader muscle activipatterns. Generally, thehoice of electrode size in bipolar EMG
depends on the specific requirements of the measurement, including the targeted muscle and the
precision needed for the study¥oung et al., 2011he shape of the electrode can also influence
signal characteristics, such as the spectral features extracted from gEMiGa & Merletti, 2001b)
Inter-Electrode distance (IED) is another central factor that determines the specificity and the spatial
resolution of the acquired signals. A larger IED typically results in increlab®#d amplitudes, as the
electrodes cover a broader muscle ar@&utthis might lead to a decrease in the specificity of the
muscle being targeted due to crosstalk. Conversely, a smaller IED provides more localised
information but may have lower signal amplitudgarina, Cescon, et al., 200From an
experimental perspective, the placement of electrodes in relation to the orientation of muscle fibres
and proximity to innervation zones is significant; any misalignment or improper placement can alter
signal amplitude, frequency, and conductioelocity, leading to inaccurate signal readings
(Hermens et al., 2000; Smith et al., 2015; Young et al., 2@Ld)hermore, mrmalising EMG
amplitude can reduce the impact of both IED and electrode placement, especially during fatiguing
exercisegSmith et al., 2017)

All these factors influence the acquired EMG signals, regardless of the system used. However, the

issue of crosstalk is predominantly encountered when using bipolar electrodes, especially in areas

12
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with dense muscular structures. Besides, bipolar electrodes present a limited spatial resolution
making them less suitable for detailed topographical studies of muscle activity. In comparison to
more advanced system, bipolar electrodes are simple to uskvadely accessible, making them
ideal for clinical and research settingderletti, 2004) Their simplicity not only facilitates rapid and
efficient signal acquisition but also makes them particularly suitable fortimal application in
ergonomics and sports application. The bipolar setups are less expensive comparedderiggi
systemswhich makes them anore practical choice for environments with budget constrai(@e

Luca, 1997)Moreover, they have been found to be effective for assessing superficial muscles with
straightforward fibre orientations, providing reliable readin§ainoldi et al., 2004)

In summary,we outlined the critical aspects of using bipolar electrodes in SEMG, from their
fundamental role in signal acquisition to the complexities of noise reduction. Understanding these
principles lays the groundwork for a comparison with hagmsity electrode sstems inthe

following section.

2.2.2 HighDensity EMG

HighDensity Electromyographyrepresents a significant advancement in the field of
electromyography, offering a more detailed and comprehensive analysis of muscle function
compared to traditional methodsIn the following, wedescribe the motivations behind the
development of HEEMG, the extra information that can be extracted from this technique, and how
it represents a step forwardith respect toconventional bipolar EMG systemen analysinghe
musclebehaviour and motofunctions.

Towards the end of the ZDcentury, researchers began to recognise the limitations of traditional
SsEMG methods, particularly the limited spatial resolution of bipolar electrode and the inability to
analyse complex muscle geometries comprehensively. This led to the developmentE&D
systems, which allow the acquisition of multiple signals from arvayggids of electrodes with fixed
interelectrode distances. Initially, linear arrays were developed to investigate anatomical muscle
properties(Masuda et al., 1983, 1985a, 1985Bhd to estimate muscle fibre conduction velocity
from the propagation of the action potentia[asuda & Sadoyama, 1986; Zwarts & Stegeman,
2003) This was followed by the introduction of electrode grids to capture titi@eensional signals

(i.e., one temporal and two spatial dimensions), greatly enhancing the understanding of action
potential generation, propagation, and extinction within the migs@Merletti et al., 2003) This

opened a window into the neuromuscular mechanisms at the base of the EMG signals.
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2.2 Acquisition techniques: surface EMG

In fact, technological advancements in4#DIG have further led to significant innovations in muscle
activity analysis by developing various decomposition algorithms to isolatexdrattthe electrical

activity of individual motor units. Initially proposed for intramuscular EMG signals (De Luca & Adam,
1999), these algorithms were subsequently adapted for surface EMG signals (De Luca et al., 2006;
Holobar & Zazula, 2004). An innovativevadcement was the development of the blind source
separation algoritm, which has been used in several scenarios for the decompositiseN6
signals, thus greatly expanding the potential applications oM (Avrillon et al., 2023; Holobar

et al., 2014, Holobar & Zazula, 2007; Negro et al., 2016).

a Electrode positioning b Raw surface EMGs — Motor unit 8 RMS amplitude
= 9
® Lateral =
g ——s S 3
= z 4
o ~ 5
o o 6
a7
w 8
e 9
£10
o 11
:;12
13
G4
15
20 ms Patella
aw surface s — Motor uni amplitude
c R rface EMGs — Mot it10  RMS amplitude ,,
1
> 2f— — — — — —
8 8l ——— — —— — —
S e e
===
(9]
Y~ —— e ———
e T~ ————— —— ——
8 8~ N v— —— ——
- 9 \/¥- BNl s N, i
1 /\/..— SN SN
212 \f,\;: e
@ 13t Y\
(;3 14} ~— AN—
@ 15l —~— "~ A~
Columns of electrodes 20 ms Patella

Figure2.2 a) Representation of Highensity EMG over the vastus medialis muscle.b) and c) action potentials of two MUs.
rectangles in the top and bottom rows indicate the location of the innervation zone (1Z) for both motor units. In thodumgint the
topographical map is calculated from the root mean square (RMS) amplitude of each trace. Taken from (Gazzoni et al., 2(

Besides showing individual motor unit contributions, hagnsity EMG systems offer multiple
additional advantages. These systems have a great spatial resolution that effectively reduces
crosstalk(Farina et al., 2004)and that have been used to improve muscle force estimation
(Staudenmann et al., 2006). Additionally, they have been employed to precisely identify the
InnervationZone (1Z)locations within muscle§C. Zhang et al., 202Researchtsdiesthat used
multi-channel EMG have provided insights significantly different from those obtained through
singlechannel surface EM(@&allina, Ritzel, et al., 2013; Mesin et al., 20&¢gnin small muscles

such as those in the forear(tsallina & Botter, 2013Furthermore, sveral studies started textract

topographical mapfrom HDEMG as shown irFigure2.2, to investigate andissess spatial muscle
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activity distribution(Gazzoni et al., 2017y enabling accurate estimations of conduction velocity
and capturing regional variation within muscles, tmmiltichannel approach has significantly
enriched the understanding of muscle functions, particularly in the study of fatigue and its
myoelectric manifestations (Gazzoni et al., 2017; Merletti et al., 1980act,the redistribution of
muscle activatiorduring contractionsvas found to bethe mainstrategy of the neuromuscular
system to dealith various physiological challengd€ein et al(Kleine et al., 200@Gpund changes

in the amplitude distribution of monopolar SEMG towards the crasaadal direction depending on

the level of force and fatigue. Similar results were found by Holtermann @{adermann et al.,
2005) whichrelatedthe inhomogeneities in muscle activatitmchanges in motor unit recruitment.

A previous study showed a progressive redistribution of Upper Trapezius activity during sustained
shoulder abduction, and it found an association between the amount of shift of the centroid of the
EMG amplitude map and endurance time in healthy voluntéEesina et al., 2008 5imilar results
were observed analysing fatiguing contractions (i.e., sustained lumkignsiorn) of the lumbar
erector spinae(Tucker et al., 2009)Likewise, the spatial distribution of lumbar erector spinae
activity was also investigated during a trunk extension endurance task, showing that larger muscle
redistribution was associated with longer sustainment of the contraci®amderson et al., 2019)

More specifically, when healthy individuals perform sustained or repetitive tasks, different regions
within a muscle become progressively more ac(valla & Gallina, 2020; Varrecchia et al., 2021)
especially with high loaddartinezValdes et al., 2019Yhe redistribution of muscle activation is
believed to be physiologically significant as it involves a shift in the region of muscle engagement,
potentially trying to minimizdocalizedfatigue by evenly distributing the muscular load between
different muscle regionsBy preventing an excessive strain on the muscle fibres recruited at the
beginning of the task, endurance time can be prolon{fealla & Gallina, 2020forinstance when
studying the lumbar ES, Abboud et @bboud et al., 20203howed thatmotor unit territories
within the muscle are organized into two distinct regiaupportingthe idea that regional changes

in activation can occur within the same musclissuggess the possibility ofrecruiting newer,
lessfatigued motor units withindifferent regionsof the same muscleluring various functional
tasks.Conversely another stug (MarineauBélanger et al., 2023howed a lateral shift in the
lumbar ES near the end of a fatiguing task, suggeshiagengagement of adjacent muscles as a
compensatory strategy to maintain motor performan€ollectively, all these studies demonstrate
the additional insights provided by HEMG in understanding muscle activity redistribution during

contractions especially duringustained fatiguingnes
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Despite its advantages, HEMG systems are complex and expensive compared to conventional
bipolar EMG setup. They require sophisticated hardware for data acquisitiondaeditated
software for data processing, in addition to the specialized training for effective data interpretation
of decomposition algorithms (Del Vecchio et al., 2020). Bestdesaccurate decomposon of
SEMG signals in individualotor unit contributions can be challenging, especially in large muscles
like the gluteus maximus or in rmcdes with complex architectures like the multifidus or deep
segments ofEector Sinae (ES) where the overlapping of muscle fibres and the distribution
distances complicate the detection of individual motor unit action potentials.

In summary, the development oHD-EMG systemdhas revolutionized the study of muscle
behavioursand motor functionsDespite theirhigher cost and complexity compared to traditional
bipolar EMG, thextensiveand high-quality data provided by HEMG offer invaluable insights into
muscle dynamicsThis makes HEMG systenan essential tool in advanced electromyography
research. Furthermore, the comprehensive data on muscle s@turedoy HDEMGsystemsave
opened new pathways in muscle fatigue researeinhancing our understanding of muscle
strategies irresponse to fatigugand potentially allowing the prediction of task failuaswe exphin

in Chapter 6

2.3 EMGsignal processing

Rav EMG signals, once acquired, are rich sources of information that, arredpsed through signal
processing techniques, yield invaluable insights into muscle behaamimotor functionsEMG

signal processingnethods provide useful information that are fundamental not only in clinical
diagnostics but also in advancing research across diverse fields such as robotics, sports, ergonomics,
and rehabilitation (Chowdhury et al., 2013). This chapter aims to destrbmost common EMG

signal processing techniques in the time and frequency domains. Each domain, in fact, offers unique
analytical perspectives, contributing to a more comprehensive understanding of muscle activity.
Particular focussgiven tothe techniques developed within the frequency domaihichhave been

exhaustively studiednd investigated for the research studies presented in Chapter 4
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2.3.1.Time domain methods

Time domain methods are essential in the analysissBfiG signals, offering a fundamental
approach that concentrates on examining the shape and amplitude of these signals as they evolve
over time. EMG indicators extracted from the time domaamovide rapid measures of muscle
activation without requiring complermathematicaltransformations.Although the amplitude of

EMG signals can be affected by a range of factors, both physiological, such as muscle contraction
intensity, and technical, like electrode positioning and skin impedance, time domain methods
accurately capture the overall changetextracted variable over time. It yields straightforward,
easily interpretable metrics like peak amplitude and mean absolute values.

One of the main advantages of time domain methods is their low computational demand, which
makes them exceptionally suitable for rdahe applications. This is particularly beneficial in areas
where quick and efficient signal processing is fundamentathsas in the development of
responsive prosthetic devices or in advanced systems for gesture recognition. The simplicity and
computational efficiency of these techniques ensure their broad applicability across various fields,
especially when rapid decisianaking systems, based on sEMG, ergloyed

Typically five main features arealculated from thetime domainto analyse thesEMG signals
(Hudgins et al., 1993Dne of the maiindicatorsthat can be extracted is the Mean Absolute Value
(MAV), also called Average Rectified Value (ARV). This represents a measure of the average rectified

value of thesEMG signal, providing an overall estimate of muscle activation level. It is defined as:

06 @ UE s x EOF piciB i 23)
where ¢ is then-th sample of the discrete time signal, andN is total number of samples in the
considered epoch segment

Another easy way to measure tl8EMG amplitude is the Root Mean Square (RMS), representing

the power ofasignal. It can be calculated as:

YO Y ) x EOE phelB B 24)

Ci|o
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2.3EMG signal processing

wherew RER) andi aredefined as above. Generally, research studies report the Envelope, or RMS
envelope, whichcould be seeras a smoothed representation of the RMS values over time. The
envelopecan be calculatetby low pasdiltering the rectified values of the EM(&e. with cutoff
frequency in the range-30 Hz) orby computing theRMSon small overlapping segmetitroughout

the entire duration of the EMGignal and smoothing them with moving average technique. This
process smooths out the rapid fluctuations inherent in the raw RMS values, resulting in a smoother,
time-varying profile of muscle activation that is more straightforward to visualize and interpret,
especially in dynamicrgrolonged activities.

Within the time domain analysis, another measure is the Mean Absolute Value Slope. It is defined

as the difference between sums in adjacent segmengndi  p, and it can be computeds:
Yoo 006w 00w 2.5)

Another metricextracted in the time domain the Zero Crossing (ZC), which represents the number

of times the EMG signal crosses zero. This measure is indicative of the frequency content of the
signal, showing propertiesmilarto those provided by thenean and median frequencies. However,

due to its high dependence dhe Signaito-Noise Ratio (SNR) of the analysed EMG data, its use has
been abandonedH&gg, 1991)

The Waveform Length (&vel) is a further descriptor that provides information on the waveform
complexity within each considered time segmeiihis indicator is aculated as the cumulative
length of the waveformandit is sensitive to both frequency and amplitude of the sigttas defined

as:

WHOL QD W WS x E OE phciB B 2.6)

where ¢ is then-th sample of the discrete time signal, andN is total number of samples in the
considered epoch segmen8

All these metrics offer a comprehensive overview of muscle activity over timfact, research
studies demonstrated thathe amplitude of the EMG signalsasstrictly related to the measured
force or torque(Perry et al., 1981 More precisely, a linear relationship between EMG and force
was found at lowlevel isometric contractios) where anincrease inthe muscle forceis directly
connected to thencrease in the EMG amplitudidaanks to thegreater motor unit recruitment and

firing rate (Moritani & Muro, 1987) However,during highlevel or dynamic contractionghis
18



2 Electromyography

relationship becomes more complex and rlamear (De Luca, 1997)Additionally, it has been
showed that the relationship between EMG and force is influenced by the type of muscle fibres,
becoming nodinear when fibres of mixed types were recruit@d/oods & BiglandRitchie, 1983)
Another important aspect affecting the EMGrce relationship is the inteindividual variability,
which is influenced by factors like muscle conditioning, neuromuscular efficiency and even
anatomical difference@~arina, Fosci, et al., 2002)

Summarizing, time domain signal processing techniques are important for gaining insights into
muscle activity. These methods provide clear and easily interpretable measures that are essential
for understanding muscle activation patterns and overall mukelgth state. Their simplicity and
direct approach to data analysis make them very useful tools across various fields, including
robotics, healthcare, ergonomics, and fatigue analysis. However, in the context of muscle fatigue,
SEMG signal amplitude rarely used as a standalone manifestation of muscle fatigue because not
sufficient for its assessment. Instead, it is typically used in conjunction with other methods, such as
spectral analysjsalso known agdoint Analysis of EMG Spectrum and AmplitWReSA(Cifrek et al.,

2009) This combination of methods enriches the understanding of muscle behaviour, especially in

scenarios where complex muscle dynamics are involved.

2.3.2.Frequency domain methods

By using time domain methodthe processing of dateequires someapproximations to simplify

the analysisand consequentlgome patterns of the signaimight remain obscured. Moreover, due

to the complexy and nonstationarity nature ofsome seEM@Gignals, analysda the time-domain

only are often insufficient With the introduction of theFast Fourier Transform (FRQooley &
Tukey, 196band its discrete versiorihe Discrete Fourier Transform (DFIf was possible to map
these signalsrom the time domain to thespectral domain. This advancement empowered
engineers and researchers to extract additional information underlying the signals, offering a view
into the frequency components ahese signalsThs mapping in the frequency domain allow to
investigate the characteristics of SEMG signals from an extra point of view, revealing specific
patterns invisible in the time domain. Moreovethe frequencydependent behaviouref SEMG
signalshave beerargelyexploited for anomalies detection, diagnoses, treatments, and biomedical
research.While the Continuous Fourier Transform serves as a foundational tool for the spectral
analysis, it operates under the assumption that signals are infinderation. However, realorld

signals are typically finitendnot available for long durationsherefore we can only obtain spectral
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estimates instead of true spectral values. Additionally, SEMG signals are @lerdagsinated by
noise and might show non-stationarities further compromisingthe accuracy of the spectral
estimation (Farina & Merletti, 2000; Hof, 1991; Karlsson et al., 2088)a result, theestimated
spectrum might not always perfectly represent the true frequency content of the signal.

To mitigate the limitations inherent to the FFT, many alternative spectral estimation procedures
have been proposed, as summarizedKay & Marple, 1981 These techniques can be categorized
into two groups:1) nonparametric methodghat estimate the PSD directly or indirectly from the
data, and2) parametricmethodsthat focus on estimating parameters to create a model, which can
then be used to compute the PSDuring the entire thesis, when referring to the parametric
SAGAYFGA2Y GSOKYAljdzSE GKS GSNY¥Y at {5 SadAYl GAz2
the model, from which the PSD was computBetailedmathematical formulatiorof parametic

and nonparametric methods is provided in Appendixdfce the PSD is obtainefdm sEMG signals
through one of these spectral estimation techniquéso main metrics argenerallyextractedto
characterize the muscle statthe Mean Frequency anthe Median Frequency.

The Mean Frequency is the frequency averaged over the entire spectrum and can be calculated as:
VU0 ——— 2.7)

where0 is thej-th line of the Power spectruniQis thej-th frequency and) is the line at the highest

frequency of the signal bandwidth that depends on the time duration and the sampling frequency.

The Median Frequency, instead, is the frequency at which the SEMG Power spectrum is exactly

divided into two regions equivalent in pow@Phinyomark et al., 2012)

v 2.8)

Typically, MNF and MDF coincide if the spectrum is symmetric with respect to its centre line while

they differ if the spectrum is skewed as in tte&se of EMG signals.
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3 Muscle Fatigue

3. Muscle Fatigue

In this chapter,the concept of muscle fatigueis described, explaining the importance of
understandng its multiple causesTwo models which have been developed to characterize the
muscle fatigugrocess are explainedthe cardiovascular antthe neuromuscular model€Emphasis

was placedn the neuromuscular fatigue model, which has been defined and validated through
extensive use obkurface electromyographyanalysingthe myoelectric response of muscles to
prolonged contractionsThen,| describethe different methods that have been proposed to detect
muscle fatigue highlighting the importance of SEMG. Finallgptclude the chaptet,will describe
severalsEMGindicators that have beeproposedto investigatemyoelectrical manifestations of

fatigue.

3.1 Definitions and Principles

Muscle fatigue is a complex phenomenibrat might be experiencedn all daily activities involving
muscle contractionand movementsin literature, hiere exist many definitions of muscle fatigue
varying according to the specifttiscipline.For instance,n physiology fatigueis described as a
failure of physiological systems (H.J. Green, 1997), Whbile anengineeringooint of view, itmight

be defined as a progressive neuromuscular phenomenon developing over timpeotect the body
against injuriesNlerletti & Farina, 2016)n generalthe mostfrequentlyaccepted definitions the

one from a biomechanical perspectiwghere fatigue is described astransient decrease in the
capacity of generating muscle foregesulting ina reduced ability tgustainphysical activities (Enoka

& Duchateau, 2008).

Muscle fatiguebegins withthe onset ofany musclecontraction, and it is associated with both
mechanicaland myoelectric phenomenaroadly, it encompasses all physiological changes in a
musclethat progressivelyead up tothe inability to exert forceBased on the level of the motor
pathway where this event occurs, fatigue can be distinguished between central fatigue and
peripheral fatigue(Wan et al., 2017) Usually, during sustained muscle activity, fatigue includes
both central and peripheral componentdmann, 2011)although the single contributions are task
dependent(AbdElfattah et al., 2015; Enoka & Stuart, 199P)vas observed that both components
are present when the effort is maxim@erletti & Roy, 1996)while during submaximal effort the
peripheral fatigue component is predominaiMagata et al., 1990Because of several physiological

processes simultaneously aggon different levels, the assessment of muscle fatigue has been very
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challenging.Extensive researcimas been carried out to investigate theomplex relationship
between muscle fatigue and variety ofphysiological factorsThese studies include examining
changes in muscle blood flo{@8jegaard et al., 1988he rapid onsetof fatigueassociated withow-

back painRoy et al., 1990)he side specificitpf fatigue due taneck pain(Falla et al., 2004}-urther
investigations focused on gendezlated differences in muscle properties fatigabilf§ark et al.,
2005) agerelated variations(Allman & Rice, 2002and the effects of differenttype of muscle
contraction(Avin & Frey Law, 2011; Baudry et al., 2007)

Given the complexity of the fatigue phenomenon, many linear (Abbiss & Laursen, 2005) and non
linear models (Lambert et al., 2005; St Clair Gibson & Noakes, 2004) have been propesedg
different aspectsand offering diverse perspectives on fatigue. Among the linear modeld)dive

been indicated to explain the development and progression over time of muscle fatjtiee
cardiovascular/anaerobic model, which emphasizes the role of the cardiovascular system in oxygen
delivery and metabolic wasteemoval;b) the energy supply/energy depletion model, focusing on
the balance between energy availability and outflayythe neuromuscular modeaddressing the
muscle recruitment and produced muscle powaythe biomechanical model, which examines the
mechanical aspects of muscle action and fatigue; epthe psychological/motivational model,

considering the mental and motivational factors influencing fatigue.

3.2 Neuromuscular fatigue model

Understanding théundamentalmechanisms of muscle fatigue is essential for developing effective
training, injury prevention strategies, and rehabilitation programs. The complexity of muscle
fatigue, howeverwas modelledn different ways. For example, the cardiovascular mathgks that
muscle fatigue is encountered when the supplyoaf/genated bloods insufficient to meet the
demands ofactively workingmuscles(Noakes, 1998)and the systemcannot efficientlyremove
metabolic wastdyproductslike carbon dioxide and lactic aciloakes, 2000However, in this PhD
thesis | focused othe study of the neuromuscular modétying to investigate and explore the early
myoelectrical manifestations of fatiguesingsurface EMG.

The neuromuscular fatigumodel has been defined @l y & SESNDA &S Ay RdzOSR
L3256 SNJ NB3IIF NRf Saa 2F ¢KS{KS NBigiarfeitchie & &vpodsD1984) 6 S
This model highlights the dynamic nature of the neuromuscular system that actasitsson as
muscle activity begins. In fact, from the onset of any muscle contraction activity, initial

neurophysiologicalktates begin to change(i.e., energy reserves, ion concentrations, and the
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arrangement of contractile proteins). These alteraticar® early signs of muscular fatigubat
evolve over time untiNBS I O K A bfeak poif€,She thoment in which it is impossible to continue

producingthe required force oto sustain thecurrentactivity (Boyas & Guével, 2011)
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Figure3.1 Schematic representation of the neuromuscular model of fatigue. Muscle fatigue can be described as a comt
ccentrak and dperipherag fatigue. Central fatigue represents changes within the Central Nervous System (CNS), while |
fatigue indicates changes within the muscle itself. Adapted from Abbiss & Laursen, 2005.

Investigatinghe factors leading to muscle fatigue during contraction reveals a complex interaction
of various elementsas shown inFigure 3.1. These factorsinclude the intensity of the force
produced, the type and duration of the contractidgihe increases in metabolite concentrations, the
type of muscle fibres involved, the changes in muscle fibre Conduction Velocity (CV), the alterations
in the number of recruited motor unittAdam & De Luca, 2005; Fitts, 199%)e ability to sustain
maximal orsubmaximatontractionsover timeis a consequence dioth facilitatory and inhibitory
effects originating fronmeuromusculasystem Essentiallyto compensate for the diminishing force
generation, the neuromuscular system implementmultiple strategies involvingneural and

musailar mechanismsaiming to postpongéhe moment whenthe task can no longer be performed
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(Boyas & Guével, 2011Jhis decreasein force during maximal or submaximal exercises (e.g.,
isometric, isokinetic or dynamic contractions)atiributed to central fatigueand/or peripheral
fatigue(Gandevia, 200®) / f I aaA Ol f f 8 2 & OSy (i Ndchanges2ddated priSrdzNJ f
to the neuromuscular junctioh g KAt S G LISNRA LIKSNIF £ ¢ 2NJ aYdza Odzt | N
that are located after the neuromuscular junctigRlace et al., 2010)n the first case, we refer to
central fatigue when he reduction in muscle strength is caused by changes withinCdreral
NervousSystemrather than at the muscle itselThis type of fatigue is influenced by a variety of
factors ranging from neurotransmitter depletion to accumulation of metabolic byproducts that can
affect brain function, or to psychological elements like lack of motivation and perceived effort
(TornercAguilera et al., 2022Another important factor attributed to central fatigue comprshe
reduction in the neural drive command that controls working muscles, reducing the number of
recruited Motor Units and their discharge rate, which results in a decline of the force output
(Gandevia, 2001)This is caused by the decrease in the number of recruited Motor Units and their
discharge rate. It has been suggested that the discharge rate of motor units decreases tdhmaatch
change in the mechanical state of the muscle during the fatiguing contrathi@mugh afferent
feedbackb ¢ KAa YSOKIFIYyAaY RdzZNAyYy3a GKS T (A WBdrlyyed 02
Enoka, 2007) Central fatigue, therefore, functions as an integrated mechanism designed to
preserve the integrity of the system by initiating muscle fatigue via muscle recruitment strategies
to prevent cellular or organ failur@Noakes, 2000)

Peripheral fatiguginstead,appears as decrease in the contractile strength of muséleres This
involves alterationsin action potential propagationin excitationcontraction couplingand inthe
neuromuscular transmissignvhich isdefined as transformation of the nerve action potential into

a muscle action potential at the neuromuscular junctidractors such as neurotransmitter
depletion, reduced neurotransmitter release, and decreased sensitivity ofgyostptic receptors
contribute to peripheralfatigue (Allen et al., 2008)Therefore, peripheral muscle fatigue during
physical activities is considered an impairment of the peripheral mechanisms from excitation to
muscle contraction.

However, in the last decadegnovel taxonomywas proposed b¥luger et al(Kluger et al., 2013)

to understand fatigue, emphasizinig dual aspectl) performance fatigability, which refers to the
observableand measurablelecrease in performance over a specific time interval, 2yjkrceived
fatigability, which refes to the alterations in the sensationghat affect a person's functional

integrity. These two aspectare closely linked, interacting and defining the symptoms of fatigue

26
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together (BerettaPiccoli et al., 2021 An adaptedtaxonomy, which is illustratesh Figure3.2, was
proposed byEnoka and DuchategiEnoka & Duchateau, 2018)iggesingto considerfatigue asa
single entitywithout the need for qualifying adjectives lileentral, mental, muscle, peripheral,
physical, and supraspin&hstead, they advocate for research studies to concentrate on the primary
outcome variable, describing its response to the study protocol, rather than categorizing the

research under a specific type of fatigue.

Fatigue
Perceived fatigability Performance fatigability
Homeostasis  Psychological Contractile Muscle
state function activation
* Blood glucose * Arousal * Calcium kinetics e Voluntary activation
* Core temperature * Executive function * Force capacity e Activation patterns
* Hydration * Expectations * Blood flow * Motor neurons
* Neurotransmitters ¢ Mood * Metabolism and  * Afferent feedback
* Metabolites * Motivation products e Neuromuscular
¢ Oxygenation * Pain propagation
* Wakefulness * Performance
feedback

Figure3.2 New taxonomy defining fatigue as a sedported disabling symptom derived from two interdependent attribi
perceived fatigability and performance fatigability. The modulating factors are not exhaustive but represent a foundettihiad
might be expnded with future research insights. Taken from Enoka and Duchateau, 2016

Understanding neuromuscular fatigue has important implications in various fields. In ergonomics,
for example, this knowledge helps in designing workplaces and tools that minimize the fatigue and
the biomechanical risk associatedth specific movements, thereby enhancing productivity, and at
the same time reducing the musculoskeletal disorders that could arise. In rehabilitation, insights
into fatigue mechanismscould guide the development of targeted exercises and specific
interventions for patients recoveng from injuries or suffering from neuromuscular disorders in a
tailored way, with a persowentred approach. Additionally, in sports science, an understanding of
neuromuscular fatigue might help in optimizing training programs, enhancing athletic penfae

with targeted exercise buivithout overstresgng the muscle, and thus preventing injuries due to

overtraining
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3.3 Existing methods for Fatigue Detection

Muscle fatigue is characterized by a significant decrease in the ability of the muscle to generate
force or power during sustained activity (Enoka & Duchateau, 2008). This phenomenon presents
complex physiological changes that necessitate a precise assegiue to the diversityf fatigue
mechanismswhichcan be partially revealed through various fatigue measures (Cairns et al., 2005).
This section explores some principal techniques developed for measuring signs of muscle fatigue,
emphasizing their priciples, applications, and limitations.

Dynamometers arefrequently usedto measure muscle force and power during controlled,
isometric, and isokinetic movement$¥hey arean essential tool for confirming the presence of
muscle fatiguebut are often used inconjunctionwith other physiological measureblowever, a
significant limitation of these devices lies in their ability to provide only a global measure. Muscle
fatigue often involves the coordinate effort of several muscle working together to compensate for
reduced force output. Consequentlyyhile dynamometersare helpful for assessing overall muscle
strength and endurancehey may not always accuratehgflect the state of fatigue in individual
muscles.

To measure the physiological changesociated with muscle fatigugarious techniquesuch as
surfaceElectromyography, Mechanomyography (MMG), Sonomyography (SMG) ofirifieaed
Spectroscopy (NIR®ave been developedThesetechniques allow the continue monitoringf
physiological signals thairovide informationon muscle functionand the progression of fatigue
(Esposito et al., 1998; Guo et al., 2010; Shi et al., 2007; Yoshitake et al., 1B0€flical studies
MMG andsEMG are primaly used (AMulla et al., 2011). MMG, considered the mechanical
counterpart ofsEMG (Gordon & Holbourn, 1948), assesses muscle function by detecting mechanical
vibrations produced during contractions. Its advantagelude lower sensitivity to electrical noise

and electrode placement, with more straightforward signal analysis (Woodward et al., 2019).
limited application is due to the lack of standardized sensors and protodolsever MMG was

shown toproduceuseful insightomplementary tahose extracted from theaEMG (Orizio, 1993).
TheNIRSIinstead,sanon-invasive method that uses the near infrared part of the electromagnetic
spectrum to measure the absorption properties of blood haemogldliancini et al., 1994)it can
measure oxygenation changes in a fatiguing muscle, revealing information about local blood
circulation, blood volume and changes in the oxygenated haemog(@trrey et al., 2010)This

method, though, can be less effective based on the individual adipose tissue thickness impacting its
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accuracy in localized muscle fatigue assessment. Despite this, NIRS has been shown to offer valuable
complementary information téEMG in muscle fatigue assessmérelman et al., 2011Most of
the developed techniqueare generally used ioombinationwith the surface electromyography.
Surface EMG, in fachy measuing the electrical activity produced by skeletal musclefers a
direct measure othe muscle stateandits changesassociated with fatigu@rogression over time.
This technique can be influendeby several external factors such as skin condition, type of
electrodes, electrode placemenmoise or othertype of interference (Merletti & Cerone, 2020)
However the ability to extract meaningful parameters with relative simplicity, without the need for
complex or invasive procedurdsighlightsthe sEMGpractical utilityin clinical settingsin addition

to be one of the mostusedmethodsin researchto investigate muscle fatiguén this PhD thesjd

will focus onthe surface EM@s a primary tool foassessing thenyoelectrical manifestations of
fatigue. Next section provides a detailed description of ¢hseveral indicators that have been

developed tocharacterize the fatigue process through the analgsisiyoelectricabctivity.

3.4 EMG indicators of muscle fatigue

The main techniques developed for analysing SEMG signals and extracting paramesgpdaio
muscle behaviouhave been describedHowever, muscle fatigue is a very complex phenomenon
that, though several biochemical processes, induces variations in the electrical activity of muscles.
These changes, referred to as myoelectrical manifestations of muscle fatigue, are observable in the
EMG indicators as soon as any contraction begins. Therefore, by analysing and interpreting them, it
is possible to stop the oraction before reaching the point of exhaustion, preventing muscle failure
and consequently muscle injuri€Gazzoni et al., 2017)

Historically, at the beginning of the 2@entury, a research study noticed for the first time some
OKIy3aSa Ay GUKS 9aD>X 20aSNBAyYy3a | adqat2gAiay3as 2
contraction (Piper, 1912)Subsequently, a few years later, another study detected an increase in
the amplitude of EMG during a sustained contractig@obb & Forbes, 1923)However,
technological limitations of that period restrained precise measurements until the technological
advancements in the late 90century, when systematic studies started to effectively explore the
impact of fatigue on EMG parameters. Pioneers like Petr(Bkjrofsky et al., 1982nd De Luca

(De Luca, 1984ylentified as key indicators of fatigue during prolonged contractions two main
features: the increasef the EMG amplitude, and the compression of the frequency spectrum

towards the low frequency area. These findings confirmed earlier observations and set the stage for
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more advanced EMG analysis. With the advent of digital computing, signal processing techniques
for surface EMG improved significantly, enhancing the accuracy of parameters likevblepe
(Ranaldi et al., 2018) anean andmedianfrequency(Phinyomark et al., 2012particularly, the
guality of these spectral parameters, which depends on the spectral estimation technique, was
deeply investigated through the study of bias and varigitaf, 1991) Numerous researchers have
studied different estimators comparing the errors produced in the spectral estimgfdt; &
Georgakis, 2011; Bonato et al., 2001; de Hoon et al., 1996; Farina & Merletti, 2000; Hof, 1991;
Karlsson et al., 2000; Merletti & Roy, 1996; Oberg et al., 1884yever, none of them considered

the process of muscle fatigue as a potential factor influencing the estimates, leaving open the
research question about the influence of muscle fatigue on these estimators.

In the same years, various models have been proposed to assess more in detail the muscle fatigue
processrom a signal point of viewespecially trying to remove the constrain of stationa(®yfrek

et al., 2009) Among these methods there are the tifrequency distributions, such as Shdiitne
Fourier Transformation (STFT) and the set of Cohen class distrijBboato, 2001; Bonato et al.,
1996, 2001) particularly useful in analysing EMG signals in-stationary conditions, providing
insights into both theime andthe frequency content of muscle activity during fatiguing contraction.
Additionally, wavelet transformations were introduced to overcome the traffein having good
resolution in both time and frequency domaif&onzaledzal et al., 2010)On the other hand,
Dimitrov et al(Dimitrov et al., 2006proposed a new set of spectral parameters based on the ratios
between EMG power content in high and low frequency, aiming to describe more accurately
peripheral fatigue. Furthermore, many ndinear methods have been introduced such as entropy

to evaluatehomogeneity of muscle activation in muétiectrodes gridFarina et al., 2008; Troiano

et al.,, 2008) fractal dimension to assess the ssilnilarity of the EMG signals, or Recurrence
guantification analysis (RQA) to detect deterministic structures in signals that repeat throughout a
contraction(Gonzaledzal et al., 2012)

Despite all these advancements, no method has been found to fully characterize the muscle fatigue
process. Most of the described methods focused on the characterization of fatigue in the time and
frequency domainsextracting commorsEMG variablesuch assignalamplitude (RMS envelope)

and the frequency contenfMNF and MD}- However,when extracting these parameters from
bipolar sEMGhe spatial dimensiors generally not considered@hanks to the development of High
Density EMG systems, which increake timited spatial resolution provided by bipolar systems,

more and more attention has been directed to the spatial visualization ofSEMG activity.
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However, a full characterization of muscle fatigue in this domain is still missing. Therefore, in the
following chapters of this thesis, tbe limitations will be addressedFirst, | will explore the
performance of the most used spectral estimators comparing them in the analysis of SEMG signals
during fatigue. Then,willinvestigate the fatigue process by including in the EMG analysis measures
of spatial changes. By enhancing existing models and filling these gaps, this thesis aims to provide a
more compehensive understanding dfie electrical signs ahuscle fatigueimprovingthe way of
analysing fatigue and offering new techniques for predicting muscle faihieeh couldpotentially

be employed to assess apdevent muscle injuries.
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4. Optimal spectral estimation during fatigue

In previous chaptemve introduced the most common techniques that have been developed to
efficiently estimate thePower Soectral Density Each of thsetechniques, described in detail in
Appendix Ahas its own advantages and limitations that weezefullytested in normal conditios
However, autlined in subchapter 3.4muscle fatigue alterghe frequency content of theEMG
signals,affecting theshape of the power spectrum amtbnsequentlythe results of the spectral
estimatiors. The performance of these techniques varies depending on seira@émentation
factors such as the length and the shape of the windowction used to segment the signal
(Mafanas et al., 2002; Merletti et al., 198%e number of segments used for the estimation
(Mafianas et al., 2002and the order of the model in the parametric approd€&larina & Merletti,
2000; Mananas et al., 2002yloreover, while various research studies investigated the effect of the
window length on the spectral estimatiq€lancy et al., 2005; Keller et al., 2018; Z. G. Zhang et al.,
2010) there is still a gap in understanding how these implementation settings might influence the
estimation of mean frequency and median frequency inSEMG signalsthat present aPSD
compressedowards the low frequency aredue to muscle fatigue.

Therefore, m this chapter] will addresghe challengesssociated with the estimation of th@wer
spectrum of SEMG signals during muscle fatiguewill provide a detailed description of the
methodological studied carried on comparing all the existing approaches in different case
scenariosl simulaied SEMG signals with specific characteristitat are commonly encountered in

the presence of muscle fatigusuch as the reduction in the frequency content of the signals

The results of two studies completed during my PhRE2 presented, starting with the study
published on Biomedical Signal Processing and Cq@oolini et al., 2022and then showing the
study published on Sensor&orvini & Conforto, 2022 Both studies represent comprehensive
analyses evaluating the performance of common methods used for the spectral estimation,
suggesting which approach should be used to deal with the frequency variations introdustel G

signalswhen evaluating muscle fatigue.

4.1 First Simulation study

To rigorously evaluate theefficiency of the described spectral estimation techniques, a
comprehensive simulation study was conductdthis study comprises three different statistical

analyses to evaluaté; the performance of the Welch method varying the window function el
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4.1 First Simulation study

SNRji) the performance of the Burg method varying the model order #mel SNRjii) the best

performance among the existing estimation techniqwesyingthe SNR

4.1.1.Methods

Signal and noise generation
A datasetof stationary surfacenyoelectricsignals was synthetically generated for this scope. The
objective was to create a specific set of signals wahousfrequency contens. The signals were
designed to exhibit distinahean andnedianfrequencyalues for the purpose of simulating a range
of physiological conditions from normal muscle activity to muscle fatighe. SEMG signals were
synthesized using the model proposeg tulen and De Lu¢&tulen & De Luca, 1981his model
employs a zeranean white Gaussian noise process with unit variance, which is shaped through a

specialized filter to generate a PSD described by the following equation:

0 "Q [y 4.1)
0 o 0 9 O :

where 0 "Qis the ideal PSDQ is a scaling factorQand "Q are the low and high cubff

frequencies, respectively, an@Qis the frequency that ranges from zero to half of the sampling
frequency €) to consider only the positive part of the spectrum.

In the first simulation workthe implementation setings were®@ p and’Q p 1 Qg The
duration of each signal was sett@ ¢ v dti. This specific brief duration was chosen based on its
suitability for pseudo realime applications. In fact, as stated(irarina & Merletti, 200QXhis epoch
length (Y ¢ v dri) resulted to be the minimum length have a minimal impawtvariance and
bias in spectral estimation.

A total of four batches, each containing 1000 signals, were generated. In each batch,-tifé cut
frequencies of the sSEMG modéDénd™Q) were varied to simulatthe followingphysiological states

of muscle activityrest, initial fatigue, fatigue, and severe fatigue.
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4 Optimal spectral estimation during fatigue

The pairs of cubff frequencies were chosen based on the example providé&anina & Merletti,

2000) and are as follows:

1. Q o fiQ ¢ mproducing anidea) U 'O v & YOdand an ideal OO 1 @ YOd

2. 'Q 1 fQ p m,Producing anideal 0 'O w @ UVOdNd an ideab OO0 x & XOa

3. Q @MQ p ¢,mproducing an ideald U 'O p p&®TOGand an ideald OO
w Bt 1i0a

4. 'Q v MQ p v,mproducing an idealb 0 'O p ¢& pOGand an idealb OO

p dp TOQ

In the statistical analysisicut-offé will be used as a fodevel factor to indicate the cubff
frequencies usedh the model,and thus the frequency range where the signal's power content is
predominantly concentrated.

To further enhance the realism of the simulation, an additional 1000 realizations of white Gaussian
noise with”Y ¢ v dri were generated and added to the sEMG signals. This was done to simulate
typical Signato-Noise Ratio conditions of 5, 10, 15, and 20 dB, as outlin@dinaldi et al., 2018)

In the statistical analysisSNR will be employed as a fotlevel factor to indicate the quality and
clarity of the signals in varying noise conditioBg. applying the 1000 realizations (four times) at
each of the four batches of generated signale simulation resulted in a total of 16089nthetic

sEMGsignals, each of which can be represented by the following equation:

GAGK y T | 42

where 0 is the total number of samples, is the white Gaussian noise to be modulated as the
input of the filter,"Q is the shaping filter, anqd is an independent realization of white Gaussian
noise. The two noise processes andry were assumed to be uncorrelated. The shaping filter
"Q was obtained by taking the real part of the inverse Fourier Transform of the amplitude spectrum
which is the square root af "Q. The phase of this spectrum was reconstructed as the imaginary

part in the Hilbert transformation of the logarithm of the magnitude.
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Processing
In the following analyses, specific settings were configured for the implementation of the various
spectral estimation algorithms. For the Welch method, each signal was divided in a total of thirteen
segments (S = 13 Hy. A.D), considering an overlap of 25% of the length of the segment.
For the implementation involving the FFT of the autocorrelation funcliosed MATLAB's buiit
function specifying thenaxlaginput to limit the autocorrelation range. In theubsequent analysis

the unbiased version of thautocorrelatiorapproach will be referred to by the acronym AC.

Statistical Analysis
In this paragraph will describe the three statistical analyses thed performed on the simulated
signals. All analyses were performed for batlgan andmedianfrequency by evaluating the Mean

Absolute Error (MAE) calculated as:

® GAGK O I' 43

wherew is the desired MNF (or MDF) value corresponding to the idealcwong the MNF (or MDF)

value calculated starting from the estimated PSD (according to the specific estimation technique)
and 0 is the total number of synthetic signals. Descriptive statistics, such as the mean and the
standard deviation, were computed and reported for both parameters.

LEf GKS | fut-dffeé 3 SINRK 6T DGR NJ LINSOA2dzaf & RSAONAKOSH
GKS FANRG |yl fe&arawniddS dXQRAFY Odz2 SIR sk ¥ UKS
SaAGAYlLGA2Y 2F (GKS t{50 Ly (K@&ded SOT Yy Réglessivetizé A A
(AR)model for the estimation of the model coefficients to compute the PSD. In the last analysis, we
O2YLI NBR RAFTFSNBY(H SaltAYl GA2pethtdS DK KIj dzSE NERSY
method (with the best window function found in the first analysis), the Burg method (with the best
orders found in the second analysis), and thebiasedestimator calculating theFFT of the
AutoCorrelation (AC)

For each analysis, the interactions among the three factors through a -thageANalysis Of
VAriance (ANOVAyere explored Subsequently, to investigate interactions between only two
factors, one factowasconstant whileanalysingall its levels using a twaway ANOVA (for each level

of the fixed factor). If the twavay ANOVA yielded significance, another fagtas fixed,and one

way ANOVAvas performedo assess the effect of the remaining factor at each level of the second

36



4 Optimal spectral estimation during fatigue

fixed factor. If the onavay ANOVA also resulted significabtdz] Se Qa |1 2y Sadte {A3dy
(HSD) poshoc testwas appliedto identify the differences between the levels of the individual
factorsunder consideration. The sequence of analyses is designed with specific objectives: initially,
laimedld 2 A RS ywindo#€e FidgySO oA 2y G KIF G0 2F FSNB 2ledplared | £ LIS
GKSBrded Tl OG2NI KI gAy3a (KS Y2adevaluat® dzKIA i8thof a (AAY I (
most effectve for spectral estimation, as indicated by the minimum error estimate. Statistical
analyses were carried out using R softwar@RRCore Team, 202&hd the significance levels were

setto: *p < 0.05, *p < 0.01, **p <0.001. The details of each statistical analysis are reported below.

1- Analysis of best window function for the Welch method using the following factors:
- AdWindowe, 16 levels (Bartlett, Barthann, Blackman, Blackmanharris, Chebyshev, Flattop,
Gaussian, Hamming, Hann, Kaiser, Nuttal, Parzen, Rectangular, Taylor, Triangular, Tukey)
- OSNR, 4 levels (5dB, 10dB, 15dB, 20dB)
- OCutoff¢, 4 levels (3660, 46100, 66120, 50150)
2- Analysis of best orders for the AR model, using the following factors:
- @Ordek, 10 levels (from 6th to 15th order)
- OSNR, 4 levels (5dB, 10dB, 15dB, 20dB)
- OCutoff, 4 levels (3@0, 40100, 60120, 50150)
3- Analysis of the optimal technique used for the R®putation using the following factors:
- @Methodk, 4 levels (Welch, AC"®rder of Burg, 12 order of Burg)
- OSNR, 4 levels (5dB, 10dB, 15dB, 20dB)
- OCutoff, 4 levels (3@0, 40100, 60120, 50150)
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A graphic summary depicting the three statistical analyses and the methods obtaining the best

results are outlined ifrigure 41.
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Figure 41 Graphical flowchart summarizing the generation of EMG signals, the processing with different estimation te
and the three statistical analyseerformed.Adaptedfrom (Corvini et al., 2022).

4.1.2 Results

Figure 41 depicts a summary of the studgubdivided inthree phases which arehighlighted by
coloured dotted-line boxes: generation of signals (orange), SEMG processing (greig)the

different estimation technique and, finally, statistical analyses (purple).
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First analysis
In the first analysisthe impact of the different window functions on the PSD estimation via the
Welch methodwvas tested The threeway ANOVA revealed no significant interaction effects among
OSNR, ocut-offé¢ and dwindowg for both spectral parameters (MNF and MDF). WH®@NR was held
constant (through all the levels), twway ANOVA werperformed, and the results are presented in
Table4.1. A significant interaction effect (***p < 0.001) betweenut-offé and awindowe was
observed for signals with higavel of6SNR ("YU 'Y p UQ §. Subsequently, onevay ANOVA tests
were carried out for eaclicut-off¢ level, focusing on théwindowe factor. These tests showed
significant effects for both MNF and MD¥* p < 0.001).

Table4.1 Twoway ANOVA test results:skatistics and pralues for Mean Absolute Error computed the MNF. Each test was
performed fixing on@&SNR level while consideringcut-offé¢ and dwindowe function as main factors. The lesef significancevere
setat *p<0.05, **p<0.01 and ***p<0.001In red the norsignificant pvalues.

SNR = 5dB SNR = 10dB SNR = 15dB SNR = 20dB
MNF Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value
Cutoff 7.1e+03 O*** 1.5e+03 O*** 36.21 Orx* 264.05 O***
Window 11.80 Ox** 31.05 0*** 80.40 Ox** 112.69 O**=*
Cutoff*window 0.49 0.998 0.78 0.856 3.12 QFx* 2.785 O***
MDF Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value
Cutoff 534.66 O*** 787.86 O*** 944.40 Orx* 999.34 O***
Window 52.00 O*** 79.78 O*** 85.04 Orx* 84.53 O***
Cutoff*window 0.21 1 1.002 0.46 1.411 0.03* 1.55 0.01*

In the context ofmean frequency, poshoc analyses indicated that thEukeywindow function
consistently yielded the lowest error. However, the statistical significance of this difference
compared to other window functions was dependent on 88NR level. Specifically, for high levels

of 6SNR (YO 'Y p &Q 9§, the Tukeywindow was significantly different (* p < 0.05) from all other
window functions, except fofaylor Triangular Bartlett, andHamming As thedSNRR decreased,
indicating higher levels of noise, the differences among the window functions became increasingly
non-significant, until it was not significant among any window functionsSitiR equal to 5dB.

When analysinghigher ccut-offé frequencies =60 f1=120 and £50 f=150) a similarbehaviour

was observed. Theukeywindow function continued to produce the minimum error@8NR levels

of 15 dB or higher. In these cases, thaekeywindow function was significantly different from all

other window functionsexcept forTaylor Kaiser Rectangular Triangulay and Bartlett. Like the
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previous observation, the difference between thakeywindow and otherwindow functions failed
to be significant as the noise level increasé8NR level decreased).

By considering thenedian frequency, similar results were observed. Rost tests showed that
Tayloryielded the lowest error under specific conditions: when the-gfitwas™Q o fMQ o 1
andd’Y0 & v 'Q 6 However, the difference with th&ukeywindow function was not statistically
significant. For all other levels of SNR, Thkeywindow consistently produced the minimum error.
Upon examining all the other cwff frequencies @ T fQ p MHQ v AQ p LA

@ Q p ¢)rmthe Tukeywindow function continued to generate the minimum erro@’Y 0 &
L'QQ§. This difference was statistically significant (*** p < 0.001) only when compared to the
following window functionsBlackmanBlackman HarrisChebysheWlattop, Nuttal and Parzen
Given its consistent performance in producing the minimum error,Tthkkeywindow function was

selected for subsequent method comparisons.

Second Analysis
In the second analysis the effects of several AR model orders on the PSD estweaéidasted At
the beginning) conducted a visual inspection of the PSDs calculated from the models implemented
with 30 different orders, as illustrated iRigure 41. When the ideal power of the spectrum was
concentrated at lower frequencie$d o Q @ Ttcorresponding to $ & T@Y Y a
higher number of parameters were needed to correctly shape the PSD, as shown in the left panel of
Figure 2. In fact, the model beganfib the PSD shape well from the 120 the 20" order, after
which it started to overfit, introducing noise in form of additional peaks (i.e., those in light blue with
an amplitude equal to 0.4). Contrarily, when the power content was concentrated at higher
frequencies{ $ & wT( |l fewer parameters were sufficient to accurately approximate the
PSD shape, specifically ranging from tle®612" order, as depicted in the right panel Bigure 42.
Beyond this range of orders, the model began to introduce ndisbserved that the AR model
required a minimum of six parameters to approximate adequately the shape of the PSD. In addition,
| noticed that using more than 15 parameters led to excessive noise in the model, resulting in
spurious peaks in the PSD shape in the high frequency rangd%$0Hz). fiese observations were
further corroborated by the errors in the computation of bothean frequency andmedian
frequency.Therefore, to streamline the statistical analysis, ten orders ranging from 'fhe énhe

15" were analysed.
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Estimated PSD from signals generated Estimated PSD from signals generated
with FI =30; Fh =60 and T = 250ms with F, =50; F_ =150 and T = 250ms
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Figure 42 Estimated Power Spectrum Densities (PSDs) from 30 orders of the AR modet atBNIRft panel: PSDs were estima
from signals generated by cut off frequencie8® f,=60. Here, the PSD started from half of its maximum at the first orders
model and the ideal bell shape is reached around tlfeot@er or higher. Introduction of noise, identified by the presence of
than one peak, started to be present from theh2fider. Right panel: PSDs were estimated from signals generated withff
frequencied; =60 f, =120. Here the ideal bell shape of the PSD is reached staitinghe 6" order, while noise can be obser
from the 120 order or higher. Taken from (Corvini et al., 2022).

The threeway ANOVA revealed no significant interaction effects am@®iyR, ccut-offé and
cordere for the MNF. Subsequeritvo-way ANOVA tests also revealed no significant interaction
effects between modelordere and 6SNR, as well as between modebrder and ocut-offé
frequency. Consequently, a ovegay ANOVA was conducted on the modmidere averaging across
all the levels oflSNR and yielded a significant result (*** p < 0.001). Rbst analysis revealed
significant differences between theé"@and 9" or higher orders, the 7 and 12" or higher orders,
and the 8 and 15" or higher orders (** p< 0.01). Overall, higher SNR levels were associated with
reduced errors in the computation of MNF. THed der consistently produced the minimum error
across all examined conditions cases, including varying levé®Ni& and ocut-offé frequencies.
Different findings were observed in the analysisnddianfrequency as illustrated irFigure 43.

The threeway ANOVAevealed a statistically significant interaction effect (*** p < 0.001) among
the three factorsdSNR, modeldorder, anddcut-offé frequency. When the cubff frequency was
fixed at™Q o MQ ¢ wa twoway ANOVA indicated a significant interaction (*** p < 0.001)
between 6SNR and modelcdorder. At lower SNR levelsY(0 'Y p 29, a oneway ANOVA
performed on the modedorderé revealed that the 18 order produced the minimum error. As SNR
increased ™ Y p UQ 9, the optimal number of parameters shifted to 12 and 11, respectively.

For cutoff frequencies equal ttQ) 1 fQ p m,1the 9" order yielded the minimum error at high
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4.1 First Simulation study

noise level Y0 'Y p 102§, while the8™" order, which was statistically different from the .10

15" order, was optimalwhen SNR increasd€dt Y p UQ Q.

Mean absolute error in Median Frequency (MDF) computation
Ideal PSD generated with cut-off f|=30, fh=60, T=250ms Ideal PSD generated with cut-off f|=40, fh=100, T=250ms
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Figure 43 Mean Absolute Error (MAE) in the computation of Median Frequency across varying conditions. The ideal Pow
Density was generated using four differaut-offé frequencies, and the errors weamalysedat four distinctéSNR levels. Th
duration of simulated signals was set te=250ms.Taken from (Corvini et al., 2022).

For cutoff frequencies equal tdQ @ Q p car 'Q v MQ p v,mo interaction effects
betweendSNR and modeléordere were observed. Subsequent omeay ANOVAestson the model
dorderg were significant (*** p < 0.001. Posthoc testsindicated that the ¥ order produced the
minimum error, with a statistically significant difference (*** p < 0.001) compared toaher

orders, except for the®®(and 8"when™Q @ Q p ¢)nGiven the absence of a unique optimal

model order, which appeared to be contingent on both the location of the power content and the

noise level in the signalsempirically selected two different orders'{&nd 12") for comparison

with other methods.

Third Analysis
In the final analysis, focugy on different methods for estimating the Power Spectral Dendity,

compared the Welch method implemented with tAHeikeywindow, the unbiased Autocorrelation

method and two orders (the®™8and 12") of the autoregressive model using the Burg method

Overall, an increase in the SNR led to a decrease in the Mean Absolute Error for both MNF and MDF
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4 Optimal spectral estimation during fatigue

across all methods. Notably, the autoregressive mogatticularlythe 8" order, was the most
effective in approximating the PSD shape closely to the ideal one, thereby providing a more accurate
estimation compared to the other method§hreeway ANOVA tests were conducted separately on
MNF and MDF, and all the results are shawitable 4, reporting the value of the -Btatistic and

the p-valueof the interaction effects.

Table4.2 Threeway ANOVA test results:sfatistics and prvalues for Man AbsoluteEror computed for MNF and MDF considering
OSNR, dmethod, anddcut-offé as main factors. The level of significance was set to *p<0.05, **p<0.01 and ***p<0.001. In red the
non-significant pvalues.

MNF MDF

Fstatistic p-value Fstatistic p-value
SNR 90240.96 Q *** 4565.01 Q ***
Method 553.79 0 *** 310.33 Q ***
Cutoff 2223.51 Q *** 822.94 Q ***
SNR*method 4.15 Q *** 6.52 Q ***
SNR*cutoff 1156.77 Q *** 10.46 Q ***
Method*cut-off 1.74 0.0732 20.98 0 ***
SNR*method*cutoff 1.72 0.0109 * 1.66 0.0163*

Effect on Mean Frequency

The threeway ANOVA test revealed that there was a significant interaction effect (* p <air@s)g
OSNR, dcut-offé, and omethod€ on the MNFE When we conduct the twavay ANOVA tests (four
tests, one for each level 06NR), we found a significant interaction effect (*** p < 0.0@Btween
ccut-offé and dmethoct only for high level of SNRY(Q Y p 2§, as exemplifiedn Table 4.2.
Subsequent onavay ANOVA tests performed on theethods(four tests, one for each level afut-
off¢, were also significant (*** p < 0.001). Pdsic tests indicated which methods differed
significantly from each other. For instance, when theafiifrequency was sett€Q? o fjQ o 1
the 8" order of the autoregressive model produced the minimum error. The difference witi #e
order was not significant, whilé was significant (* p < 0.05) wheompared withWwelchmethod
and ACfor SNR below 20 dB. Howevet,"Y0 Y ¢ ™2 @ the 8" and 12" ordersand the Welch
method producedsimilar results (no significant differencé&jor all the other cubff frequencies,
which correspond to values &fINF ranging between 70 and 105,Hle 8" order consistently
generated the minimum erroregardless of the level @SNR. However, this was only significantly

different when compared to the AC method (*** p < 0.001).
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4.1 First Simulation study

Table 4.3 Wo-way ANOVA test results:sfatistics and prvalues for Mean Absolute Error computed for MNF. Each test
was performed fixing onécut-offé while consideringSNR and émethodt as main factors. The level of significance was

set to *p<0.05, **p<0.01 and ***p<0.001. In red the nsignificant pvalues.
SNR=5dB SNR=10dB SNR=15dB SNR=20dB

Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value

Cutoff 3221.53 | O*** 585.24 | O*** 5.77 O*** 37.43 | O***
Method 62.22 | O*** 158.44 | 0*** 241.47 | O*** 196.05 | O***
Cutoff*method 0.92 0.49 0.28 |0.98 3.29 O*** 5.02 O***

Interestingly, at low SNR level&( 'Y p 103, the error produced by a single method varied
depending on the cubff frequency used for generating the signals. Timglies that the same
estimation method could yield significantly different errors when evaluating different frequency
distributions of a signal, and consequently different spectral stagéese results have been found

for each single method. For instance, in this study, the Biirgr8er showed a large MAE that
decreased as the MNF increased. This trend is eviddnigure 44 (MAE=48 Hz when MNE 59.68

Hz and MAE 32 Hz when MNE 114.94Hz). When the SNR was high&f{{ 'Y p uQ g the error
substantially decreased, while the differences in error produced by the same method across
different cutoff frequencies, as well as their significance, disappeared. Mean Absolute Errors

computed by different cubff frequencies and for eachvel of 6SNR, are shown irFigure 44.

Effect on Median Frequency
The threeway ANOVA test revealed a significant interaction effect amdBbR, dcut-offé
frequenciesand estimatiordmethod<. Further tweway ANOVA tests (four tests, one for each fixed
level of 6SNR) also showed a significant interaction effect (* p < 0.001) betwémrtoff¢ and

amethod, as detailed in table.4.
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4 Optimal spectral estimation during fatigue

Mean absolute error in Mean Frequency (MNF) computation with T = 250ms
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Figure 44 Mean Absolute Error (MAE) the computation ofMean Frequency (MNF) Estimatiaoross various condition3he
duration of the signal was set to=T250ms. The!8order of AR model produced the minimum error in the MNF estimation (
20dB) with statistically significant differences compared to other methods (*p < 0.05), except foBeNIR SNJ Ay . d:
SNR increased, the overall error for each method decreased significantly, reducing fiéinF&1at SNR =5 dB te 8 Hz at SNR
20 dB.Taken from (Corvini et al., 2022).

Table4.4 Twoway ANOVA test results:dtatistics and pvalues for Mean Absolute Error computed for MDF. Each test
was performed fixing onécut-offé while consideringSNR and dmethodk as main factors. The level of significance was
set to *p<0.05, *p<0.01 and ***p<0.001n red the norsignificant pvalues.

SNR=5dB SNR=10dB SNR=15dB SNR=20dB

Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value
Cutoff 194.73 | O*** 191.37 | O*** 242.69 | O 265.10 | O***
Method 80.64 O*** 98.73 O*** 79.14 0*** 68.85 O***
Cutoff*method | 8.14 O*** 6.47 0*** | 4.43 0*** 14.03 O***

For the Median frequency estimation, tHe" order of the AR model outperformed all the other

methods (* p < 0.001) when the power of the spectrum was located at low frequeRci®s&(
T @ (OdJand theSNRvasequal or lower tharl5 dB. AB . 2 ¢ 1A " the 12" model orderagain

yielded the minimum errosignificantly differenicomparedto the other methods (*** p < 0.001)

but not with respect to the8" order. When cutoff frequencies used wer® 1 fiQ p m,1he

8 order generated the minimum error at each level of SN statistically significant difference

with respect to all other methodg™** p < 0.001). However, for high level of nois ( 2 p TA "),

the difference between the 8and the 12" order was not significant anymore. When the eff
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4.1 First Simulation study

frequencies were equal t&Q @ fQ p ¢,the 8" order of Burg outperformed all the other
methods (*** p < 0.001) even if the level of significance decreases at higher SNR (* p ¥WDE5).
considering high cuoff frequencies Q@ v fiQ p v)mthe 8" order remains the best order
generating the minimum error with significant differences from the other methods (** p < 0.01 and

* p < 0.05) in presence of noisy sign&ls (2 VA "and3 . 2 p TA " respectively)As soon as the
SNRwas increased3(. 2 p W"AT A. 2 ¢ A", the difference between th@&" order and

Welch and between the 8 and the 12" order, respectively, were not significant anymore.

Finally,I found that the error generated by a single method varied significantly (*** p < 0.001)
depending on the frequency distribution of the signal area. This was true across all SNR devels (5

20dB) and for each method individualMl the corresponding errors are presentedrigure 45.

Mean absolute error in Median Frequency (MDF) computation with T = 250ms
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Figure 45 Mean Absolute Error (MAE) fitve computation oMedian Frequency (MDH)heduration of the signal was setto T =
ms. The AR model consistently produced the minimum error in the MDF computation (* p < 0.05)offdrerjutencies equal
fi=30, fr=60, the 12 order produced the minimum error, while the 8th order outperformed tall other methods in theasthlyse:
cases. As the SNR increased, the overall error significantly decreased for each method, reducing 2@HzZLENR =5 dB) tqg
10 Hz (SNR = 20 dB). Taken from (Corvini e02R)2

4.1.3.Discussion

From the first analysis, by comparing various window functions in the implementation u¥déteh

method, | noticed that the choice of the window function has a minor impact on the resulting PSD
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4 Optimal spectral estimation during fatigue

estimation. In fact, several windows produced similar results with negligible differences. In general,
when the SNR is pooB (. 2 p ™ "), the noise is the dominant factor affecting the performance

of the estimation and there is not any difference due to the selected window function. When
analyzing higher level of SNR.( 2 p VA ", certain window functions lik&ukey Taylor Bartlett
produced significant lower errors thanks to the variance reduction on the spectral estimation given
by the shape of the window. Based on thighose to adopt theTukeywindow function in the
method comparison performance analysis.

From the second analysis, by comparing various orders of the autoregressive molstrved
distinct behavioursfor the meanfrequency andnedianfrequency calculations depending on the
frequency location of the power content of the signals. For mean frequency computation)
observed that increasing the order of the AR model led to a gradual increase in the error produced,
despite the differences among errors were not significant after therler. This negative effect is
probably caused by an ovéting related to the model estimation. In fact, by increasing the order,

it happens that also the noise superposed to the signal is represented and reproduced by the model
itself. Therefore, if the focus is solely on the MNF, rather than both MNF and thi®érder of AR
model can be reduced in the range86instead of using the 0order suggested iffFarina &
Merletti, 2000) This could help redirg both estimation variance and the computation time.

For themedianfrequency calculation, the optimal AR model order producing the smallest error
varied depending on the level of SNR and the frequency range in which the power of the signal was
concentrated. When the value ahedianfrequency lied in a low frequency range {88 Hz), a
higher model order (around the ¥2- 13") was necessary in presence of elevated nosse (2

p TA ). However, as the SNR increased, the number of required parameters reduced to 11 or 12.
Generally, a higher number of AR model parameters is needed to correctly shape a PSD whose
frequency distribution is compressed in a low frequency area)(B1z). However, age will discuss

in the followingsection(4.2), which describe the secorsimulationstudyl performed, even a lower
number of parameters (i.e., theBmodel order), can yield good estimates mo&dian frequency
although it may not provide an accurate approximation of the PSD shape when its frequency
distribution is highly compressed towards lower frequencies. Wtien ideal value ofmedian
frequency is expected to be found at higher frequencies (range M0 Hz), as in thetudies
performed by Merletti, by Bonato, and by Fari@onato et al., 2001; Farina & Merletti, 2000;
Merletti et al., 1989) a lower order is sufficient for accurately approximating the PSD shape. The

optimal order ranges from 6 to 8, depending on the level of noise in the signal. Thertfere,
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minimum order of the AR model required for a highality PSD estimate varies based on both the

f SOSt 2F y2AaS yR (UKS FTNBIljdzSyOeé RAaAUGNAROGdzIAZ2Y
Finally, in our comprehensive comparison ofra#thods,| observed that bothBurgand Welch
methods consistently outperformed the Autocorrelation method. As such, we do not recommend
using the latter. In presence of noisg ( 2 p ™ ", the Burgmethod generally performed better
than theWelchmethod, although the optimal order depends on both the frequency distribution of
the power spectrum and the noise level. As a general guiddlsgggest using an AR modsiing

the 61, 7" or 8" order, unless specific conditiorsre expected to be encountered, likauscle
fatigue that producea decrease in the spectral variables. If a shift in the PSD towards lower
frequencies is expected,confirm the result ofthe study of FaringFarina & Merletti, 2000)n
recommending an AR model order of 10, or even 12 when the SNR is particulaily ¢emera) if

a high level ofSNRcan be ensured 3 . 2 ¢ TA ") and nonfatiguing conditions are under
investigation (i.e., no expected compression of the spectrum towards lower frequencies), both the
Burg and Welch methods produce comparable results in the estimationnodan and median

frequency

4.2 Secondcimulation study

The results of the first simulation studgvealedthat the physiological state of the musclalong

with the signalto-noise ratio, significantly influences the accuracy of the spectral estimation
technique.l noticed thata pronounced®SD compression towards the low frequency aread®1z)
causedby severemuscle fatigue, substantially affect the performance of the estimation methods.
Building on these findings, this simulation study aims to further characterize the performance of
Welch and Burg, iderited as optimal estimators in the previous study (Corvini et al., 2022), when
in presence of severe muscle fatiglrethis study wespecificallyaddressed the problem of spectral
estimation during fatigudy evaluating the impact dhe time windowlength and noise levels on

the spectral estimation accuracy.

4.2.1 Methods

Signal and noise generation
In this second simulatioriyvo different estimation methods: Welch and Bungre compared For

the Burg method) implementedvariousorders ranging from the 3 to the 30". For the signal

48



4 Optimal spectral estimation during fatigue

generation we usethe samemodelof the previous studyStulen & De Luca, 198 8s denoted by
equation4.1, settingQ pand’Q p 1 CQ@dFor the cutoff frequencies| selectedQ ¢ 1tQ

T Ttwhich produced a PSD highly compressed in theftequency area (&0 Hz)For this PShe
MNF and MDFvalues equal td339.84 Hz and 30.95 Hz, respectively. This specific pair aifffcut
frequencies wachosen to bes low as possible to generate myoelectric sigtressimulatesevere
muscle fatigue consistent with the lowest values reported in the literat@ao et al., 2017gnd
(Puce et al., 2021)The duration of the signal wasone of thefactors of influencel aimed to
investigate.Therefore,| generatedeight batches, each containing 1000 signals. In each batch, the
time window length was varied as {RFarina & Merletti, 2000)a)"Y ¢ v @i, b)Y v Tadri, c)

Y xvuvdti, d°Y pmnrmomn, €)Y pcun, f)Y pu o, g)°Y pxvar, h) Y

¢ T TOm. It is important torememberthat the number of spectral lines (L) composing the Power

spectrum (in the rang& —) depends on the total duration of the analysed signal.

In the statistical analysieguratiorg will be used asmeightlevel factor to indicate théme window
length used for the PSD estimation. As befooefurther enhance the realism of the simulation, an
additional 1000 realizations of white Gaussian nogigh the same time duration of the examined
signalswere generated and added to treyntheticsEMG signals. Theperation was performedo
simulate typical SNR conditian&s before, four different SNR, 10, 15, and 20 gBvere analysed

In the statistical analysisSN= will be usedas a foudevel factor toindicate theamount of noise
affectingthe signalsThe simulationdatasetresulted in a total 032000 synthetic SEMGignals
(8000 signals for each level of SNR analy$@ddlly the term dmethoc will be employed to identify

the techniqueused for the spectral estimation.

Processing
For the implementation of thautoregressive modelye use several order of the Burg methtbat
is more reliable than the Yul/alker ong(de Hoon et al., 1996)n the implementation of the Welch
method, instead, we set the window length equal to 25% of the original signal and the overlap equal
to 25% of the length of the window. This choice has been driven by an additional statistical analysis

performed on seveal combinations of window length and overlap that is providedppendixC

Statistical Analysis
Likethe previous studyievaluated the Mean Absolute Error, for botimean andmedianfrequency
using theformula in equation 3.6 and 3.7 For the statistical analysis | considered the three

followingfactors:
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- ODuratiorg, 8 levels 250ms, 500ms, 750ms, 1000ms, 1250ms, 1500ms, 1750ms,
2000ms)

- OSNR, 4 levels (5dB, 10dB, 15dB, 20dB)

- oMethodk, 6 levels Welch, 3, 41, 70, 10", 15" and 30" orders of Bury

Descriptive statistics (mean and standard deviation) were computed for both parameters. First, the
interaction effects among the three factors were investigated by performing a fimaae ANOVA.

When we found a significant interaction effect among the three factors, we fixed3h#g factor

and conducted a twavay ANOVA for each level @8NR. If this revealed a significant interaction
between the remaining factors, thatédurationé anddmethod, we then fixed theduratiorg levels

and carried out a ongavay ANOVA on thémethoc for each level ofiduratioré. Conversely, if
neither the threeway nor the tweway ANOVA showed significantéirectly proceeded to examine

the main effect of thedmethoc factor alone using a oreay ANOVA. Whenevérobserved a
significant main effect of thémethod, | I LILX A S RHSDpdalh®@tédtito furtherinvestigate

the significance of the pairwise differences. All statistical analyses were performed using MATLAB,

with significance levels set at *p < 0.05, **p < 0.01, and ***p < 0.001.

4.2.2. Resuls

First, the spectral shagecoming from the analysed estimation methodgre visualizedand
compared tothe ideal PSD shapEigure 46 presentsthe ideal Power Spectral Dens#djong with
those estimated byhe Welch and Burg methods. Specificafigure 46-aandFigure 46-b illustrate
the PSDs estimated from signals with a duration of 250 ms and 2000 ms, respeitiligi, noise
conditions (SNRqual to5 dB).ConverselyFigure 46-c andFigure 46-d displaythe PSDs from
signalsof the same durations (250 ms and 2000 ms, respectively) blatwmoisecondition (SNR
equal to 20 dB)The visual inspection did not includegaantitative assessment of the differences
between the ideal and estimated PSD shapesause thdocuswas on the values of the spectral
parametersfor fatigue detection

Results of hreeeway ANOVA computed on both MNF and MDF are summarized in 4.&bNo
significant threeway interactioneffect amongomethodt, éduratiorg, anddSSNR wasfound when
studyingMNF Howevera statistically significant threeay interaction effect{ p <0.05)was found

whenanalysinghe MDFE
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Figure 46 Ideal Power Spectral Densdnd PSD®stimatedby theWelch method andby six different orders of the Burg meth
Panels gand b show the PS&estimated from signals with duration equal to 250 and 2000 ms, respecfivélgh noise conditic
(SNR =5 dB). Pane)sindd) display the PSD estimated with duration equal to 250 and 2000 ms, respectively, in low noise
(SNR = 20 dBJaken from (Corvini et al., 2022).

Table 4.5Threeway ANOVA tests performed diNFand MDF. The three factors used wer@methoct (Welch and

orders of Bur éduratiorg (T varying from250 to 2000ms), anddSNR (from 5 to 20 dB The significance levels were
set at: *p < 0.05, *p < 0.01, ***p < 0.001. Mean square;skatistic, and pvalue are provided. All values smaller than 2

x 10* were indicated as 0, with significance indicated by *#p.001.In redthe non-significant pvalues.

Mean Frequency

Median Frequency

Mean Sq. F-statistic p-value Mean Sq. Fstatistic p-value

Method 2.22x160 | 295x 18 | O** 1.52x160 | 2.11x 16 O***
Duration 5.67 x 10 754.21 O*** 1.79x10 | 2.48x 10 O***
SNR 2.74x 10 | 3.65x 16 | 0O*** 3.39x16 | 4.68x10 O***
Method*duration 10.05 1.33 0.07 89.06 12.30 O***
Method*SNR 1.93x 108 257.06 O*** 9.02x 16 | 1.24x 18 O***
Duration*SNR 293.79 39.02 O*** 277.71 38.36 O***
Method*duration* SNR 1.74 0.23 1 21.57 2.98 O***
Error 7.52 7.23
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Effect on Mean Frequency
For themeanfrequency estimation, no significattiree-way interaction effect amondgmethod,
cduratiorg, and 6SNR was found. However, statistically significant tway interactions were
observed between dmethok and 6SNR, and ddurationé and 6SNR. The 6SNR substantially
affected the MNF estimatgroducingerrors ranging from approximately 50 kK&NRequal to5 dB
to about 3 HZSNRequalto 20 dB, regardless of the estimation method used. Tdairatiorg,
instead, influenced the precision of the estimate, with longer durations leadingaovariance
redudion in the error computation.Given our interest in identifgig the most robust estimation
method, we conducted ongvay ANOVA on thémethodt factor at eachlevel of 6SNR and of
odurationé. All tests yielded significant result&*f p < 0.001), so further posthoc tests were
performed on the dmethoc factor. As depicted ifFigure 47, the 3 order of the Burg method
outperformedthe Welch method andll other ordersof Burgin performance * p <0.01), with
one exceptionwhenthe SNRwas equal ta20 dB, the mean absolute error between th@ Grder
andall other orderswas not significantly differenfp=0.99).
The data representation displayed figure 48 is like that in Figure 47, illustrating the results for
signals with a duration ofY ¢ 1 Tom. A comparison betweeFRigure 47 and Figure 48 shows
that increasing the signal duration reduces the error variance, thereby enhancing the precision of
each estimation method. Consistent with previous results, the@ler Burg method demonstrated
superior performance over the Welch method and other Burg orders (p<0.01), except when SNR
was equal to 20 dB, where the difference between the &hd 4" orders was not statistically

significant (p = 0.99).

52



4 Optimal spectral estimation during fatigue

Mean Absolute Error in the computation of Mean Frequency
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Figure 47 Mean frequency values computed from tA8Destimated bythe Welchmethod and various ordeisf the Burg methoc
The analysisvas performed on brief signalwith duration”Y ¢ v dri. Each subplotepresentsa specific level of Sigrad-Noise
Ratio (SNRJosthoc tests were performed: the significance level was sekdl.f5. Taken from (Corvini et al., 2022).

Overall, the Burg methodutperformedthe Welch methodat low level of noiseSNR levelsf 5 and
10 dB). Asoon asthe SNR increased, thdifference in theperformance between the methods
narrowed, and although still significant, the ermifferencebetween thebest Burg ordeand the
Welchmethod was less than 1 Hz at SEual t020dB, for both short and long signal durations
(Y c¢udiand”Y ¢ 1 rom, respectively). These outcomes are visually summariz&agime
4.7 andFigure 48, where themean absoluteerrorsin the MNFcalculationwith six Burg orders and
the Welch method are presented. Each subplot within these figures correspondspecdiclevel

of 6SNR factorthat has been considereir the statisticalanalysis.
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Figure 48 Mean frequency values computed from tA8@stimated by the Welch method and various orders of the Burg me
The analysis was performed on brief signals with duration T=2000 ms. Each subplot represents a specific leved-didisgrirati
(SNR). Podtoc tests were performed: the significanlevel was set at p < 0.0Baken from (Corvini et al., 2022.

Effect on Median Frequency
The threeway ANOVA computed on theIDF revealed a significant interaction effect among
omethodk, cduratiorg, anddSNR (*** p < 0.001), as detailed in Tabfe5. Consequently, we fixed
one at a timegeach level oSN and conducted a twavay ANOVA to explore the interaction effect
between dmethoct and dduratiore. These results, outlined iable4.7, consistently showed a
significant interaction * p < 0.001) betweenimethod and dduratiore. Subsequent ongvay
ANOVA tests on thémethod factor (fixing one at time thdevel oféduratiorg) were all significant
acrossdSNR levels (*** p < 0.001) Therefore, posthoc test comparisonswere performedto
identify the most accuratestimationmethod.
Figure 49 displays theomethodt comparisonfor signals withhigh level of nois€ YO Y v'Q 4,
where thelowest order of the Burgmethod outperformed the Welch method andll the other
ordersof Burgin accuracy*( p <0.05) across all signal durations. Boief signals{Y ¢ v dri),
the error produced by theVelch method was comparable tbe one produced byhe 7" and 10"
ordersof the Burg method* p >0.05) When theduration of the signaldncreased, its accuracy
improved, yielding resultike the higherorders of theBurgmethod (15" and 30"). Quantitatively,

the mean error difference between the®and 4" ordersof Burgwas about 23 Hz while between
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4 Optimal spectral estimation during fatigue

the 39 order andWelch orhigher orders was around-3 Hz.In general the error generated by the
best method (3 order) showed a reduction from approximately 5 Hz for \migf signals to about

2.5 Hz for longer durations\ decrease of 2.5 Hz when increasing the time duration was found for
each technique suggesting that extended signal lengtheaving abetter frequency resolution
provide better results

Table4.5 Twoway ANOVA test results:dratistics and pvalues for Mean Absolute Error computed for MDF. Each test

was performed fixinghe level ofiSNR one at time anctonsideringiduratioré and émethodt as main factors. The level
of significance was set to *p<0.05, **p<0.01 and ***p<0.001red the norsignificant pvalues.

SNR=5dB SNR=10dB SNR =15dB SNR =20 dB

Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value | Fstatistic | p-value

Method 3.17 x 18 | O**= 357.65 O*** 71.34 OF** 60.41 O***
Duration 186.11 OF** 629.21 O*** 1.17 x 18 | 0% 1.35x 18 | O***
Method*duration | 5.48 OF** 8.09 O*** 3.75 OF** 2.35 O***

In Figure 410, which presents resultsonsidering signals with low level of noiS¥0 Y ¢ 10 0,
the 15" order of Burggenerally produced theninimumerror. For brief signals, the error difference
between the 1% order and other methods was not significant, except against tHe@der ¢ p <
0.05). As signal duration increas€¥ ¢ v dri), theerror produced by thel 5" order remained
the minimum and was significantly different (p < 0.05) from the Welch method and all other
orders, except for the'8and 4". The mean error difference ranged from 0.% Hz forbrief signals
to 0.2- 0.5 Hz for longer signalsY( p 1 ). In general, the error produced by theest method
decreased from around 3 Hz for the shortest signals to 1.5 Hz for longerfresiiction of 1.5 3
Hz was foundacross all methodsconfirmingthat longer signal durations enhandbe spectral

parameter estimation thanks to a bettérequency resolution.
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Figure 410 Mean absolute error computed on the median frequency parameters. All \adelestracted fromPSCthat were estimated k
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4.2 Second simulation study

4.2.3.Discussion

Upon examining the spectra generated using the two different estimation techniquesas
observed that the spectral shapes were not substantially influenced by variations in the-tSignal
Noise Ratio, as illustrated Figure 46-a andFigure 46-c, orFigure 46-b andFigure 46-d. However,

we noticed an exception in the spectral shape computed with lower ordétsu@ 4") of the Burg
method. Few parameters influenced by the high level of noise, in fact, are not able to approximate
the shape of the spectrum to the ideal one resulting in a spectrum truncated at very low frequency.
Conversely, the duration of the signal pdalya significant role in shaping the resulting spectra.
Specifically, extending the signal length enhanced the frequency resolution. This improvement in
frequency resolution was beneficial for both the estimation methods. Nevertheless, the Welch
method continued to exhibit considerable oscillations across the spectrum. These oscillations,
naturally, negatively affected the calculation of spectral parameters, thereby diminishing the
accuracy of the estimates.

Despite the apparent lack of influence from SNR on the spectral shape, this factor highly influenced
the estimate ofmean andmedianfrequency, as can beeen in Tabld.5.

When examining the error produced in computing timean frequency, we noticed that the time
duration of the signal did not significantly impact the error magnitude. However, the SNR played a
crucial role with a great significant effect. At high noise leWl (Y v andp 1™ g, the errors in

the computation ofmean frequency were approximately 50 Hz and 19 Hz, respectively. These
enormous errors are not acceptable and make the usae@én frequencynreliable in noisy signal
conditions.

Conversely, at low level of noise (when SNR was"NighY p @Q g, the errors reduced to around

U XxX'Odandqg o'0Oq respectively, which are still within acceptable limits. Results showed that
the 39 order of the Burg model consistently outperformed both Welch method and higher orders
of Burg method. This finding is in contrast with teeommendation ofilways using a 0order of

the autoregressive model given by Farifiarina & Merletti, 200Q)which is likelydue to their
analysis ofi spectrum shape with peak around 7680 Hz a scenario wher8 order modelis less
effective However, these specific results can be considered valid only when dealing with fatiguing
contraction that generates a harsh compression of the power spectrum towards the low frequency
area.In fact, whenwe need toanalysea compressed spectrum, the truncated shape obtained by

the 39 order (as shown irFigure 46) yieldsa meanfrequency closer to théeal simulated value.
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4 Optimal spectral estimation during fatigue

Therefore, inline with the results describe id.1, we recommend decreasing the order of the
autoregressive model to compute theeanfrequencywhentracking the development of muscle
fatigue. Neverthelessit is important to use caution when employirthe mean frequency as
indicator of fatigue becausthis parameter, due to its high sensitivity to the SNR, might lead to
erroneous interpretations.

Regarding themedian frequency, insteadthe analysisrevealed that the obtained valgewere
influenced by the interaction effects of the estimation technique, the time duration, and the amount
of noisein the signalsFigure 49 illustrates that even when the level of noise was very highi( 'Y
0'QQ, the error in the computation ofmedian frequency wasbetween v p TOQ varying
accordingo the estimation techniqueused Assignalduration increased, the dispersion of the error
around itsmeanwassignificantlyreduced These findings confirm that theedianfrequency isa
more robustparameterbecause it is less sensitive ttee noisecompared tothe mean frequency
(Stulen & De Luca, 1988t lowerlevek of noise("YU 'Y ¢ 10 §, the error decreased to "Odwith
negligibledifferences between the errors produced by the different techniquas depicted in
Figure 410. Additionally, longer signatlurations, with consequentmprovementsin the frequency
resolution, further reduedthe error toapproximatelyg "Oa These resultsuggesthat both Welch

and Burg methods can achiegh accuracy in the computation of theedian frequency with
precision of the measusdargelydepencent on the time duration of the signal€onsequentlythis
study proposesising dower order (3¢9 - 4™) of the autoregressive modér estimatingthe median
frequencyin cases of significant muscle fatiguidedianfrequency should be preferredver the
mean frequencyfor accurate measummentsin very noisy environments Generally the normal
shape of theEMGspectrumcan be estimatedusing higher orders, (i.e., the 10 or the 8", as
suggestedn (Farina & Merletti, 2000and6 / 2 NIJA Y A = 5 Q,lregpédtiely) it the drders  H 1

of the Burg methodsnightbe reduced up to thed™- 4™ order asseveremuscle fatigue iseached.

4.3 Conclusion

In this chaptethe impact of muscle fatiguen the power spectral density derived from tteairface
EMGwas exploredrevealing important insights into the performance of various spectral estimation
techniques under diverse fatigue statédthough many workbavecompareddifferent algorithms
andtheir implementation settinggBonato et al., 2001; Farina & Merletti, 2000; Hof, 1991; Karlsson
et al., 2000; Merletti et al., 1989pr the estimation of the EMG power spectrum, none of them

extensively investigatéhe impact of muscle fatigue on these methodarst, | evaluated the
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performance of existing algorithms on synthetic myoelectric signals generated with four different
frequency distributions, simulating different physiological status of a muksfeecifically decided

to simulate a broad range of spectral distributions, from Higlguency content typical of nen
fatigued muscles (generally in the ranget p ¢ 19, to the lowfrequency compression indicative

of muscle fatigue(in the ranget 1 @ 1€OQ. The findings, n fact, confirmed the recognized
understandingMafianas et al., 2002hat the performance of the spectral estimation techniques
largelyinfluenced by factors such #ise length and the shape of the window used to segment the
signa) the number of segments, and tmeodelorder in the parametric approaches.

The comparative analysis revealed the superior performance of the autoregressive model,
particularly in noisy environments and with shaltration signalslt has been noticethat the error
generated by the computation of the mean frequenciess sensitive to thehape of the spectrum

with lower order of the autoregressive modetoviding good approximation d@he idealvalues of

the mean frequency. On the other hand, the median frequency is more dependent on the shape of
the spectrum and the level ofamse,even ifit proved to bemore robust than the mean frequengy
yieldingacceptable errorén various conditions.

Then Idecided toexaminethe most performant algorithms (Welch and Burg methadsy specific
case scenario, that is severe muscle fatigubich causes harsh compression of the spectrum
towards lower frequencyln this casescenariq several noise levels amtifferent signal duration
were tested trying to understand the impa&nd the interactionof these factors on thepectral
parameterestimatiors during fatigue The findings of the second studgrroboratethe hypothesis

that medianfrequencyis amore reliableindicator of muscle fatigueshowing errors within the;

p TfOGrange across all cases examined, particularly in noisy signal conditibrd NJJA Yy A Z 5 Q!
al., 2022; Stulen & De Luca, 198Wporeover, in noisy conditi@ithe meanfrequency generated
huge errors, and thus should be avoided.

In general, by increasing the time duration, and thus improving the frequency resoldiien,
estimations become more accurate; the same happens whereasing the SNResultsrevealed

that although a lower order (the'8or 4") of the autoregressive model cannot shape properly the
power spectrum, iis enough to produce good estimates analysing fatiguing contractions, without
the need of using higher order that increase the complexity and the time computation of the
algorithm.

The outcomes of the second study provide valuable advice for choosing the right methods to extract

spectral parameters effectivelifowever, it is important to recognize the limitations of these
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4 Optimal spectral estimation during fatigue

insights. Concentrating solely on a specific EMG power spectrum shape, which is representative of
severe muscle fatigue, narrows the scope of these findings. This specific condition typically occurs
in realworld data during the analysis of muscle contrans up to the "break point", that is the

point of task failure (Boyas & Guével, 201Additionally, since the parameters of real signals are

not known, the reliance of these conclusion is on synthetic EMG data, and unfortunately direct
validation of thege results with actual EMG data is not feasible.

Theresearch highlights the necessity of adapting the order of the autoregressive model to the
specific frequency content of the spectrum under examination. In scenarios of muscle fatigue,
median frequency emerges as the more robust parameter compared to rfreguency. These
findings offer practical guidance for selecting appropriate spectral estimation techniques, aiming to
minimize errors and enhance accuracy whevestigating myoelectrical signs of fatigue.

In conclusion, whileny recommendations provide a basis for the method to be chosen for spectral
estimation, their effectiveness is contingent upon the specific conditions under which they are
applied. These limitations emphasize the critical importance for careful considesatidren
applying these findings in realorld scenariosThisresearch not only contributes to the current
knowledge in EMG analysis during muscle fatigue, but also indicate potential research directions,
such as refining algorithms for the automatic seiectof model order that work with reakorld

data. Such research is essential to deepen our comprehension of muscle fatigue and its extensive
consequences in areas such as biomedical engineering, ergonomics, sports science, and

rehabilitation.
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5 Bipolar sEMG in ergonomics: a practical application

5. BipolarseMGin ergonomicsa practical application

In the preceding chaptershe concept of muscle fatiguleas been explorecgexamininghe existing
methods for its assessment and for tracking its progression over time through surfaceTRMG.
advantages and limitations of bipolar and HiDbnsitysEMG techniquesvere discussedand the
challenges of spectral estimatiowere explored providing guidelines on the implementation
settings to be set in future research. Building on these foundational EMG principles, this chapter
movesto a practical application of these concepts within the field of occupational health and
ergonomics. In this context, rathehan focusing solely on direct muscle fatigue assessment as
previously explained (Luttmann et al., 2000)¢ study aims to utilize the information extracted
from bipolar surface EMG to assess the biomechanical risks associated withrelabek
MusculoSkeletal Disorders, employing a recently developedtianging multi muscl€oactivation
Index(Ranavolo et al., 2015). This research exted8G analysis into a realorld context, bridging

the gap between theoreticalEMG analysis and its practical imsptions in occupational health.

5.1 Biomechanical Risks assessnuemingdifferent types
of HumanRobot Collaboration

Scientific research establiskthat MSDs are multifactorial in natufgan der Beek & Fring3resen,
1998) Results of previous studies identifiptiysical, psychosocial or organizational, and individual
occupational & dabtdvsi 1 F2 NJ G KS RS @réldtetl MSEDauid, 2085)Améndlthe
variety of musculoskeletal disorders, the most comnwresare lowback(Gakidou et al., 2017)
and upper limb musculoskeletal disorddtduisstede et al., 2006Yhese MSDs often manifest in
workplace scenarioswhere prolonged muscleco-activation under excessive external loadse
required, or in presence ofrepetitive tasks involving lifting of mechanical loa@4cGill, 1997)
Additionally repetitiveworking task€anlead to local muscle fatigiend theyhave beerassociated

in MSBdevelopmentColombini & Occhipinti, 2006; Kim & Nakata, 208ich conditions typically
alter human biomechanics affecting aspects like coordination, motor control precision, muscle
reaction times, and proprioceptiofCifrek et al., 2009; Ranavolo, Chini, et al., 20T8jese
alterations inbiomechanis produced bywvorkplace activities can significantly increase the risk of
injuries and the development of musculoskeletal disord&reerefore consistentmonitoring of the
workerexposure to these risk factoiis fundamental. Such monitoring is essential not only to

identify the contributing factors to MSDs but also to implement strategies aimed at reducing and
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5.1Biomechanical Risks assessment during different types of Hirohot Collaboration

potentially preventing workplace injurie$o effectively address the challenge of biomechanical risk
classification, variousiethodologieshave been proposed, adaptabledavide range of professional
conditions(Li & Buckle, 1999These methodologies typically evaluate factors such as the level of
force exerted during an activity, the repetitiveness of the task, and the duration of the physical
activity (David, 2005)These methods primarily rely on sedporting techniques, involving the
collection of data on workplace physical and psychosocial exposures through employee diaries,
interviews, and questionnairg®inkel & Mathiassen, 1994\dditionally, observational strategies

are employed, involving the systematic documentation of workplace exposures by qualified
observers. These observations are typically recorded on standardized forms, contributing to the
establishment of welknown indexes such as RULA, NIOSH, and QT&¢ala et al., 2010Despite

their widespread use, these traditional approaches have weaknesses and limitations, mainly due to
their reliance on subjective observation and the varying expertise of the evalu&lasson et al.,
2017) To enhance precision and reliability, the integration of direct measurement techniques,
which involve attaching modern sensors directly to the workers themselves, has been proposed
(Valero et al., 2016)his method of direct measurement facilitates more accurate assessments of
the biomechanical risk in workplaces. In fact, by utilizing sensors attached to the body, a detailed
collection of data regarding posture, movement kinematics, kinetics, and mastilgty is possible

Such instrumental sensdrased devicesalso known as wearable sensongve the potential to
significantly improve the accuracy of the risk assessment and quantify the level of biomechanical
risk assessment as they provide objeetivealtime data, highlighting the physical demands of
workplace taskgRanavolo, Draicchio, et al., 2018)

However, the rapid evolution of workplace technologig@articularly in the era of Industry 4.0
(Ajoudani et al.,, 2018)presents new challenges to these established methodologidé®
integration of collaborative robots, also known as cob@slgate et al., 1996)nto the workforce
marks a significant shift in the nature of work environments. Unlike traditional robots that directly
replace the human activity, cobots are designed to interact and collaborate directly with human
operators, sharing tasks and workspaevorking together to reach a common gg&chmidtler et

al.,, 2015) Human Robot Collaboratiomtroduces substantial benefits in performing tasks
traditionally associated withhigh biomechanical risk such ashose involvingrepetitive motion,
awkward postures, andeavy lifting (RoblaGomez et al., 2017)n these collaborations, the
strengths of robotic systems (e.g., consistent strength and precision) are synergistically combined

with the unique capabilities of humans (e.g., dexterity and adaptability to variable contexts).
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5 Bipolar sEMG in ergonomics: a practical application

Nonethelessthis collaborative dynamic alters the biomechanical load and task execution patterns
for the human worker, thereby necessitatingevaluationof current biomechanical risk assessment
protocols (Ranavolo et al., 2020Yraditional approaches, while effective in assessing risks based
solely on human factors, may not accurately encapsulate the altered dynamics introduced by cobot
assistance. For instance, widely recognized risk indices, including RULA and revisedhilyOBH,

fully account for the mitigating effects of cobots, such as the reduction in physical load or changes
in task frequency, yielding in unrealistic risk estimat€scca et al., 2008)n response to this
paradigm shift, there is a growing need to develop instrurdesged approaches that can accurately
predict biomechanical risk in these Human Robot Collaboration environments.

The following studies explore this aspect through two distinct experimentgdim assess how
different modalities of humasmobot collaboration influence the physiologigaliscularstate of the
operator, specifically in terms of biomechanical risks. My research primarily focused on the analysis
of data derived from bipolar surfasEMGsignals This approach involved the recording of muscular
activity using multiple sensors strategically placed on the body. From thisl tiatze calculated and
analysed tle time-varying multimuscleCoactivationindex(Ranavolo et al., 2015y his quantitative
metric, being an index of eoontraction and muscular effortnightbe used to trackhe progression

of biomechanical risk during specific tasBs. it fits with the objective of this researdhat associate

the understandng ofthe impacts of varying HumaRobot Collaboration modalities amwith the
identification of motor strategies for reducing the biomechanical risksiswork has beerfunded

by the Italian Project BRIC INAIL 201@48entitled: BBRISK: a mul§ensor wearable platform to

assess Biomechanical Risk when Interacting with collaborative robotS irr@lat&d scenarios @

5.1.1.FirstExperiment

In this subchapter| will first detail the entire experimental setup used in the experiments. After
providing a comprehensive overview of the setdpyill then explain the specifics of the first
experiment. Although the overall setup was similar for both, each experiment involved different
participants and different implemented Human Robot Collaboration modalities. These variations
were strategically dsigned to investigate distinct aspects of humrabot interaction under

different experimental conditios.
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5.1.1.1. Experimental setup

For the experimental testd,2 right-endedmale participants (all rigihanded,median + IQR: age
29 + 3 years old, height 180 £ 9 cm, weight 76.5 + §.@&g recruited All volunteers were healthy
with no evident or stated mobility issue$he experiments have been approved by the local ethical
committee of Roma Tre University.

In the first experiment, a typical cashier workstatiovas simulatedAsdepictedin Figure 51, the
experimental setup includetbur distinct areas:the Departure Station (DSor item loading the
Arrival Station (ASpr the item unloading a Scanning Areéor the item barcodereading and a
secondaryArrival Stationa particular locatiordesignated to the unloading of the itenairing a

specificHRCmodality (i.e., full roba modality). The itemsused werel kg rectangular packages

(14x12x5cm), each with a barcodlcedon a different sideof the package.

‘
&

for «full robot»

|
|
Area designed - ‘
I

Arriva‘LSst))!ion /
il I 7 / ‘ ............
o | 9/ o

|
Scan area ‘

Cameras:
| Bigger = closer

[Reference
|__system

‘ Smaller farther
. Human operator .

Figure 51 Experimental setup for the simulation of a cashier workstation. The operator takesrthéfom the departure static
(DS)scans the barcodm the designed area, arlacethe item in the arrival station (AS). In one of the four modalities (i.€
robot),a specific aredas been used as arrival station.
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5 Bipolar sEMG in ergonomics: a practical application

The cooperative activities were performed through interaction with the Franka Emika Panda
Advanced Robotic System cobot, an industrial robotic arm with 7 Degrees of Freedom (DoF) and a
maximum payload of 3 kg. The cobot is equipped with torque sensordl @iras, has a working

area of 360° with a maximum extension of 855 mm, and can reach a maximum movement speed of
the end effector of 2 m/sThe cobot waspositioned on the longer side of a 2x1 m table on the
opposite side of the human operatoNe progammed and testeddur differentHRGmodalities.

A standardworking cyclenvolved the participant picking ugme item with the right hand from the
departure station, searching for the barcode and scanning it in the designed are@nahdplacing

it with the left hand in the arrival station. tlne full robot modality, the secondaryASwas usedas

arrival station.Participants were instructetb perform all tests as naturally as possible, without
aLISOATAO 3 SoadiraindBedpt fér LIS SaRewhere the speed was dictateddy the

cobot).

Human Robot (ollaboration modalities

Each test lasted about 5 minutes, in which subjects were asked to perform multiple times the same

working cycle (pickingcanningand placingtems) as naturally as possible, according to one of the

following four different collaboration modalities:

a) No robot the operator picks up the item from the D&garchthe barcodeand scars it in the
appropriate area, and finallglacesit in the AS. The execution speed is dictated by the operator.

b) Full robot The cobot grabs thieem and brings it in front of the operator, whaicksit up to scan
the barcodebefore placing it in the secondary ABie execution speed is constrained by the
cobot performing all the operations. In this modality, the operator must wait for the execution
time of the cobot to complete the working cycle.

c) Half robot the cobot picks up the item from the DS, brings it in front of the operétat collect
it), goes back to the DS and picks a new package, without waiting for external output from the
operator before starting a new working cycle. The execution speed is constrained by the velocity
of the cobot in performingts operations beforestartinga new cycle.

d) Half robot touchthe operator touches the cobot to give the start of the working cycle in the
same test. As soon as it has been touched, the cpbdbrms the sameactionsof the half robot
modality. The execution speeid dictated by the touch of theperator (considering that cannot

be faster than the speed limit of the cobot in performing its actions).
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Packages were cyclically replaced and shuffled in each test to randtiraikarcode positionThe
sequenceof the four tests(one for each HRC modality) was randomif@deach participantThis
aspect is important to preverthe adaptation of userso specificgesturevelocity, which may vary
depending on the modality (whether constrained or unconstrainddileseHRCmodalities were
proposedbecause theynight beassociated with different motor control schemeg)ich,based on
a continuous or intermittent strategycouldlead to a variation in posture or muscular activations
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Data acquisition and processing
An Inertial Measurement Units (IMUShimmer Sensing) was used to acquire kinematic data
(sampling frequenciQ p T& "0Qg and it was positioned on the trunRn optoelectronic system
(BTS SMART DX 6000 system with 8 cameras at 2 MQixeat, v g was used for the tracking of
the body segments kinematics, with a reduced 9 marker set (2 wrists, 2 elbows, 2 shoulders, 2
posterior superior iliac spines and 1 on the neck). These data were mainly used as references for the
IMU and for the data segmentian by identifying the beginning of each cycle during a single test.
The reference system was fixed on the lower cowfehe tableat the left of the operator, with the
MedioLateral (ML) axis from left to right and thénteroPosterior (AnPo) axis from back to front.
Finally, physiological signals from muscles were acquired through a sixteen channels EMG system
(BTS FREEEMG). Surface EMG signals were recorded using bipolar el€&roges riGtiand
3 p @ NeFive pairs of electrodes were placed according to the SENIAM recommendations
(Hermens et al., 200@n the nonfocal muscles of the lower and upper limid&e following nor
focal musclesas shown irFigure 52 were monitored:a) Upper Trapeziudy) Erector Spinaeg)
Gluteus maximusg) Biceps Femoris ang) Medial Gastrocnemius.
All data, except for those from the Inertial Measurement Unit, were acquired using the BTS SMART
capture software environment on a primary workstation. For the IMU data, we employed a custom
software running on a separate PC. This second PC was linkeel BYS workstation via a trigger
system, ensuring synchronization of data between the two systems. During data processing, we
accounted for the different sampling frequencies of these systaesampling data to a common
time domain for the analysis of tagycles.
During all the activities, the accelerometer placed on the trunkliesen used to extract compact
parameters of trunk kinematicsThese parameters includbe dynamic range, root mean square

value, andhe smoothness
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Upper Trapezius
Erector Spinae
Gluteus Maximus;
Biceps Femoris
Gastrocnemius
Medialis.

Figure 52 EMG electrodes place on a participant. Five pairs of electrodes placgdpper Trapezius, b) Erector Spinae, c¢) Gl
maximus d) Biceps Femoris and e) Medial Gastrocnemius.

Smoothnessvasquantified through the log dimensionless jedalculatedasin equation5.1, based

on the magnitude of the whole acceleration vector

Qw
Q0 5.1)

P ¢
i AeEBXQI I a¢ —
Qo

where6 ando are the time instants of the windosin which the acceleratiodand the velocity

0 are considered. Note that higher values of thet dilnensionless jerk correspond fgreater
smoothnessn movement(Gulde & Hermsdorfer, 2023)

The ML coordinate of thieft wrist was used tanarkthe end of each cycle and the beginning of the
next. This was achieved by identifyithg@ minima in the marker positigrwhich indicatedvhen the
package was placed in the ABe used thes@oints to segment all the data.

SurfaceEMG signals were filtered using a bandpass filtéh cut-off frequencies’Q ¢ mand

T T4 using &8 order of Butterworth . Postfiltering, signalenvelopes wer@btained throughfull
wave rectification and low pass filtering with v "Oq All the signalswere segmentedaccording

to the length of each cyclalefined fromthe AS to thesubsequenbne. To normalize the dataeach
envelope waglivided bythe median value of the maximum peaks extracted from each cycle of the
no robottrial. Given the differentengths of each cyclethe envelope signals were interpolated to
p T Tpaints, normaliangtheir length with respect to time. Farisualrepresentation, the temporal
normalization isexpressedas a percentage of the completed working cyckngingfrom 0%to

69



5.1Biomechanical Risks assessment during different types of Hirohot Collaboration

100%. Subsequently, the timaryingCo-activationindex as defined by Ranavolo et @Ranavolo

et al., 2015)was calculated for each cycle. This index quantifiessimultaneous activation of the
analysedmuscles To provide a comprehensive overview, the CI values from all cycles were
averaged. This process yielded a glafwehctivationindex for each subjecsummarizinghe whole

experiment.

Statistical analysis
For the analysis of the kinematic datpairwise ttests were conductedo compare the HRC
modalities To verifysignificantdifferences among the four modalitieghe significance levels was

set toh equal t00.05.

5.1.1.2. Results

The average number of packages handleghasticipantsin the 5minute duration of the test was:
a)norobotx @ wpacksp v o packs/minute); b) full robotc ¢ p packs¢ p packs/minute);

c) half robot @ @ opacks f ¢ ¢ packs/minute) andd) half robot touchtx v packs § ¢
packs/minute).

Figure 53 displaysthe range, amplitude, and smoothness of the signetsracted from the
accelerometemplacedon the trunk.The results, averaged across all subjects for each human robot
collaboration modality, reveal distinct patterni the no robottrial, the average range value was
the highest, together with &igh value of smoothnesshis is attributedo the absence of the cobot,
which allows theparticipantsto complete the required task at their owpace The full robot
modality, where the cobot performs both package loading and unloading, exhibited the lowest
range and RMS amplitude in the trunkcaleration Half robotand half robot touchmodalities,
instead, showedimilar results in terms of trunk range and amplitude

Statistical analysis results are presentedable 5.1, whichdisplaysall paired ttests between pairs

of human robot collaborationmodalities. The analysis indicates significant differences in all
parameters across the modalities, except for two cases. The first is the difference in the range and
RMS amplitude parameters between thalf robotand half robot touchmodalities; the second is

in the smoothness between theo robotand half robot touchmodalities.
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Figure 53 Kinematic data extracted from the accelerometer placedrantrunk of theparticipant The mean and standardeviation:
of range(upper left), RMS amplitudéupper right),and smoothnesgbottom) are displayed

Figure 54 illustratesthe co-activationindexesin the four different modalities Theco-activation

index of each subjectalculated as average among all cyclesgpsesentedby a unique coloured

line. This individual representation allows for the observation of subgpecific patterns within

each modality. In addition, the group mean pattern, calculated from the averaged data of all
participants, is marked by a thicker black line. Associated tottiésstandard deviations, indicative

of the variability among subjects, are shown using the light grey areas. This visual representation
serves to highlight both individuahd group trends in theo-activationindexes across the studied

modalities
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Table 3.1 Pairwise {tests performed on kinematic data extracted from accelerometer placed on the trunk of participhsat
AAIAYATAOLIyOS t S@St 41 a -l8as leds than0.008 lyetz rdportd &sl0redtiemabsighiftanpvaludés LI

Coactivation indexes

15 No robot Full robot Half robot B Half robot touch
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Figure %4 Timevaryingco-activationindex computeés defined in (Ranavolo et al., 2015). Thactvation index in the four hums
robot collaboration modalities is displaydddividual subject data are represented by lines in various colours, while the cc
mean and standard deviations across all subjects are depicted by the black line and the light grey shaded area, respecti

The xaxis of the figure represents the percentage of the cycle completion, offering a temporal
framework for the activities. At 0%, the cycle begins with the initial movement of the participant
towards the DS, culminating at 1¥%When the package is placedthe AS

We noticed that theco-activationindex of theno robotmodality constantlyexceeds that oéll other
modalities.In both no robotand half robotmodalities, there is relativelgonstant evolutiorof the
Clover timg indicating a continuous highdevel of muscleco-activation throughout the trial.
Specifically, in thao robot modality, there is an initiaincreasein the Clto about 30% at the
beginning followed by a gradualecrease toapproximately22-25% This level remains constant
during the phasef package manipulation, with a slight increase to around 25% towards the end of
the cycle Converselyfull robotmodalityexhibitsa great decreasim the Cl dropping to around.0%

during the resting phasewhen the cobot executes package loading and unloadiging the
package manipulation phase, the ClI in this modality displays a slower increase, reaching up to 20%,
which aligns with the trends observed in other modalities. Tiad robot modality consistently
shows a ClI value around 20%. Meanwhile,lib¥ robot touchmodality presents an initial peak in

the CI, reaching 25% at the start, followed by a rest phase where the CI falls to 15%. From the
midpoint of the cycle onwards, there is gradual increase in the CI, slowlhcreasing up to

approximately 23%.
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5.1.1.3. Discussion

In this studythe working task of a caser with four different collaboration modalities provided by

a cobothas been simulated Theprimaryobjective was to investigate how the presenceaaobot

in a HRC scenaradfectsmuscular activityspecifically targeting the reduction gbssible injuries

It is worth noting thabur analysigocused on thenuscular activity of the nofocal muscleswhich

are characterized by low amplitudasthey are mainly devoted to controlling and stabilizing the
posture.When the cobot was absentjdh levels of trunlacceleration were observedn terms of
amplitude and range, together with high values of smoothness.firfdgg aligns with the nature

of the analysedyesture because the working area is entirelgnagedby the operator and tasks

are executedwithout any interruptions.In this modality (i.e.no robo), our analysis of theco-
activationindex revealedh continuously high level of Ghith highervalues at the beginning and at
the end of the cycleThese increased valusaggest a continuous posture control to compensate
for the loadingand unloading phases the packages

When the cobot cooperates to perform part of the tadpecifically inaking the package and
transferringit to the scanning statiomvith a specific cadenceg.e., half robot modality),a distinct
change in the operator's task execution is observed. Due to the set cadence of the cobot's actions,
the operator often struggled to maintain control over their own task completion speed. This is
primarily because of theunpredictability in the timing of the next package to be procesgesia
result,the kinematicdatarevealed that the movement of the operata less smooth, although the
range and the amplitude of the acceleration are significantly reduced with respect to all other
modalities ® 18t ). While this modality effectively reduckthe range and amplitude of
movementsby removingthe package weightluring the loading phase, the impact of the cobot
assistance on the muscular activityrédatively minimal In fact Clshowed a slight reductiowith
respect to theno robotmodality, but there remains a consistent muscular activation throughout
the duration of task until the endThisphenomenoncan be explained by a variation of the subject
muscular strategy due to the cobot intervention.eBvthough i KS LJ- O1 I 3SQa f 2 F
alleviated this does noinecessary translate into a reducé&ibmechanical riskas the persistent
muscular effort continues to be a factor.

In thefull robot modality, despite a relevant decreasetrunk acceleration likely due to thgreater

level of cobot assistancé#here remains a theoretical challenge for the operator in predicting the
timing of subsequent taskd$n practical terms, since the number of managed packages per minute

is very low due to the cobot performance limiteg operator seems to quickly adapt their strategy
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to this specific condition.Consequently, since the performed gesture is {womtinuous, he
smoothness levels are noptima, indicating the use of an intermittent strategy and control of the
movementWithi KS Ay ONBIF daSR &dzZLJLI2 NI o6& G(KS 02620 |
effort, the muscular activity resultsotably modified with respect to the other modalities, showing
lower average values gb-activationindexes during each cycle. Furthermore, the muscle activation
switches from continaus to intermittentpatterns alternating different co-activationindex values
during the manipulation and the waiting phases, respectively.

A gmilar pattern in co-activationindex can be observed in thelf robot touchmodality,wherethe

trend oscillates between low values in the resting phase (waiting for the robot to bring the item)
and high values in the manipulatigrthase Nevertheless, the possibility of deciding the beginning
of each task (by touching the cobot) helps the operatocontrol the timing of the successive task.

This seems to elicit more natural movementsjraicatedby a significant increase in smoothness.

5.1.2.Second experiment

In this subchapted,will describe the details of the second experiment, which, while maintaining the
same overall experimental setup as the first, introduces certain key variations. The changes in this
experiment are related to the working activity, necessitating correspugdidjustments in the
HumanRobot Collaboration modalities to align with the new activity context. These modifications
are designed to investigate the impacts rolltiple types of humarrobot interactions within a
different environmentl setup

Employing this methodological approach allows for ardepth analysis of how changes in
collaboration modes influence the dynamics and effectiveness of henolaot interactions in
diverse scenarios. The central objective isdiermine whether the assistance and interaction
facilitated by the cobot consistently lead to beneficial outcomes, particularly in terms of reducing
muscle activity of the user. This is fundamental for preventing fatigue and mitigating biomechanical

risks associad with such tasks.

5.1.2.1. Experimental setup

For the experimental tests, 12 rigehded male participantsvere recruited All volunteers were
healthy with no evident or stated mobility issues. The experiments have been approved by the local

ethical committee of Roma Tre University.
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In thesecondexperiment,a parallel collaboration with the cobatimulainga typicalmanufacturing
workstation has beenimplemented The experimental setupeplicates the oneof the previous
experimens, but only theDeparture Statiorwas usedThe cobot was positioned on the same side
the table as previously describe@he items usedvas a hanemade object specifically built to

simulate the assembly of a physical panel, as shoviiigare 5 on the left panel.

Figure 55 Left panel A hand-crafted object createdto simulate tinkeringactivitiestypicalin a manufacturing workplace lever i
positioned on the right side, while two knobs are located on the left side of the.dRiglttpanel: Collaborative robdtoldingthe

objectin frontof the operatep / 262G 2LISNY 6S& Ay 3INI @AdGe O2YLISyaldazy v

The standard working cycle includes various tinkering activities to be performed sequentially: after
grabbing the panel, each operator had to open a lever, unscrew a knob twieg¢e the second

knob twice close the lever and finally put the panel back. Each task was performed 5 times for each
intervention condition. We programmed three different HRC modaligg$iree p) Robot Freand

¢) Robot Plane.

Human Robot Collaboration modalities

Each test lasted aboutvo minutes, in whickparticipantswere asked tgerform the task 5 times

for each of the following thregesting conditions

a) Free the operator picks up thebjectfrom the DSperforms all tinkering activities and place it
back in the DSBasically, theoperator works withoutthe cobot assistanceThe height of the
object is set to be approximately 10 cm above the table surface.

b) Robot FreeThe cobot sustasithe object in the DS. The operator manually moves the cobot in
front of them to complete all the required activities on the object, and then repositions the
cobot back to the DS. The cobot is in gravity compensation mode and it can be freely moved in

the 3D space, responding compliant to the movements of the operdatbe. operational range
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40 cm above the table surface.

c) Robot PlaneThis modality isike Robot Freebut with a significant distinction: the height at
which the cobot sustains the object is fixed. This restriction allows the cobot to be freely moved
only along a horizontal plane, while vertical movements are not allowed. The height of the object

is set tobe approximately 40 cm above the table surface.

Data acquisition and processing
As previously described section 5.1.1.1 sEMGsignals were captured using bipolar electrodes
applied on five pairs of nefocal muscle groups of both, lower and upper limbs. These muscles
included the Upper Trapezius, Erector Spinae, Gluteus maximus Biceps Femoris and Medial
Gastrocnemius.
ThesEMG signals were filtered using a bandpass filter withoffirequencieSQ ¢ rTandt m'DQ
using a 3 order of Butterworth. The filtered signals were then transformed into signal envelopes
through fullwave rectification, followed by loywass filtering at a cudff frequency™Q v Oa
These envelopewere segmentedrom the start (when the item was taken from the DS) to the end
(when it was returned to the DS) of each working cycle. For the data normalization, we divided each
envelope by the median value of the maximum peaks extracted from each activity iRréee
modality. Given the varying lengths of the cycles, we interpolated the envelopettapmints,
standardizing their duration with respect to time. For visualization, this temporal normalization is
shown as a percentagef the completed working cycle, ranging from 0% to 100%. We then
calculated the timevarying co-activation index for each cycle as defined by Ranavolo et al.
(Ranavolo et al., 2015)0 quantify the simultaneous activation of the analysed musclés Cl
valueswere averaged@mong the five trialso obtain a global cactivation index, representing the
entire experimenf for each participant. Finallghe total duration of the activity was segmented
Ayi2 GKNBS LKIFaSay-Hipk:So s 30NG S LA Y3y ALIKdAZa) Sibdl iy > LIK |
GNBf SI &Ay 3 - 100R). EhSahalysistfqelised primarily adn K S & Y Y A Lidzfol G A 2y
extractthe mostrelevant dataln this phasethe Coefficient of Variation of the Cl (G9Mandthen

it underwent tostatistical analysis on.
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Statistical analysis

Aone-way ANOVA test on the Coefficient of Variation of thev&d carried on, followed (in case of

significance) by posthoc Bonferroni test was applied to see the differences among the tHRRE

Y2RIEAGASAD {ATYATAOIyOS t S0St

5.1.2.2. Results

The analysis ofhe co-activation index revealed a similar temporal

modalities, as illustrated irFigure 56. In the Free modality, peak
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trend acradsthree HRC

values were observed at

approximately 335% during the initial and final phases of the activity, whereas the manipulation

phase exhibited steady values around2Z3%. These values are particularly higher when compared

to the other two modédities that involved the cobot. For these modalities, peaks in the initial and

final phase of the activity were at around-28%. Additionally, during the manipulation phase, the

Cl values exhibited oscillations ranging from 20% to 25%.
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Figure 56 Timevarying Coactivation Index,computed as defined in (Ranavolo et al., 2015),is displayed forthineethtfferen

HRC modalities. Individual subject data are represented by lines in various colours,

while the collective mean an

deviations across all subjects are depicted by the black line and the light grey shaded area, respectivelyiplilationgohase

defined between 25% and 75% of the total duration of the activity.
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the oneeway ANOVA test yielded significant results. As indicatdelgare 57, subsequent poshoc

tests revealed a significant difference between theeand Robot Freemodalities. However, no

significant differences were observed betweEreeand Robot Planend betweenRobot Freand
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Robot PlaneGenerally, it was noted that the CaWas higher in modalities involving the cobot, as

opposed to the~reemodality.
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Figure 57 Coefficient of Variation of Coactivation Index (€o®@ne way ANOVA test resulted significant, poskhoc Bonferron
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5.1.2.3. Discussion

An initial visual examination of the CI temporal trends suggests that the presence of a cobot clearly
influences the muscle activity of operators. While the overall time evolution ofcthactivation

index is similar across the three HRC modalities, visible differences emerge during the object
G3IANI aLA Yy Ik NB S freedoytifion LSgdciically Bighdr €1 valuks3n these phases imply
an increased muscle coordination and effort due to the absence of cobot assistance. This
observation aligns witlour hypothesis that the cobot, bgustainingthe weight of the items, can
potentially reduce muscleo-activation

5dzNAYy 3 GKS aYl yALWdz I ( x@ab patisulady S\édant it tiye two yhaiiblites a S
involving the cobot. This increase indicates a higher variability in the meseletivation further
supporting the idea of a more adaptive muscle control strategy. Interestinglyrdbet free
modality, which does not impose spatial restrictions, appears to further enhance the optimization
of muscle control. In fact, while no significant quantitative differences were observed between the
two cobot-assisted modalities, a qualitative distinctiemerges. We can observe that the restriction

imposed by the cobot in theobot planemodality (limiting movements in the vertical plane) induces
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participants to maintain a more persistent levelafactivation This constanto-activation likely
a response to keeping the arms elevated to handle the object, raises ergonomic concerns on the

type of cobot assistance.

5.1.3.Conclusions

This study aims to investigate the impact of introducing collaborative robots into workplace settings
focusing on the resultant changesin the humanmotor activity. Particularly utilizing bipolar
electrodes to acquire EMG signailse analyss concentrates on the muscle activity of operators
performing tasks commonly studied tine field ofergonomic.

Theapproach involgsthe application of multiple electrodes to derive a timaryingco-activation
index, whichcan beindicative of muscle fatiguLévénez et al., 200&nd, consequently, can be
employed as a useful indicator associated to the biomechanical risk in-sbbotd workspaces.

Two different scenariosvere simulated the job of a cashier, with movement and scanning of
objects, andanassembly procedypical ofmanufacturingndustry.

The first experimentinvolving four different HRC modalities, revealed that cobot integration could
significantly reduce the range and amplitude of trunk movements, as well as nussatgivation
levels.However,the findings showed that the nature of humatobot interaction could alter the
muscle strategy of the operator, not always yielding ergonomic benefits, as observed lalthe
robot modality, where persistentco-activationlevelswere observedduringthe experimentaltests.
Theresultssuggestedhat, whenthe cobotimposedthe workingpaceto the operator,an increase

in postural stiffnessvith an increasednusailar effort was observed, suggestimgeater potential
biomechanical risks.

Inthe second experimenthe three HRGnodalitieswere comparedn adifferent working taskThe
findings confirmedhatintroducinga cobotin the workplacecould efficiently reduce the musct®-
activation Howeverdifferences in the Coefficient of Variation of the-activationindex between

the cobotassisted modalities pointedut interesting finding: the cobot assistancehanges its
beneficial effects based on the type of interaction with the user.

Across both experiments, it was evident that cobots in the workplace can alleviate physical effort
during lifting or moving objects, thereby reducing muscular activity. However, the specific type of
HumanRobot Collaboration critically influences these bts. Constraints imposed by the cobot,

whether in terms of speed or spatial movement, can remove some advantages, even when the
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cobot alleviates the load. Optimal ergonomic outcomes are more likely when operators maintain
control over their movements (free from cobohposed constraints) and their work rhythm.

In conclusion, this study highlights the importance of uslElgG as a descriptive tool in ergonomics,
providing direct and objective measures of muscle activity. This information might inform the design
of effective HRC modalities to facilitate tasks to the operatditse findings provide a unique
perspective to ergonomic research, linking theoretical muscle dynamics and the practical
implementation of safe and efficient cobot interactions in the workplace. EffesEdG application

is fundamental for anlgsing the muscle activity, aiming to minimize the biomechanical risks
associated to the muscle activity in tasks performed in HRC modalities, offering significant insights

for future ergonomic solutions
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6 HighDensity EMG for muscle fatigue assessment

6. High-DensitygMG for muscle fatigue assessment

In the precedingchapters, the concept of muscle fatigweas explored examining the existing
methods for itsassessmentand monitoring its progression over timeising several parameters
extracted from surface EMG. Most reseamstiudies in this fieldprimarily focused orexamining
changes in either the temporal or spectral dom&@ifrek et al., 2009)s well as thdointAnalysis

of Spectrum andAmplitude sEMGfeatures to discriminate fatigugnduced changefLuttmann et

al., 2000) Neverthelessgiven the complexity othe muscle fatigueprocess all these indicators
provide not unanimous resultsThe need of obtaining more and more information ablefutly
explain the muscle behaviour brought to the development of the Hilghsity EMG technique,
which introduced a spatiotemporal variant of tihmditional single channel surface EM@warts &
Stegeman, 2003)his techniquethroughthe placement of multiple electrodes on a single muscle
covering its entiraegion, allow to obtainspatialinsightin addition to the temporaland spectral
information (Stegeman et al., 20123ubsequent research studies began exploring changes in SEMG
parameters resulting from the spatial redistribution of muscle acti{Atyancini et al., 2015; Gallina,
Merletti, et al., 2013) This investigationgenerallyinvolves the calculation dhe Centre of Gravity
(CoG), which is the centroid of tlsEMG amplitude distribution, or the Region of Activation (RoA)
of the muscle, which can be defined as the weighted centroid of the electrical aekageding a
specificthreshold,typicallythe 70%o0f the maximal activityVieira et al., 2010)The RoAonsists of

two components: the x(Medio-Lateral)and y (CranieCaudal)coordinates.To generalize the
coordinate | defined thetwo directions ag-ibreParallel (FPand FibreTransverse (FT), identifying
the CranieCaudaland the MedieLateral directions, respectivelyThe redistribution of muscle
activation during prolonged contractions is believed to be physiologically significant as it involves a
shift in the region of muscle engagement, potentialtying to minimize fatigue by evenly
distributing the muscular load between differemuscleregions.In this way,by preventing an
excessive strain on the muscle fibregruitedat the beginning of the taslendurancdime canbe
prolonged(Falla & Gallina, 20207 previous study showed a progressive redistribution of Upper
Trapezius activity during sustained shoulder abdugtammd it found an association between the
amount of shift of the centroid of the EMG amplitude map and endurance time in healthy volunteers
(Farina et al., 2008g@milar resultswere observedanalysingatiguing contractios (i.e., sustained
lumbar flexionspf the lumbar erector spina€Tucker et al., 2009).ikewise, the spatial distribution

of lumbarerector spinaeactivity was also investigated during a trunk extension endurance task,
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showing that largemuscleredistribution was associated witbhngersustainment othe contraction
(Sanderson et al., 2019 ollectivelyall these studiesalsoshoweda certain degree ofariability in
the extent of muscle activity redistribution between individuaDespite these insightexisting
research primarily focused ochanges in the xand y coordinates of the centroid ofmuscle
activation with no specific metrics defined to quantify and characterize movement of the
centroid in both thetime and spacelimensionsTo fill this gapinspirationwas drawrfrom postural
control measures, adapting parameters typically extracted from the Centre of Pressurea(@oP)
used in ergonomicéPrieto et al., 1996; Quijoux et al., 202@)define novel metrics for analysing
spatial aspects of HEMG signals.

This chapter descrilsthesenovelmetricsthat have beerderived from the centroid coordinates of
HDEMG topographical mapand thentested on experimental datd.aimed to assess the spatial
redistribution of lumbaESmuscle activity during fatiguingpntractions,andl investigatel possible
associations betweethose metricsand endurance tira to verify the ability of predicting the time
to task failure The results of this worlaire promising andhave been submitted ta peer reviewed

journal.

6.1 Novel netric definition

Starting from the mathematical formulation described in Prieto efridieto et al., 1996)we derived

and adapted several parameters typically calculated from the Centre of Pressure to study postural
controlwere derived and adapted

First, apoint representing the initial muscle activibgeds to be definedThis initial centroid can be
determined either at rest or at the beginning of a muscle contraction, depending on the specific
objective of the study and in relation to the changedtcaptured and quantifed. For consistency

with the study presented later, and to clarify tlefinition of thefollowingformulas,the Centreof
Gravity was chosen as thwitial centroid,and it wasaveraged over the first 20% of the contraction
length under analysisAfter establishing thisnitial centroid,the Activation Intensity Distance (AID)
was defined AIDisa vectorthat measurethe distancerom the initial centroidto each point of the
Ydza Of SQa wS 3 brethe twd diredticdSRbAS Rak). Fhé distance vector is computed

for each pointof the time seriesand it is mathematically expressed as:

1)y8% 271 & 2711 ¢ 0CE P8R 6.1)

Where is thetotal number of pointg of the time serieswhile RoArtand RoAerare the demeaned
84



6 HighDensity EMG for muscle fatigue assessment

coordinates of the RoA centroid. These tamordinatesare calculated according to the following

equations:
211 ¢ 211 ¢ #1' ¢ 6.2)
211 ¢ 211 ¢ #1 ' ¢ 6.3)
where2 1 ! is the originak- coordinate of the RoAandl | ' £ isthe mean of the- coordinate

extracted by thenitial centroid, thatwasselected agshe CoGin the first 20% of the contraction.
The samedescription of the parameterbolds for the y- coordinate which is the Fiber Parallel
direction, identified bythe2 T ! and# | ' £ .

Then, the Mean Activation Intensity Distance (Mean AVB3 definedthat is the average distance
of the RoAdisplacement from the initial centroioh a selected time segmel® The Mean All@an

be computed according to:
-AAT) $-B 1) ® 6.4)

where0 is the total number of pointcontainedin a specifidcime segment’Y
The Mean Activation Intensity Distancemetric @n also be computed along each single direction

(Transverse or Parallel) as:
-AATY$ -B 1! 0s 6.5)

where Mean AlD:ris the mean absolute value of tHeTtime seriescalculated in a selected time
interval Sconsisting oD points. This metricepresensthe average Activation Intensity Distanoe

the Fibre Transverseom the FTcomponent of theinitial centroid (i.e., tle mean CoGrin the first

20% of the contraction). The same applies to the FiRaeallel component.

The Total Activation Intensity Path (AIP) represents the entire path travelled by the RoA along both

directionsover the entire length of the signaésd it is defined as follows:

47 OAIOB 211 ¢ p 211 ¢ 211 & p 2711 ¢ 6.6)

where 0 is the total number of points corresponding to the total length of the sign@his global
measure can be calculatexh selected time interval(changing: with "Q, andfor single directions,

that issingularly for the=Tcoordinateas well as for thé&Pcoordinate(by substituting theFTwith
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FB. TheTotal AlRr(or Total AIR-p indicates the total length of the distance travelled by the RoA
along theFT(or FB direction and it can be approximated by the sum of the distances between

consecutive points extracted from tterl(or FB temporal series, according to the formula:
47 OAI0O B 211! ¢ p 2711 & 6.7)

where2 1 ! and2 1 ! indicate the two original ROA coordinatesljusted by removing the

trend of the time series within the specific time window considefedthe calculationlt is worth

noting that or the definition of this metric, itsessential to use the original time series to avoid any
potential biases that might arise fromte subtraction of themean value Anytrend, within the
consideredtime window, must be rejected beforeomputing theparameters This adjustment
ensured that any differences between theo RoA oordinates due to th& magnitudewill not
influence the observed shifts in both directions, thereby preserving the integrity of the parameter
calculations.

Using the Total AIP, it is possible to define and calculate the Mean Activity Intensity Velocity (AlV),
which represents the average speed of the RoA over a specific time intéceatposed of) points.

It is defined as:

- AAT) 6 6.8)

where0 is the totalnumber of points irthe consideredime intervalfor the parameter calculation.
The AIP metric can also be computed on a single direblyanaking explicithe RoA coordinate,

resulting in
-AAT) 6 —m— 6.9)

The Mean AlMrepresents the average velocity of tREcomponents of the RoA in a specific time
intervalcomposed of) pointsextracted from the totalength of thetime series The same applies

for the FPcomponent.

After that, two metrics able to identify the total space covered by the travelling RoA coordinate
have been definednitially, the concept of Zoneyhich isan area enclosing most of the point of the
AIR was definedfollowed bythe Activation Ellipse Zone (AEZ), which represents the area of the

95% bivariate confidence ellipse that shall enclose approximately 95% of the points of the RoA AIP.
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By definitionthis metricmust be calculated on ®tal number of data points large enougb verify

—  p. The formula for AEZ is given by:

| %: " O foQo0Q | Q 6.10)

In this equation, Fo.os2, n2) represents the fstatistic at the 95% confidence level for bivariate
distribution with n points, and for large sample sizes ¥ 120 this value is set to 3.0@sindicated
in (Prieto et al., 1996)Thevariablei @ andi @ are the standard deviations of tHéTand FP
time series, respectively, whileQ Is the covariance. By using tkeguation6.2 and6.3, these

variables can be computed as:

ioQ —B 21! 7Q 6.11)

i Q -B 271 Q2117 6.12)

wherei 0 Qcan be computed bgubstitutingRoAerin equation6.11 with RoAr

Similarly, Activation Circle Zone (A@Z&}s defined This zone denotes th&rojected area of a circle
whose radius is the 95% percentile of the AlDsimple words,His circle includes approximately
95% of the points of the RoA AIP. For this metric the assumption is that all Activation Intensity

Distances follow a normal distribution. The formula to compute the ACZ is:
L #: - AAT) $ag i 00Q 6.13)

In this equation thax g refers to the zscore associated with a significance level of T8t un a
standard normal distribution and it is equal to 1.645. ®tendard deviation of the AlBan be

computed as:

ioQ -B 1)3%$Q -AAN) S 6.14)

Thenthe Activation Movement Zone (AM2&) metric thatestimates the total region covered by the
ROAAIP per unit of timewasdefined. This metric is computed by summing the area of the triangles
formed by two consecutive points on the AIP and the initial centroid. It cacobeeptualized as

proportional to the combination of Mean AID and Mean AlV.
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6.2 Spatial muscle redistribution: a real case scenario

The formula to compute the AMZ is:

l -: —B 211 Qp 21! Q 21! Q21! E p 6.15)

where is thetotal number of pointsQin the selected time intervah which the metric is computed
and, as for the Total AlR equation6.6, we use the original RoA coordinates without the trend in
the specific time intervab .

Finally, by using the standard deviations along the two directigfiser Transverse and Fiber

Parallel)the Activation Intensity Spread (AMBas definedas:

1)3 {0Qio0Q 6.16)

This metric quantifies the variability of the Region of Activation over time, relative to its initial
position. A higher value of this metric signifies gredliectuations in the muscle activation pattern,
indicating more variability. To ensure the reliability and accuracy of these metrics, it is important to

normalize them to the length of the muscle length, allowing comparisons across different subjects.

6.2 Spatial muscle redistribution: a real case scenario

All the previousmetricshavebeen calculated and tested in a real case scenario. In this paragraph
we will describein detailthe study thatwe performed onreal sSEMGdatathat | acquired during my
period abroad A dataset ofreal SEMG signals has beeacquired in the Centre of Precision
Rehabilitation for Spinal Pain (CPR Spine) at the UniversByrmafngham, United KingdonThe

results of this study have been submitteddgeerreviewedjournal.

6.2.1.Methods

Design and settings
The observational study consisted of three separate sessions per participant each performing
different types of contraction (i.e., isometric, pseudgnamic and dynamic). Each session lasted
approximately 2 hours and sessions were spaced at least threeagmrt. Tk analysighat will be
presented is based owata collected from a single sessjomhich is the fatiguing isometric
contraction. The study was conducted at the Centre of Precision Rehabilitation for Spinal Pain

(University of Birmingham, iited Kingdom) and in accordance with the Declaration of Helsinki. The
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study was approved by the Ethics Committee of the University of Birmingham (approval number:
ERN_202BD514). Written informedconsent was obtained from all participants before participating

in the experiment.

Participants
Nine healthy men (mean £ SD, age 29.1 + 3.04 years, weight 75.1 + 18.4 kg, height 178.0 £ 9.50 cm)
with no history of low back pain, hip pain, or sciatica, participated in the stadyddition to these
causesexclusion criteria were rheumatic or neuromuscular disorders, history of chronic respiratory

or neurological problems, spinal deformity or surgery, and cardiovascular conditions.

Surface EMG
HDEMG signals were detected from the right lumbaedtor Spinae with two semidisposable
adhesive grids of 64 electrodes each @delettronica, Torino, Italy, model GRO8MM1305). The
grids are composeldy 13 rows and 5 columns of electrodesr{in diameter, 8nm InterElectrode
Distance in both directions) with one missing electrode at the upper left that was used to define the
electrode orientation. HEEMG signals were amplified by a factor of 150 (Qua#mo amplifier,
OTBioelettronica, #3 dB banddih, 0.8- 500 Hz), sampled at 2048 Hz and converted to digital form
byaleo AlG ! k5 O2y@SNISNI gAGK | NBa2tdziaAzy 2F wMpH

Figure 61 Electrode position on the Erector Spinae muscle. Twob#gkity grids were applied one immediately above th
other along the direction of the muscle fibres. Missing electrode was used to identify the orientation. Reference elast
placed on the lefposterior superior iliac spine.
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6.2 Spatial muscle redistribution: a real case scenario

Before applying the grids, an investigator identified the L5 vertebra and marked the skin 2cm lateral
to this point, extending until the ~T10 vertebra following the direction of the muscle fibres, as
described in(Arvanitidis et al., 2021)Then the skin was prepared by shaving the area (when
necessary), cleaning it with an abrasive paste (SPES Medica, Italy) to reduce skin impedance and
finally washing it with water and drying it. The two grids were applied one immediately above the
other to cover and record signals from most of the lumbar ES muasleshown irfrigure 61.

A reference electrode was placed on the left posterior superior iliac spine (PSIS). To acquire the
exerted torque, an isokinetic dynamometer with the chair attachment (Biodex Corporation, Biodex
System 3 Pro model, USA) was used. Torque signal duringXteokion movements was acquired
through a BNC cable attached to the auxiliary input of the EMG amplifier and therefore acquired
directly by the EMG acquisition software with a sampling frequency equal to 2048 Hz. This device

was calibrated before each eapment.

General Procedure
The participant sat comfortably on the Biodex chair with their hips and kne@® iof flexion and
their legs secured with several straps to minimise compensatory moverasrghown ifrigure 62
on the left The front of the seat was tilted upwards by approximately’. ITHe axis of the

dynamometer was aligned wittihe right Anterior Superior lliac Spine (ASeE)he participant

Figure 62 Participants sat on the Biodex chair before the experiment. The positiopsfdnd kneesvere setat 90° of flexion
Several strapsvere usedo minimise compensatory movemenitthe other muscleddigh-Density EMG grids were applied on
lumbar erector spinaé/isual feedback was provided a screen placed in front of the participant.
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6 HighDensity EMG for muscle fatigue assessment

After the placement of the HEMG grids, the participants were asked to extend their trunk, pushing
against the resistance provided by the device to familiarize themselves with the required
contraction. Participants were then instructed to perform threensecutive Maximum Voluntary
Contractions (MVC) of trunk extension, each lasting 5 seconds, with one minute of rest between
each contraction. Then, after five minutes of rgsarticipantswere asked to perform a sustained
isometric submaximal trunk extermsi contraction at 60% of MVC until exhaustion. Throughout the
duration of the experiment, participants were continuously provided with verbal encouragement.
In addition,as can be seem Figure & on the right visualfeedback was provided on a screen
placed in front of the participants (approximately 1.5 meters) displaying the exerted torque
(represented by a blue bar) and the target torgegel to be reached and maintained (represented

by a red line). Task failure was reached when the exerted torque level of the participant dropped to

50% or less (i.e., more than 10%) of their MVC for a minimum of three consecutive seconds.

Data Processing
Once acquired, all theadla were processed and analysed offline in MATLAB (The MathWorks Inc.,
Natick, Massachusetts). The torque signal was filtered with a low pass fifterq@r Butterworth
cut-off frequency: 10 Hzandit was used to segment the data. First, the transient phases of the
torque level, specifically the ascending and descending segments from 0% to 60% and vice versa,
were manually marked. Subsequently, twesdcond windows spanning two seconds before and
two seconds after the marked pois were defined. These two windowslentifying the 0% and
100% of the contractiony SNB dza SR SINR & |jCdaiAad e ¢ aS3IvySyida F2
though minimal torque activity may be observed due to the transient nature of the si§taating
from these windows, threavindows, each lastingen second, were identified tocalculate the
metrics. This process is shownFigure 63. The twosEMG grids were combined to represent one
single larger matrix (26x3tach nonopolar HBEMG signal esmanually inspecteduch thatthose
with a low signato-noise ratio, identified as bad channgisere removed Signals were digitally
filtered (39 order Butterworth filteis) with a bandpass filter in the bandwidth 20 Hz and a notch
at 50 Hz to remove th®LI To characterize the amplitude of the signals, the RMS envelope was
extracted by smoothing the RMS values of the signals with a moving average method (window
length equal to 0.5 seconds). For the frequency analysis, the spectrogram was computed wéh a tim

resolution of 500 milliseconds with no overlap, and #werageof the instantaneoudrequency was
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6.2 Spatial muscle redistribution: a real case scenario

computed. We assumed thaEMGsignals were pseudstationary in this time interval.
Thel26envelopeg64 channeldor eachHDEMG grid minus one missing charjredtracted from
monopolar signals were used to create topographical maps of muscle activity. For graphical
purposes, we set an arbitrary number of windows (i.e., 30 windowsH & A Y R2 & a-ze®2 NJ A ]
activity) todisplayand highlight thespatialchanges in muscle activity over time, as seeRigure

6.4. Inthisfigureall the removed channelsave beennterpolated with the adjacent one® better

visualize thechanges irmuscleactivity, but the extraction of the parameters and trstatistical

analysis were performed without considering them. From each of these topographical maps, first,

we identified the FibrelTransverse and Fib#earallel directions.
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Figure 63 Identification of ascending and descending phases from 0% to 60%caneersare marked with red points in the
top panel. Two 4$econdwindows (black rectangles in the bottom panspanningtwo seconds before and after these poir
define thedguasizerc activity. Three 10secondwindows (green rectangles in the bottom panel) were selected for calcu
metrics and conducting statistical analysis.
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Then,the Centreof Gravity definedasweighted centroid of the amplitudgrid, and theRegion of
Activation, defined as the weighted centroid of the electrical activity greater than 70% of the local
maximum calculated at each time insta(iieira et al., 2010Q)were calculated The x- and y-
coordinates of the original time serie2 { ! ;2 1 ! ) weresmoothed with a low pass filter at 10

Hz (3% order Butterworth filter). Starting from these coordinates, aMelmetrics thatl introduced

in the previous section were calculated

Envelope
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Figure 64 Example of topographical maps extracted frdi28 monopolar HEEMG signals of a single participakirst and las
windows display the average envelope oversedond time window, idenii#fd asiquasizerc activity. All the intermediatshow the
changes in thenusclethroughout the entire contraction. Red datspresent the Centre of Gravity (CoG), while the black c
identify the Region of Activation (RoA). The Rodnd y coordinatesindicate theFibreParalleland Fibre Transversdirectiors,
respectivelyFrom these coordinatespvelmetrics for the timespace analysis have beproposed For visualizatiopurpose onl)
any poorquality channelwhich wagemoved from the studin the analysis, waeplaced bythe interpolation ofadjacent channel

Sincel aimed to assess the muscular changes relative to the beginning of the adtieitinitial
centroidwas arbitrarily set athe CoG averaged in the first 20% of the contraction. It is important
to note that the length of the window relative to 20% of the contraction was different for each
participant because it was based on the total individual endurance time. These metiedban
normalized with respect to the height of the participants.

In addition to these metricsthe following were calculatedi) the averaged value of the RoA
coordinates (in selected time intervalsi), the RoA shift calculated as the modulus of the RoA
displacement inFTand FPdirections at the beginning (1% endurance time) and at the end (99%
endurance time) of the contraction, as analysea previous studyFarina et al., 2008)

To confirm the presence of fatigudese quantities were also calculatéde amount of the exerted
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torque (normalized with respect to the MVC), the Coefficient of Varigii@oV)of the torque, the
envelope (representative value calculated as the average across all channels of the grid) and the
MNF (representative value calculated as the average of all channels of the grid).

Given the variability in the total endurance time among the participahtsi)l refer to different

phases of the contraction in terms of their relative time percentages. For clarity, 0% and 100%
O2NNBalLRyR G2 SIS H@RA dhljliRléaiAsAYyR26T M: 2F (K
beginning, while 99% denotes its conclusiéor this study, based on the minimum value of total
duration (around 70 seconds),arbitrarily selected thredgime intervals, each consisting a0
second, to capture the essential phases of the contraction. From these thiree intervals(i.e.,

initial 10 seconds (1%), middle 10 seconds (50%) and the last 10 seconds (99%)), all the described
metrics were extracted and the statistical analysisvas performed It is worth noting thatthe
findingson the parameters extracted from the R@he assumed to béke those thatwould be
obtained if considering the CoG. This assumptioeis made because of the positive strong
correlation between thewo measures, CoGhd RoAthat wasfound in the work of Falla et gFalla

& Gallina, 2020)

Statistical Analysis
The statistical analysis was performed in R Studio (Posit Software, PBC, Boston, MA). The normality
of the data was verified using the Shapinilk statistical test. For data following a naormal
distribution, the nonparametric Friedman statistical tefir repeated measures was used to assess
the differences of all variables at three different time instants (i.e., beginning, middle and end of the
contraction). When the Friedman test was significant, pairwise Wilcoxon sigmtdtests were
performed toidentify which time instants were different. In the followihgill referto T 1, T 2, and
T 3 to the different time window at the beginning (T 1), in the middle (T 2) and at the end of the
contraction (T 3). The significance levels were set to alpha equal to 0.05 and 0.01. The significance
level is identified by th asterisks: * p<0.05 and ** p<0.01. Finallgpnducted a linear regression
analysis to explore the association between the provided metrics and endurance time, usirfg the R

value and the caesponding pvalue with alpha equal to 0.05.
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6.2.2.Results

The results of the statistical analyses are presentelhainle 61. Given that the Mean AlV is derived
from the Total AIP, as well as its individual components in the two directions, in Table 1 we only
reported the results of the Mean AlV: it is important to note that the statistics associated with this
metric is the sara of thatobtained forthe Total AIPNevertheless, these two metrics offer distinct
interpretations, ad will explain in the discussion section, thus we retained both. Since most of the
analysed data did not follow a normal distribution, as evidenced by the significant results of the
ShapireWilk test (*p < 0.05), we applied the nguarametric Friedman tedor repeated measures,

as shown inrable 61.
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Table 61 Friedman tests for repeated measures because of thenoomal distribution of the data. When the test was significant,
Wilcoxon poshoc test was performed to explore the pairwise comparisons among the time interval (beginning T 1, middle T
endof contraction T 3). Significance level is identified as * p<0.05 and ** p40.@d the norsignificant pvalues.

Variable Effect size Statistic Friedman Wilcoxon Adjusted
P-value test p-value
T1iT2 1
Torque Large 13.55 **(0.0011 T1iT3 *0.012
T2V T3 *0.012
T1iT2 0.903
CoV torque Large 14 **(0.0009 T1iT3 *0.012
T2V T3 *0.012
T1iT2 0.08
Envelope Moderate 8.22 *0.016 T1i T3 0.29
T2V T3 1.000
T1iT2 *0.023
MNF large 9.55 **(0.0084 T1iT3 *0.035
T2i T3 0.750
T1iT2 0.117
Mean AID Moderate 8 *0.01831 T1i T3 *0.023
T2V T3 0.387
T1iT2 0.117
Mean AID rp Moderate 8 **(0.01831 T1i T3 *0.023
T2V T3 0.387
T1iT2 *0.012
Mean AID rr Large 14.88 ** 0.0005 T1i T3 *0.012
T2V T3 0.223
Mean AlV Small 1.55 0.4594
Mean AlV rp Small 0.88 0.6411
T1iT2 *0.035
Mean AlV Fr Large 9.55 **(0.0084 T1i T3 *0.023
T2V T3 0.387
T1iT2 *0.023
AEZ Large 12.66 **(0.0017 T1i T3 *0.012
T2V T3 0.117
T1iT2 *0.012
AMZ Large 10.88 **(0.0043 T1i T3 *0.023
T2V T3 0.903
T17i T2 0.117
ACz Moderate 6.88 *0.0319 T1iT3 *0.023
T2V T3 0.387
T17i T2 0.164
AIS Moderate 8 *0.0183 T1i T3 *0.023
T2i T3 0.293
T1iT2 *0.012
stdrr coordinate Large 14.88 ** (0.0005 T1i T3 *0.012
T2i T3 0.223
T17 T2 0.164
stdrp coordinate Moderate 8 *0.0183 T1i T3 *0.023
T2i T3 0.293
avgrr coordinate Small 2.88 0.2358
avgrp coordinate Small 1.55 0.4594
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Figure 65 shows thevalues of the exertedorque (on the left) and the torque Coefficient of

Variation(on the right)at the threeconsideredtime intervals. Tie exerted torque decreaseby

about 5% from the start to the end of the contraction whereas the Coefficient of Variation of torque,

steadilyincreased The decrease dhe torque, as well as the risa its variability, were statistically

significantfromT1to T3 andfromT2to T 3, butnotfrom T 1to T 2.

S0.80
(4]

~—

0.75

que

r

20.70

edt

N0.65

0.60

Normali

0.55

Normalized torque (a.u)

*p=0.012

*p=0.012
[

= ==

T1 T2
Time

T3

CoV torque

0.125 oot
*p=0.012

0.100

(]

=]

£0075 |

8

3

§0.050 ’

ooss —— [
T2 T3
Time

Figure 65 Upper plot: The normalized level of torque at the beginfiihg) in the middle (T 2and at the endT 3)of the contractior
Lower plot: Coefficient of Variation of the normalized torque

From the analysis athe amplitude and thespectral parameterof the SEMG signals, different

behavious over timewere observedWhenexaminingthe amplitude,l noticed an increase of the

envelope over time but the differences among the three considered tirmgervals were not

significant. On the contrary, bpspecting themean frequencyvalues asshown inFigure 66, we

observed a significant decreas®(< 0.05) of approximately 15 Hz from the beginnifigl)to the

middle (T 2)and approximately 25 Hz from the beginnifig)) to the end(T 3)of the contraction
(*p<0.05).
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Figure 66 Mean Frequency computed at the beginning (T 1), at the midpoint (T 2) and at the end of the contraction (T 3).
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In Figure 67 on the left plot, we can observe a significant increase (*p < 0.05) in the Mean AID from
T1ltoT3,whilefromT1toT2andfromT2toT 3, the increase was not significant (p > 0.05). Since
this measure is derived from the Mean AID calculated sepgrdor the two different coordinates
(AlD:rand AlRp, a similar increasing trend was observed for each metric singularly. However, when
analysing the=Pdirection, we noticed significant change from T 1 to T 3 (*p < 0.05), while on the

FT, the increase was found toe significant (*p < 0.05) both from T1to T2 andfrom T 1to T 3, as

can be seen ifable 61.
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Figure 67 Left plot:Mean Activationintensity Distance (AID), representing the distance vector of the RoA from the initial cer
the map (i.e., the CoG of the first 20% of the contracti®ight plotActivation Intensity Path on FT direction @lRvhich represen
the path travelled by the RoA coordinate along the Finansverse direction only.

In contrast, when analysing the Total AIP, as well as the Mean AlV that is obtained by dividing the
AIP with respect to the time window lengths shown in equatio®.8, no significant differences

were found across the three different time intervals. Nonetheless, when we analysed the individual
contributions in the two directions, distinct patterns emerged.

Specifically, the total excursion on tidirection is an order of magnitude larger than the one
produced on theFTdirection. Upon individual analysis, we observed that while there were no
significant changes in Total A¥Pa significant increase (**p < 0.01) was evident in Ffiglirection

(Total AlRy, with significant differences between T 1 and T 3, as well as between T 2 and T 3. The
Total AlRrmetric shown on the right plot oFigure 67. The results obtained for the Mean AIV
mirrored those of the Total excursion because these two metrics are directly proportional to each

other. In the same way, similar results were found when calculating the Mean AIV along the

individual directionskPand FT) singularly.
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Figure 63 Left plot:Activation Circle Zone (AC@&notingthe projected area of a circle whose radius is the 95% percentile
AID.Right plot:ActivationMovementZone (AMZ)whichestimatesthe total region covered by the RoA AIP per unit of time.

Figure 63 depicts the ACZ and AMZ, two metrics associated with the calcuation of areas covering
the full path length travelled by the RoA over time. As illustrated, both metrics reveal an upward
trend towards the end of the contraction. While the AMZ presentedjaiicant increase both from
T1ltoT2andfromT 1to T 3, the ACZ showed a significant difference (p<0.05) only between T 1
and T 3. When analyzing the AEZ, a similar behaviour to thewsdd@dbserved with a significant
difference between T 1 and T 2, in addition to the significant difference from the beginning to the
end of the contraction (T 1 and T 3). Moreover, in the analysis of AEZ large increase in the inter

variability among subjects in thenél time instant considered (T &jas noticed

6.2.3.Discussion

Consistently with results of previous studigorvini, Holobar, et al., 2022)observed alecrease

of the meanfrequencyalongside the progression of the contractjseaffirming its utility in general
muscle fatigue detection. However, this parameter coolat preciselycapture the differences
produced within different areas of the musdkself. | also noted an increase in EMG amplitude,
which is typically attributed to factors such as an increase in the number of MU recruited, in the MU
firing rate, or in their synchronization during firifGifrek et al., 2009)nterestingly, despite the
obsened trends the difference in the amplitude of the EMG signal from the beginning to the end
of the contraction was not statistically significamhislack of significancenightbe explained by the
activation of additional muscle areas that compenskfer the reduced activity in other regions to
sustain the contractionin general, his leads to a situation where spatial averaging across the entire
High-Density EMG grid obscures variations in local muscle activ&tdditonally, the time window

of ten secondswhich has beemsedfor averaging these signalsyight have further modulated

these signals reducing the differences introduced by Ieedimuscle activatiorthanges
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This observation reinforces the necessity for new metrics that accuratdligct the amplitude
variations across specifiauscle regiongnstead of providing a global picture of the muscle. Such
metrics could provide detailed insights into how specific regions of a muscle beactive as
fatigue appears. Moreover, thegould be exploited to develop targeted interventions or specific
training programs, to mitigate the effects of muscle fatigue.

Assessing the Region of Activation stwfith the novel proposednetricscanprovideinsightsinto

the redistribution of muscle activityluring fatigue. The Activation Intensity Distansboweda
consistent increase during the contractiandicatinga substantiadisplacement of the RoA from its
initial position, likely as an adaptive response to fatigue. This difference between the beginning and
the end was found to be significant across both parallel and transverse fibre directions. Naturally,
given thesize of the grid, the amount of shift along tR@direction was larger than the shift along
the FTdirection, producing the main effect in the Mean AID. This suggestdrthitly there is a
more uniform and consistennuscle fibre recruitmenin the FPdirection, while as fatigue begins

to be visible theremight bean increasen thelateral shiftof the muscle activation. This lateral shift
of muscle activity could béo recruit newer or les$atigued motor units. Thisnuscle activity
redistribution might be a compensatory mechanis@ngagingadjacent muscles to maintain the
desired force output. Whemnalysinghe Activation Intensity Path, we observed that thkift of
path along theFPdirection is one order of magnitude larger than the one in Blirection. This
influenced the global metric (Mean AIPWith the larger contribution in theFP direction
overshadowinghe smaller contribution given by the total path of tR@coordinate.By examining

the behaviour of the travelled path in thadividualdirections, nosignificantdifferencesin the FP
direction were foundbetween the beginning and the eraf the contraction. Contrarilyin the FT
direction, there was a significambcrease towards the end of the contractiohhis observation
further supports the hypothesis that, initially, there is a uniform spatial distribution of muscle
activity aligned with the muselfibre direction. Nonetheless, as fatigue sets in within the lumbar
erector spinae, a significant lateral shift or adjustment occurs, likely serving as a compensatory
mechanism to manage the effects of fatigue.

Theobservedincrease in Mean Activation Velocity, specifically in Ffi@lirection, was associated
with the development of muscle fatigud hissuggestsa rapid adaptationof the recruited muscle
fibres tosustainthe contraction. These findingsdicatethat, although muscle primarilgespond to
strain with slower adjustments along thd>direction, rapidalterationsin the FTdirectionmight act

asearly signs of approaching exhaustion. Even though these lateral shifts Filttieection are
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smaller in magnitude, they beconmeore rapidas fatigue intensifies, making these velocity metrics
sensitive indicatasto warn about imminent muscle exhaustion.

This pattern is further reflected in three key parameters: Activation Circle Zone, Activation Ellipse
Zone, and Activation Muscle Zone,rallated to the displacement of the Region of Activation from
its initial centroid locationWe noticed thateachvariable could discriminate muscle fatigue from
the beginning to the end of the contractipas evidencetby a significanincreasein the RoAshift
towards the endof the contraction Although they provide similar measurestbé global shift of

the RoAover time, AMZspecificallyrefers to the total area covered by the AIP, indiogta
substantialvariability in muscle activity. On the otheaihd, the AEZ provides a region in which the
ROA is expected to be found considering two principal directiBRarid F1). Therefore, the change

in the shape of the ellipse during fatiggan provideinsights into thepredominantdirectionsof
muscle activity shifts. These parametedlectivelyrevealed that RoA displacement increases
fatigue progressed Initially, at the onset of the contractiora uniform distribution among
participantswas observedYet, as the lumbaerector spinaestarted to fatigwe, this uniformity
diminished, leading tgreaterinter-variability among subjects. This suggests that while a common
adaptive strategyo counteractfatigue may existindividual differences in the musc#trategyare
evident Such variability, particularfyronouncedasmuscle fatigue intensified, miglve influenced

by several factorslike muscle morphology, conditioning, or even individual tolerancethe

discomfort associated with fatigue

6.2.4.Predicion of time totaskfailure

In addition to the results presented and discusdedyestigatel whether these new spatial metrics
might be used to predict the time to task failure. For this purpés®nducted a linear regression
analysis to explore the association between the maxima of the provided metrics and the endurance
time, using the Rvalue asgoodnessof-fit measure with its corresponding alue setting alpha
equal to 0.05All the results are listed in Tab&2. All the R values are obtained considering the
regressionihe between the endurance time and maxima of the described metrics, except for the
displacement measure, which was computed as the modulus of the displacemefibria
Transverse and Fib#earalleldirections at the beginning and at the end of the contract{arina

et al., 2008)
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Table 62. Linearegression models computed between endurance time and all the variables. We reported only the Raaiadble
the pvalue associated to the model. Values exceeding 0.5 are highlighted in green, while the significarsdees was indicated
by asterisksln red the norsignificant pvalues.

Variable R? P value
Max torque 0.356 0.0897
Max CoV torque 0.188 0.2431
Max Envelope 0.0001 0.9581
Max MNF 0.126 0.3483
Displacement 0.505 *0.0318
Max MeanAID 0.460 *0.0444
Max MeanAlID gp 0.438 0.0519
Max MeanAlID g1 0.894 ** (0.0001
Max MeanAlP 0.102 0.4008
Max MeanAlPgp 0.131 0.3373
Max MeanAlPgr 0.779 **0.0016
Max MeanAlV 0.230 0.1911
Max MeanAlV gp 0.260 0.1603
Max MeanAlV gt 0.688 ** 0.0056
Max AEZ 0.828 ** 0.0006
Max AMZ 0.206 0.2187
Max ACZ 0.545 *0.0231
Max AIS 0.533 * 0.0255
Max avgFP 0.156 0.2913
Max avgFT 0.884 ** 0.0001
Max stdFP 0.156 0.2913
Max stdFT 0.883 ** (0.0001

Theresultsconfirm thefindingsof Farina et al(Farina et al., 2008)evealingthat participantswith
significant muscle activityedistribution, as indicated by the displacement of the Region of
Activation,exhibited longeendurance timegY T 11,61 181 ). Interestingly no significant
correlationswere found between the endurance time aride maximum level otorque or its
maximum variability(identified by themaximum value othe CoVof torque), nor in commonly
extractedsurface EM@arameters(i.e.,envelope andneanfrequency.

In contrast, bylookingat the described patial metrics a positive correlation between endurance
time andthe maximum Mean Ativation Intensity Distancevas observed'Y me @,1tn

T8t ). By analysing morean detail the different components composing the Mean AlBtrang
positive correlation wasound between the maximum Mean AID in thé@&r Transversedirection

and the endurance tim€Y T w,™*n 18 P, as illustrated inFigure 6, while a weak
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correlation was found in the Fiber Parallel directioty ( ™8 o,yfy 181 ). Additional
correlations were evident in the Activation Intensity Path and Activation Intensity Velocity, both
showing strong relationships with endurance tim& ( 718 xfw™*n Tm&rpand 'Y

™ YR 18t prespectively)only on theFTdirection, while dmost no correlation on iBer
Paralle] and consequently on thglobal metric By nvestigating the ratrics related to the area
coveringthe full shift of the RoAsignificant correlationsvere also noticedparticularly in the

Activation Ellipse ZoneY( 1@ ¢,¢*ry 1@ p and Activation Circle Zon& ( 1@ T1,U)
T8t .
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Figure 69 Linearregressiommodelsdemonstrating thecorrelationbetweenmaximumvalues ofspatial metrics andendurancetime.
Top LeftmeanActivation Intensity Distance in the Fiber Transverse (FT) Direction. Top Right: Activation Intensity Velocit
direction. Bottom Left: Activation Ellipse Zone. Bottom Right: Stardéasidtion in the Fdlirection.

Finally,when considering themaximum values afhe meanand standard deviations of the RolA,
detectedavery weak correlation between endurance time andgbenetrics computed on theFP
directions, and a strongcorrelation with the maximum values extractembmputed onthe FT
directions. Good correlation was also found in the analysis of the XIS ( T@® ohyr) T8t ).

All these results confirm the hypothesis that a muscle redistribution shift towtdrelgransverse
direction of themusclefibresisadoptedas a muscle strategy to mitigate the muscle fatigue process
of the erector spinae Ths shift on the FT direction might be interpreted as a compensatory

mechanism of the neuromuscular system thas soon as all thiitially recruitedfibresbeginto
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dimmish their activity, the muscle activishiftsbecause more muscle fibrase tried to be recruited
towards the distal part of the body. Moreover, the maximum value of the Activation Intensity
Spread, which indicates the maximal deviation of the coordinate from the initial point ofrthe
direction, confirms that the larger the variability the longer the endurance time.

These strong correlationsuggesthat the characteristics ofhese spatial metricqparticularly on

the Fiber Transverse directionjight offer valuable insights into the physiological factors affecting
endurance. Such findings have the potential to provide future opportunities to predict the time to

task failure.

6.3 Conclusion

The primary goal of this research study i€kplore the possibility of enhancing our understanding
of muscle fatigughrough measureslerived from HEEMG | aimed atinvestigaing how fatigue
induced changes in the muscle activity manifbsth spatially and temporally during sustained
contractions of the erector spina&o this scopd,introduced novel metrics designed to capture this
spatiotemporal information, aiming tturther characterizehe fatigue progressiomver time.l also
explored the potential of these spatiotemporal metrics to predict time to task failure through
correlation analysis.

Thefindings highlight the critical role of spatial changes to counteract fatijufact, shifts of the
muscle activityhave been found to be associated with the progression of fatig@articulady, |
observed thatspatial changes ia specific direction of the musclthe Rber Transversedirection,
arethe last strategythat muscleadopted immediately beforeeachingexhaustion As a result, the
introduction of new metricshat are ablecaptureand quantifythese spatial changes might heipt
onlyin monitoring muscle fatigue but also in anticipatiagd preventinghe moment oftask failure
before it occus. In fact, strong correlations between peak values of some spatial metrics and
endurance time show promising results in tbstimationof task failure.

Additionally, the innovative metrics derived from HBEMG have been proved to be able to
accurately characterise the neuromuscular adaptatiassociatedvith the progression of muscle
fatigue.By integratinghis spatial informationit might be possible to have a complajbal picture

of the muscularstrategies to respond to the fatigue processduring prolonged isometric
contractions.However,even ifseveralwindow lengths have been tested ftine computation of
these spatial metrics, further researchis needed fora more robust validatiorof these metrics.

Furthermore testson different musclegould confirm and validate the finding of this study
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7 Final conclusions

7. Final coclusions

Surface &ctromyographyhas emerged aan extraordinaryand versatile toolthat isemployed
in a wide range of applications across different fields, includirgglical diagnosjsrehabilitation,
prosthetic control,occupational healthergonomicssports,gaming,and researchamong others
(Merletti, 2004).In the clinical context SEMGis considered themain tool to monitor muscle
recovery andprepare customisedrehabilitation programs Inthe field of ergonomicsthe sEMG
application is fundamentdbr redefining oroptimizingworkplace design, aiming farevent muscle
injury andthe resultant musculoskeletatlisordess. Within sports scienceusfaceEMG isutilisedfor
analysingathletic performanceoptimize training exerciseand preventing sportselated injuries.
Furthermore, its integration into robotics, particularly gontrolling advanced prosthetics and
assistive devices, highlights its significant contribution to enbahe quality of life formany,
especially thoseliving with disabilities. Among these countless applicationghe study of
neuromuscular fatigue appears to be particularly signific&xtensive research in this areasing
SEMG as a key research toobntinually advances our understandingtioé musclefatigueprocess
This thesis placed itself within this context, addressing the challenge of interpreting the
myoelectrical signof fatigue acquired via surface EMG, to obtain relevant information for

characterizing muscle fatigue.

7.1 Strength and Limitations

The findings of this PhD study highlight the importance of understanding and correctly
interpreting the myoelectrical signs of fatigue. The research thoroughly investigates both bipolar
and HBEMG, providing a general understanding of muscle fatigue dUlisapproach enriches the
applicability of the study across various scenarios.

The strength of the simulation studies lies in the use of extensive condition in terms of
implementation settings (i.e., ctdff frequencies, type of window function, duration, noise level),
coveringseveraldifferent situationsto ensure a comprehensive comparison and robust evaluation

of spectral estimation techniquesThis allows us to compare estimation techniques in several
circumstances leading to general recommendation in the choice of the optimal method even when
in presence of high level of noise. However, these simulation studies presented a primary issue. The
limitation lies in the nature of the estimation problem, as the estimates from these methods cannot
be compared with real solutions due to the finite nature of reale signals, which prevents

107



7.1 Strength and Limitations

accurate computation of the power spectral density. Consequently, by the impossibility of directly
verify the results in realvorld conditions, we can only assume that our hypotheses will hold true
when analysing real SEMG due to the similarity betweensihaulated and real signalsloreover,
this study focused on the study of signalsulatingsingle physiological state of muscle activity,
without considering the time evolution of a real signal with the transitions from one state to
another. Future reserch might extend the results of this work by implementing time varying
autoregressive methods that automatically optimize the model order based on actual SEMG
characteristics. The implementation of such algorithms, able to adapt the model order to changes
in SEMG characteristics during fatigue, could be employed in a variety of application, offering
optimal estimation of spectral parameters to accurately monitor the progression of muscle fatigue.

The practical application of SEMG in ergonomics, particularly in HRC settings, highlights-the real
world relevance of the research. The findings have significant implications for workplace design and
injury prevention. In particular, the analysis of then&varying coactivation index can capture the
different level of muscular effort via SEMG during specific interactions between humans and cobots,
providing useful objective indicators associated with biomechanical risks. Hovargating non
focal muscls resulted in lonwlevel SEMG signals with significant intnabject variability, making it
difficult to generalize the findings. Addressing this issue in future experiments might help to mitigate
these effects and improve the generalizability of the firgdin

The final study highlights the importance of performing mdithensional analysis using HD
EMG. This tool captures detailed spatial patterns of muscle activation, offering a more
comprehensive analysis of muscle fatigue beyond traditional bipolar sEMGeolty, the
introduction of novel metrics, which provide quantitative measures of muscle redistribution, proved
to be good indicators of fatigue progression. Additionally, their ability to predict endurance time
makes HEEMG a promising tool in several age as clinical rehabilitation, sports science,
occupational health. However, the primary limitation of the study wesfocus on a single muscle,
without analysinghe activity of other muscle (e.g. compensatory strategies) and thueveeall
muscle coordination, which is generally affected during muscle fatigue. Furthermore, the specific
scenario and muscle studied might limit the generalizability of the findings. Additional research is
needed to validate the proposed methods acrosfedent muscles ad types of contractions.
Finally, while HEEMG systems offer detailed insights into the spatial dimensions of the muscle
activity, they introduce technical complexities and higher costs compared to traditional bipolar

SEMG, which might limit their widespad adoption.
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7.2 Final remarks

As outlined in the introduction, this research has been developed focusing on three main
research questions, each addressing a different aspect of muscle fatigue evaluation using surface
EMG:

1 Which available spectral estimation technique is most effective in assessing muscle fatigue?

1 How can bipolar and Highensity EMG technology enhance our comprehension of muscle

fatigue?

1 Can EMG data be used to predict time to task failure?

Following a comprehensive description of electromyography in Chapter 2 and muscle fatigue in
Chapter 3, each of these questiomas beenaddressed in subsequent chapters.

In chapter 4, we revised and presented the most common estimation techniques used to
estimate the spectral parameters froBEMG signals. Two studies, deeply analysing the impact of
muscle fatigue on the power spectral density of surface EMG signals, have been published on
international journald / 2 NDAY A S 5Q! yy Il > SG | f.The objectivenwds to/ 2 NI
identify the most effective algorithm for accurately estimating spectral parameters, such as mean
and median frequency, in the presence of muscle fatigue.

The first study performed a comparative analysis of various spectral estimation techniques in four
different muscle conditions (from normal to the fatigue). Firstly, this study evaluated the
performance of the Welch method varying the window function tyged the noise conditions,
revealing that therukeywindow function consistently produced the minimum error with respect to
other window functions. Secondly, this study investigated the performance of the autoregressive
model (using the method of Burg) varg the orders of the model and the noise conditions. It was
observed that no specific orders of the AR model have optimal performance, but rather the model
order depends on the shape of the power spectral density. Since muscle fatigue compresses the
power spectrum shape towards low frequency area, the minimum number of parameters to be
estimated for having good spectral estimations varies from Gormal muscle condition to 12
during fatigue. Then, a comparison of different estimatdrakeywindow for Wech, 8" and 12

model orders for AR and the unbiased autocorrelation estimator) was conducted to identify the
algorithm with the best performance considering different muscle conditions and noise levels. The

findings revealed that the median frequency is more robust ttr@mean frequency and should
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be preferred for spectral analysis. Moreover, results suggest using the autoregressive model, which
consistently produced the minimum error, especially in presence of fatigue and high level of noise
contamination in the SEMG signals. These results higklighe significant impact of muscle fatigue

on the accuracy of the estimated spectral parameters.

To further investigate the effects of severe muscle fatigue, usually encountered before task failure,
simulations, investigating the effects of time duration of SEMG and the noise level contamination,
were performed The result of this study further corroborates the hypothesis that median frequency

is a more reliable indicator of muscle fatigue than the mean frequency, especially in noisy
environments. Overall, the autoregressive model was found to outperform otlpectsal
estimators, making it the prefeed choice for analysing fatiguing contractions. Even with lower
model orders that do not accurately approximate the power spectrum shape, good median
frequency estimates were obtained. Furthermore, longer time durations are recommended, if
possible, to impove frequency resolution and yield more precise spectral estimations. Similarly,
good SNR are recommended to increase the accuracy of the estimate.

In summary, these studies provide additional knowledge on the effect of fatigue progression on the
power spectrum, with consequent changes on the spectral SEMG indicators. By comparing the most
common estimation algorithms, this research offers useful glines in the choice of the spectral
estimation techniques based on the quality of SEMG signals, although their effectiveness depends
on the specific analysed conditions.

Subsequently, in Chapter 5, we explored the application of surface EMG in the field of
ergonomics, specifically focusing on workplaces integrated with collaborative robots. Utilizing
bipolar electrodes, this study aimed to utilize myoelectrical signaha fraultiple muscles to assess
the muscular effort in tasks performed alongside cobots. A key aspect of this analysis was the
calculation and interpretation of a timearying ceactivation index, indicative of muscle fatigue and
thus, valuable indicator ofibmechanical risk in cobatssisted workspaces. Two experiments were
simulated, the role of a cashier in a market and the one an assembler in manufacturing, examining
various modalities of humarobot collaboration. The findings from these studies revedleat
cobot integration could effectively reduce muscle-adivation levels during specific tasks.
However, the nature of humanobot interaction plays a critical role in these outcomes. In fact, the
introduction of a cobot inevitably alters the muscleagegy of the operator, but this alteration not
always leads to ergonomic improvements. Throughout both experiments, it became evident that

cobots can reduce physical effort in tasks by lifting or moving objects, thereby reducing muscular
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activity. However, the specific type of human robot collaboration critically determines the benefits
for the operator at the muscular level. When cobots impose constraints, such as dictating the
working pace (speed constraints) or limiting movements irc8edirections (spatial constraints),

the muscular effort of the operators increases, and consequently, higher potential biomechanical
risks are expected despite a reduction in physical load. In contrast, when operators maintain the
complete control ovetheir movements and work rhythm, the assistance provided by the cobot,
being compliant and sustaining objects, can effectively lighten the muscular load of the operator.
This can lead to a reduced muscular effort and greater variability in museletieation, potentially
associated with a decreased biomechanical risk.

These studies confirm the importance of using bipolar sSEMG to analyse muscle activity in
environments shared with collaborative robots. In fact, the analysis of muscular effort via SEMG
during specific interactions between humans and cobots provides usdfjgctive indicators
associated with biomechanical risks. Understanding the effect on muscle functions of introducing
cobots could significantly improve the workplace design, optimizing human activities and at the
same time increasing overall work effio@y. Future research could extend the exploration of
physiological features derived from surface EMG simulating a wider range of task in collaborative
modalities. This could lead to the design and development of ergonomic solutions that promote
effective umanrobot collaborations while reducing potential biomechanical risks.

Finally, in chapter 6, | investigated the use of Hignsity EMG to further improve our
understanding of the muscle fatigue dynamics. The goal of this research was to explore the effects
of using multielectrode grids with an increased spatial resolutionthe assessment of muscle
fatigue. Novel metrics, designed to capture the spatiotemporal information during fatiguing
contractions of the erector spinae until exhaustion, were introduced. The findings revealed that
spatial changes within the muscle sela&a neuromuscular strategy to counteract the progression
of fatigue. Initially, | observed changes in muscle activation along the direction parallel to the fibres.
However, as fatigue progressed towards the end of the contraction, spatial changesnmusioée
activation were observed moving in the direction transverse to the muscle fibres. This spatial shift
suggests that when the muscle struggles to sustain the contraction, it tends to recruit additional
motor units, moving the activity towards the didtpart of the muscle. This muscle redistribution
activity appears to be the last strategy employed by this muscle before reaching task failure. The
proposed metrics successfully captured and quantified these spatial variations over time, showing

significant differences in their values between the early and late stages of the contraction. This
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indicates their potentiality in accurately characterizing these neuromuscular adaptations and
monitoring the muscle fatigue process. Furthermore, | investigate the possibility of predicting the
task failure by searching for correlations between these spatetrics and the endurance time. The
result of this investigation revealed strong correlations, offering promising prospects for the early
identification of task failure. These results are not only academically encouraging but they also carry
substantialpractical implications. These insights, provided by Highsity surface EMG, could
guide interventions to prevent muscle injuries in clinical rehabilitation, and could optimize training
programs in sport science, preventing injuries based on indivicuwdum@ance and characteristics of
the athletes. Future studies could extend this research line by exploring the applicability of these
metrics to other muscles and to various types of muscle contractions. Such explorations could
validate and potentially ami the impact of these findings, confirming their significance and utility
in broader contexts.

In conclusiongxploiting the advanced capabilities of bipolar and Hgnsity SEMG systems,
this work investigates thenyoelectrical manifestations of fatigileom new perspectives, offering
new insights into the mechanisms underlying muscle fatigue and contributing significantly to the
knowledge in this fieldThese findings not only enhantdee methodological approaches @ssess
the myoelectric manifestations ofnuscle fatigue but also havevisible practical implications
opening to new opportunities for injury premtion and muscle function optimizati@crossvarious

application fields such agports science, clinical rehabilitation, and ergonomics.
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Appendix A

In this Appendix, the theory of the spectral estimation is deepened through the description of the

non-parametric and parametric estimation methods.
Nonparametric estimation

The nonparametric methods could be divided in two categoriEsdirectmethods which involvea

direct transformation of the data, an@) indirectmethods which exploit the WieneKhinchin
theorem (Wiener, 1930jo extract the PSD froran estimate of the autocorrelation sequence.

The periodogram is a honparametric technique to estimate Rower Sectral Density (PSD) of a
wide-sense stationary random proced$he process of estimating the periodogram involves several
steps. Initially, we apply the Fast Fourier Transform (FFT) to the data, which tranafgignal from

the time domain to the frequency domaiifhe result is a complex spectrum that contains both
amplitude and phase information at discrete frequency bins. Howeteeunderstandthe power
distribution across these fragncies, we need to modifype amplitudespectrum. This is achieved

by taking the square of the magnitude of the FFT outputs. This squared modulus represents the
power at each frequency component, forming the basis of the PSD.

In practical applications with finite real EMG signals, we often deal with segments of larges. signal
We can isolate a segment of interest by applying a window function, such as a rectangular window,
which has the same length as the original real signal. This windowing limits the duration of our
signal, reducing spectral leakage in the frequency domain analysis. After windowing, we then apply
the FFT to this segment and square its modulus to obtain the P8®method is known as the

Modified Periodogramand it can be implemented according to the following formula:

A.D)

where 0 is the estimate of the?SDN is the number of samplesyn is a window function (i.e.,
rectangular) and is the discrete time signalWindowing a signal, which involves multiplication in
the time domain, corresponds to convolving the original signal's spectrum with the spectrum of the
window function. This process can induce distortion effeldeally, we would like to have the signal

spectrum unaltered by this convolution, butpractice alterations are often observed his because
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an artifact, shaped by the FFT of the window function, is introductmthe signal.To mitigate

these effectsvariouswindow functions have been createdach with its unique shape designed to
taper the ends of the data towards zero. These different shapes result in varying effects on the
spectral characteristics of the sign@lwo et al., 2021)In Appendix B weprovide for the
mathematical formulations aseverawindow functions, such as Bartlett, KaisefTatkey ¢ in Eq.

A.]), with their respective advantages and disadvantages.

Unfortunately, the Periodogram method is not consistent because its variance does not tend to zero
as the number of signal samples increases. Therefore, to solve this problem various modifications
of this method have been proposed, such as the Bar(Rirtlett, 1950)r the Welch(Welch, 1967)
method. The aim of the Bartlett method is to split the signal into different segments, compute the
Periodogram on each segment and then average the different PSD estimates to obtain the total
estimate of the entire signal. Similar to this approach is the one deeel by Welcl{Welch, 1967)

in which he aimed to improve the approximation of the power spectrum by further reducing the
variance of the estimate, and consequently solving the inconsistency problem previously presented.
The Welch method is an extended version of the Bartlett oviggre the main difference between

the two reside in the shift of the window function over the signals for the periodogram computation.

In fact, while the Bartlett method does not consider any overlap during the shift of the window
function, the Welch methd increases the total number of segments by shifting the window function
over the signal with a partial overlap. The input signal of N samples is divided into S segments, each
consisting ok = N/Ssamples. Then the periodogram is computed for each segment and the resulting
PSD estimate is the averages of all the PSD estimation in the S segment. To extract a segment, the
signal was multiplied by a window function with length equal to a certain peacge of the original

signal length, as highlighted Eyuation A.1 Severailvindow functions have beecompared irthe

study that wepublishedon SensorgCorvini et al., 2022), and details are provided\ppendixC

After selecting the window function, the PSD can be estimated accordithg td/elch methodas

v Q %, 0 Q A2

where Ii)is thei-th periodogramestimatedon k samples as ikq A.10Q and Sis the total number
of segments where the periodogram has been computed.
Another nonparametric approach for estimating the PSD utilizes an indirect method. This technique

calculates the PSD based on an estimatathcorrelation function, in accordance with the Wierner
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Khinchin theorem. It's important to note that for realorld signals, a truautocorrelation function
cannot be directly calculated; instead, only an estimate is possible. Therefore, the PSD is estimated

using the following equation:

v Q Y o aQ A3)

where'Y is the estimate of the Autocorrelation function. In our studies, we have employed the

unbiased version of this estimator, defined as follows:

IS GAGK Y ' A4

where x.+m is the n-th sample of the signal at lag, ranging from 0 taM, anda is the complex
conjugate of then-th sample It is worth noting that only difference between the tweersions of
the estimator is in the normalization factothe biased version of the estimator empldyisnstead

of N-1 as normalization factor, which impacts the convergence properties of the estimator.

Parametric estimation

An alternative strategy for the Power Spectral Density estimation is the parametric or +inasied
approach. In contrast to neparametric methods, which operate directly on the signal, this
approach assumes that the signals are realizations of a stochasticess that can be
mathematically modelled. This model takes a sequence of white Gaussian noise as input, it acts as
a filter on this sequence, and it generates an "infinite" signal, allowing for the computation of the
PSD. In this scenario, the chalyenshifts from estimating the PSD itself to the estimation of the
model's parameters. One of the most powerful models is theated AutoRegressive Moving
Average (ARMA) model, where each samxplef the signal can be described as a linear combination

of p past outputs andg+1 present and past inputs. Ithis researchstudy, we focused on the
AutoRegressive (AR), which solely depends on previous outputs of the signal. To estimate the
parameters of this AR model, we employ Burg's method, which was fourme tmore reliable

compared to Yuld&Valker(de Hoon et al., 1996 his approach estimates the reflection coefficients
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@ from past samples (i.e., measured data) and uses them to compute the prediction coefficient

@ and consequently predict future samples of the signal based on the equation:
e O wE A gAGK f T Ab)

wherep is the model order and) are the prediction coefficients. The coefficients can be obtained

through the iterative LevinseDurbin algorithmaccording to:
O W ®» © gAGK f 1 A6
and
» Q AT)

Here'Q are the reflection coefficients and can be computed as:

o _SB 96 00
B 0 0 gAOK f 4 A9)

where Q'Q and Q@ are the forward and backward errors, respectively. The recursion is

initialized withw  p. From these coefficientthe PSD can be calculated as follows:

A8
p B ©Q )

where , is the total error & are the prediction coefficientsand Qis the frequency bin index
ranging frommto. p. The Burg methods aims to simultaneously minimize through the Least
Mean Square Error (LSME) criterion the total error, which is the sum of the squared forward
‘Q"Q and backward)c  prediction errors, which areomputed for each value of the ordeof

themodel (=m X H)X XX LJ
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., [T ETO SONOF:-IES NV ¢ s A.10)

Unfortunately, by increasing the order of the AR model, and thus increasing the number of the
parameters to be estimated, the computational complexity increases as well. Consequently, under

similar performance in the results, it is preferable to choosertiieimum order
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Appendi8

This appendix presents an extensive mathematical framework for the window functions utilised in
this thesis, with particular emphasis on their application using the Welch method. Window functions
are indispensable in enhancing the precision of spectrahadions by attenuating leakage and
sidelobe effectswhen performing a Fourier Transform on finiength signalsGiven that the
selection of an appropriate window function significantly impacts the accuracy and dependability of
frequency analysis, ahown in Appendix Athis section delineates the mathematical expressions
for the varietyof window functionsthat have been testeqThe SciPy community, 200&por the
visual representation) set™Q p mrmamd0 p ¢,yand | used zero padding to increase the

spectral resolutionAll the window functions ardefinedin the following.

1. Bartlett: very similar to a triangular window, except that tfiest and lastpoints are at zero
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Advantages Reduces spectral leakagempared to the rectangular window.

Limitations Still has relatively high side lobes, not optimaldimsely spaced frequencies
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2. Barthann, a modified Bartlett-Hann windav similar tothe Bartlett but smoothing the ends

points likethe Hann window, resulting in a smoother version than a pure Bartlett

14 1 2\ :14 L r 11 3 :14 N ”
0 € ¢ M EN ™S ™MBI @ 10 ™ m € U B.2)
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Advantages Low nearside lobes compared to Triangulaelping in the redudion of spectral leakage

Limitations Less commonly useand might not be readily available in all signal processing software libraries

3. Blackmantaper formed by using the first three terms of a summation of cosines

“ ] “ ]
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Advantages Excellent sidéobe attenuation, better leakage reduction.

Limitations Wider main lobe, resulting in poorer frequency resolution
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4. Blackmanharrisextension of the Blackman window and includes additional terms to further
reduce the side lobes in its spectrabponse
A T BT A srome 2 L
L& vymE YAl B— 5 TAl 6— 5 ppe B m ¢ 0 p B4
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Advantages Goodability to greatly attenuate side lobes
Limitations Wider mainlobe affecting frequency resolution, and more complex to calculate with respect

to other window functions.

5. Chebyshevoptimizes for the narrowest main lobe width for a given ordéand provide a

specified level of attenuation isidelobe using Chebyshev polynomials
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Advantages Excellent control over side lobes, can achieve verysioe lobe levels
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