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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 adaptations related 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 and high-density 

surface EMG (HD-EMG) to study the electrical signs of muscle fatigue across different scenarios. The 

primary objective is to advance our understanding of the neuromuscular system's strategies during 

fatigue and to use non-invasive 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 generally observed 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 applications in an 

occupational health context. Specifically, sEMG is employed to monitor muscle fatigue in workplace 

settings, aiming to assess the impact of different Human-Robot Collaboration (HRC) modalities on 

muscle activity. The findings provide useful perspectives for developing 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 like HD-EMG to 

capture detailed spatial patterns of muscle activation, offering new ideas and quantitative measures 

for the study of muscle fatigue, compared to the traditional analysis performed with bipolar sEMG. 

Novel metrics were proposed to identify the fatigue progression and predict the endurance time 

ŘǳǊƛƴƎ ƛǎƻƳŜǘǊƛŎ ŎƻƴǘǊŀŎǘƛƻƴǎΦ CǳǊǘƘŜǊ ŜȄǇƭƻǊŀǘƛƻƴǎ ƻŦ ǘƘŜǎŜ ƳŜǘǊƛŎǎΩ ŀǇǇƭƛŎŀōƛƭƛǘȅ ǘƻ ǾŀǊƛƻǳǎ ƳǳǎŎƭŜǎ 

and different types of 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 myoelectric manifestations 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 

In recent years, surface Electromyography (sEMG) has emerged as a fundamental tool in various 

disciplines, thanks to advancements in technology and methodologies. Its application 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 workers. Among these various applications of sEMG, the study of 

neuromuscular adaptations related to muscle fatigue stands out as a particularly intriguing line of 

research that has acquired significant interest since the late 20th 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 electrical signs of 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 thesis addresses this challenge, exploring the use of surface EMG, both bipolar and High-Density 

EMG systems. The goal is to offer a more detailed understanding of the fatigue process across 

different scenarios, transforming the conventional approaches to muscle fatigue research. This 

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 recent sEMG technologies, 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 initiated with my PhD journey: Can surface 

electromyography be effectively used to decode the myoelectrical signs of muscle fatigue?  

To reply to this question, we started an extensive exploration into the capabilities of sEMG, 

exploring a plethora of existing techniques for obtaining relevant information aiming at clarifying 

the complexities of muscle fatigue through its myoelectrical manifestations. 

The primary objective of this research is to thoroughly investigate the potential of sEMG technology 

as a non-invasive, detailed method for accurately analysing muscle fatigue. While 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, 
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especially in terms of spectral parameters estimation, suggests that the core issue may lie in the 

foundational methodologies themselves. Consequently, this thesis aims to critically examine and 

revise these foundational methodologies, revising and comparing the performance of existing 

algorithms for spectral estimation. More in general, this work aims to establish a more cohesive and 

reliable framework for muscle fatigue analysis by employing both traditional and advanced sEMG 

technologies to extend our knowledge.  

Research Questions and Methodology 

The thesis was structured around key questions, each addressing a different aspect of muscle 

fatigue assessment through sEMG: 

¶ Which available spectral estimation technique is most effective in assessing the 

myoelectrical manifestations of fatigue muscle fatigue? 

¶ How can bipolar and High-Density Electromyography (HD-EMG) technology enhance our 

comprehension of muscle fatigue? 

¶ Can sEMG data be used to predict time to task failure? 

Starting with foundational background information, this PhD thesis aims to address these questions. 

First, we conducted a detailed comparative analysis of the main techniques developed over the last 

fifty years, assessing their accuracy under various conditions. This research study led to two 

publications, each focusing on the robustness of different estimation techniques in muscle fatigue 

assessment, offering guidelines for the selection of the appropriate method. 

Subsequently, we explored the application of sEMG within the field of ergonomics, utilizing bipolar 

electrodes to record sEMG signals in real-worlds scenarios. This phase of my research involved 

analysing myoelectrical signals from multiple muscles to evaluate whether an index of muscle co-

activation could serve as an indicator of biomechanical risk. Specifically, this index was employed to 

assess the impact of different Human-Robot Collaboration (HRC) modalities in two distinct tasks. 

This index revealed its potential to estimate the biomechanical risk in various collaboration 

modalities, providing useful perspectives for preventing injuries in workplace involving collaborative 

robots. The findings of this study provide a significant contribution to occupational health, indicating 

the direction for future investigation. 

Finally, the advent of HD-EMG, which has opened new horizons in muscle fatigue research providing 

a multidimensional view of muscle activity, was a fundamental aspect of my work. We utilized this 
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technology to extract spatial information from muscle activity, in addition to the temporal and 

spectral ones. Building on this information, we defined innovative metrics to quantify the spatial 

redistribution of muscle activity during fatigue. This approach might represent a major 

advancement in tracking the progression of the myoelectrical manifestations of fatigue from onset 

to exhaustion. Moreover, this study also addressed the last research question, investigating the 

hypothesis of predicting task failure through sEMG data. Findings of this work confirm the potential 

of these new spatial metrics in predicting the time to task failure, a promising tool with far-reaching 

implications in clinical, sports, and ergonomic applications. The outcomes of this research led to one 

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

Significance and Broader Impact 

This thesis highlights the versatility of surface Electromyography in muscle fatigue assessment, 

ranging from the use of bipolar electrodes for the simultaneous recording of multiple muscle 

activities to the employment of High-Density EMG grids for a comprehensive analysis (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 

represents a significant advancement 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 common sEMG spectral parameters used in fatigue assessment. 

Moreover, the findings, especially the potential to predict task failure using spatio-temporal sEMG 

data, are not only academically encouraging but also have important practical implications. In 

clinical rehabilitation, these insights could inform the development of targeted interventions. 

Within the field of ergonomics, this knowledge can be fundamental in designing tools and 

workspaces that minimize biomechanical risks, thus preventing musculoskeletal disorders and 

enhancing productivity. In sports science, the findings could assist in optimizing training programs 

and preventing athletes from injuries, considering individual characteristics and endurance levels. 

In conclusion, this thesis has demonstrated that sEMG is a powerful and versatile tool in assessing 

the myoelectrical manifestations of fatigue, offering groundbreaking insights with the capacity to 

redefine and significantly enhance methodologies across various fields. This work has evidenced the 

potential of surface EMG to evaluate muscle performance in workplace scenarios shared with 

collaborative robots, and to provide information about muscle strategies in response to fatigue, 
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highlighting its utility in tracking the progression of muscle fatigue. Moreover, this research has 

shown promising potential in predicting task failure based on global muscular characteristics, such 

as the maximum shift in the muscular activations within the erector spinae muscle during back 

extension. Confirming these findings by validating the proposed spatial metrics on other muscles 

and with different types of contraction, this work could lead to the development of new strategies 

for preventing muscle injuries. Such advancements would have significant implications for clinical 

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 application of surface electromyography in 

assessing the myoelectrical manifestations of fatigue.  

The foundational context is set in Chapter 2, where we introduce Electromyography (EMG), 

discussing the generation of the signal and the main acquisition techniques. This chapter focuses on 

surface EMG, the core of this thesis, examining the distinctions between bipolar and high-density 

electrodes. It also presents an overview of prevalent signal processing techniques for EMG analysis, 

particularly highlighting frequency domain techniques and the problem of the spectral estimation. 

In Chapter 3 we 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 an overview of various 

techniques used to characterize and quantify muscle fatigue using diverse physiological measures, 

with particular attention to the parameters extracted from surface EMG.  

In Chapter 4 we address the complexities of estimating Power Spectral Density (PSD) from surface 

EMG signals. Here, we revise various existing methods and compare them to identify the most 

robust estimators, particularly under the condition of muscle fatigue. Furthermore, we investigate 

the effect of varying characteristics of estimators and noise level affecting sEMG signals. Emphasis 

ƛǎ ƎƛǾŜƴ ǘƻ ǳƴŘŜǊǎǘŀƴŘ ǘƘŜ ŜŦŦŜŎǘǎ ƻŦ ŦŀǘƛƎǳŜ ƻƴ ǘƘŜ ŜǎǘƛƳŀǘƻǊǎΩ ǇŜǊŦƻǊƳŀƴŎŜΣ ǎǘǳŘȅƛƴƎ ǘƘŜ ŜǊǊƻǊǎ 

produced in the estimation of Mean Frequency (MNF) and Median Frequency (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 5, we investigate the application of EMG in ergonomics, particularly in scenarios involving 

human-robot collaboration. This chapter present a project that was part of my PhD, in which I was 

involved for conducting experiments and analysing data coming from surface EMG. The core of this 



1 Introduction 

5 
 

chapter relies on using the information obtained through bipolar electrode to assess muscular effort 

and, consequently, the biomechanical risk associated with the progressive development of muscle 

fatigue. This project involved sEMG acquisition simulating different workplace scenarios containing 

collaborative robots (cobots). This chapter investigates the impact of cobots on operatorǎΩ muscular 

effort by evaluating a time-varying Co-activation Index (CI). 

In Chapter 6, we explore the use of innovative and advanced sEMG techniques, precisely High-

Density EMG, to obtain deeper insights into muscle activity dynamics. This chapter presents a 

comprehensive overview of the experimental acquisitions that I conducted during my doctoral 

research at the University of Birmingham. This chapter outlines the experimental protocol and 

introduces innovative metrics that we defined to try to quantify spatial changes in muscle activity 

during fatigue. The chapter closes with the proposal of using these novel spatial metrics as 

predictive of time to task failure. Results of this research study are promising, and they have been 

submitted for publication to an esteemed journal.  

The thesis concludes with Chapter 7, where we 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 encountered, highlights the strength and the 

limitations of the individual studies, and describes the solutions proposed to enhance our 

understanding of electrical signs of muscle fatigue. It concludes with recommendations for future 

research directions, aiming to further enrich our comprehension of myoelectrical manifestations of 

fatigue through the useful insights provided by sEMG in different fields. 
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2. Electromyography 
 
In this chapter, we describe the fundamentals of Electromyography, exploring 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 models that 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 of this method. Our focus then shifts to the principal signal 

processing techniques for sEMG signals, emphasizing the challenges and limitations inherent to time 

and frequency domains methods. The variety of spectral estimation techniques sets the stage for 

the simulation studies that we conducted, which are 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 movement 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 activation provided 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 motoneurons located in the ventral horn of the spinal cord. Depending on the 

ǎǇŜŎƛŦƛŎ ƳƻǾŜƳŜƴǘ ǘƻ ōŜ ŜȄŜŎǳǘŜŘΣ ǘƘŜ /ŜƴǘǊŀƭ bŜǊǾƻǳǎ {ȅǎǘŜƳ ό/b{ύ ŜƳǇƭƻȅǎ ǘƘŜ άǎƛȊŜ ǇǊƛƴŎƛǇƭŜέΣ 

as described by Henneman (Henneman, 1957), to selectively recruit Motor Units (MUs). In this way, 

activating smaller motor units before larger ones, the required force is generated efficiently. 

After receiving the descending electrical impulse, the motor 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 diffuse into the muscle fibre initiating the sliding mechanism of actin and myosin 

filaments within the sarcomeres leading to muscle contraction.  
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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 these physiological events into a quantifiable 

form, creating a mathematical model of the EMG. Numerous methodologies for representing the 

EMG signal 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 yield insights into the global characteristics 

of the considered muscle. The generative model of the EMG can be described, according to (Farina 

et al., 2014) as follows: 

 

where ίὸ is the recorded EMG signal, ὔ is the number of active motor units, ὸ is the j-th time at 

which the i-th motor unit discharge action potentials, • ὸ is the shape of the action potential for 

the i-th motor unit, ‏ὸ ὸ  is the delta function representing a motor unit discharge at time ὸ 

and Ὂ is the total number of discharge events of the i-th motor unit. The Motor Unit Action Potential 

(MUAP) (•) of the i-th motor unit is defined as: 

where ” ὸ is the j-th Single Fibre Action Potentials (SFAP) of the i-th motor unit and – is the total 

number of fibres belonging to the i-th 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, which can be type I, type IIa, or type IIb, each 

exhibiting unique electrical characteristics (Talbot & Maves, 2016). Type I fibres, known as slow 

twitch, are characterized by slower contraction speed and greater resistance to fatigue. In contrast, 

type IIb or fast twitch fibres, are less resistant to fatigue and typically recruited in quicker 

contractions. Type IIa fibres represent an intermediate, combining attributes of both types. 

According to the type, the length and the diameter of muscle fibres recruited, different EMG signal 

profiles are generated. In addition to these aspects, several factors play decisive roles in influencing 

 ίὸ • ὸ‏ὸ ὸ   

2.1) 

• ὸ  ” ὸ 

 

2.2) 
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the EMG signals, such as the recruitment of motor units, their conduction velocity, 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, 2011), substantially 

modify the EMG readings, influencing the pattern and intensity of the muscle fibre activations 

(Disselhorst-Klug & Williams, 2020).  

Besides the several internal factors that influence the generation and the characteristics of EMG 

signals, the recorded EMG signals are highly dependent on the methods used for the acquisition, 

which can provide different insights into the muscle characteristics. 

In the next chapter, we describe the two main methods of EMG signal acquisition focusing on the 

surface EMG acquisition technique.  

2.2 Acquisition techniques: surface EMG 
 
Electromyography captures electrical potentials generated by the depolarization of muscle fibre 

membranes. This electrical activity can be recorded in two primary ways (Farina & 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 electromyography (IM-EMG), 

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 training and is typically performed by clinicians to minimize muscle fibre damage and 

reduce infection risks. The high selectivity of recorded signals makes IM-EMG particularly suited for 

specific clinical applications, aiming at revealing abnormal muscle functions and pathological 

MusculoSkeletal Disorders (MSDs). Despite its proven reliability and repeatability (Davis et al., 

1998), (Chapman et al., 2010), (Green et al., 2019), the invasive nature of IM-EMG limits its use in 

broader applications making surface electrodes the predominant method for assessing muscle 

activity across a wide range of applications. 

Surface electromyography is a non-invasive technique that allows the recording of the myoelectrical 

activity from the surface of the skin.  Unlike intramuscular EMG, sEMG involves placing electrodes 

directly on the skin above the muscle of interest, capturing cumulative electrical activity from 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 by the human body. Before reaching the surface of the skin, sEMG signals pass through 
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ǾŀǊƛƻǳǎ ǘƛǎǎǳŜǎ ǘƘŀǘ ŀŎǘ ŀǎ ƭƻǿ Ǉŀǎǎ ŦƛƭǘŜǊǎ ŀǘǘŜƴǳŀǘƛƴƎ ǎƛƎƴŀƭǎΩ ŀƳǇƭƛǘǳŘŜΦ Furthermore, reliable and 

accurate signal acquisition requires meticulous skin preparation, typically involving hair removal, 

exfoliation with abrasive conductive paste, and washing to remove dead skin cells (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 to guarantee 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 shortening (Merletti & Farina, 2016).  

Compared to invasive intramuscular electrodes, surface EMG is less precise, and more susceptible 

to crosstalk interference (due to adjacent muscles activity) and to noise (i.e., external 

electromagnetic noise). Despite these limitations, its non-invasive 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 sophisticated applications in 

biomechanical studies, ergonomic evaluations, sports performance analysis, and human-computer 

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 back in the 

мффлǎΣ ά9aD ƛǎ ǘƻƻ Ŝŀǎȅ ǘƻ ǳǎŜ ŀƴŘ ŎƻƴǎŜǉǳŜƴǘƭȅ ǘƻƻ Ŝŀǎȅ ǘƻ ŀōǳǎŜέΣ ǊŜŦƭŜŎǘƛƴƎ ǘƘŜ simplicity of this 

method and the potential challenges in the interpretation of sEMG signals. For this reasons, recent 

works tried to standardise the use of sEMG in systematic way through a series of tutorials and best 

practices (Merletti & Muceli, 2019; Del Vecchio et al., 2020; Merletti & Cerone, 2020). Additionally, 

a more recent initiative, the Consensus for Experimental Design in Electromyography (CEDE) project, 

is aiming to standardize surface EMG application through Delphi consensus-based guidelines for 

experimental planning and interpretation (Besomi et al., 2019, 2020; Gallina et al., 2022; Martinez-

Valdes et al., 2023; McManus et al., 2021). 

In the following two subsections, we will explore the technical methodologies and applications of 

both bipolar and High-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 considered for a long time the gold standard in surface 

electromyography, providing a reliable means of capturing myoelectrical signals from muscles. 
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Typically, myoelectrical signals, which are the sum of motor unit action potentials, reach the surface 

of the skin with small amplitudes ranging from several microvolts (‘ὠ) to a few millivolts (άὠ), 

depending on the intensity of muscle contraction. These signals can be detected using bipolar 

electrodes, consisting of 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. This step is followed by the application of a low-

pass analogue filter to suppress the aliasing phenomenon, where high-frequency sinusoids are 

superimposed onto low frequency ones. Subsequently, as depicted in Figure 2.1,  an A/D converter 

is typically utilised to digitise the signals for computer analysis (Cavalcanti Garcia & M. Vieira, 2011). 

Signal acquisition in surface EMG often challenges with various types of noise, which can reduce the 

signal quality and complicate the extraction of useful information about muscle behaviour. Despite 

efforts to minimise noise at the source through appropriate skin preparation and well-designed 

signal recording instrumentation, some noise is always intertwined with the desired signals (Clancy 

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 at υπ (Ú (φπ (Ú in the USA), while external electromagnetic noise can be 

Figure 2.1 Simplified block diagram of surface bipolar electrodes acquisition. 1) detection of myoelectric potentials with surface 
electrodes and a reference electrode; 2) amplification of such potentials with differential amplifiers; 3) analogue filtering of the signals 
to avoid aliasing, and 4) A/D conversion to digitalise signals to be stored on a computer (5). Taken from Cavalcanti Garcia & M. Vieira, 
2011. 
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reduced through the use of shielded cables, differential amplifiers, and bandpass filters that exclude 

ŦǊŜǉǳŜƴŎƛŜǎ ƻǳǘǎƛŘŜ ǘƘŜ 9aD ǎƛƎƴŀƭΩǎ ǊŀƴƎŜ ό5Ŝ [ǳŎŀΣ мффтύΦ .ŀƴŘǇŀǎǎ ŦƛƭǘŜǊǎ ŀǊŜ ŀƭǎƻ ŜƳǇƭƻȅŜŘ ǘƻ 

reduce the effects of movement 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 combination of 

technical and experimental factors. 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 their excellent conductivity 

and minimal motion artifacts (Prasad et al., 2021). Recently, research studies have investigated 

embroidered textile-based 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 

assessment (Shafti et al., 2017). Electrode size is another key factor affecting the quality of acquired 

signals: larger electrodes, covering a broader area, average more potential distributions and thus 

reduce noise amplitude. However,  they might also introduce crosstalk from surrounding muscles 

(Afsharipour et al., 2019). In contrast, smaller electrodes provide more localised measurements but 

could miss broader muscle activity patterns. Generally, the choice 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 (Young et al., 2011). The shape of the electrode can also influence 

signal characteristics, such as the spectral features extracted from sEMG (Farina & 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 increased sEMG amplitudes, as the 

electrodes cover a broader muscle area. But this 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 amplitude (Farina, Cescon, et al., 2002). From 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 conduction velocity, leading to inaccurate signal readings 

(Hermens et al., 2000; Smith et al., 2015; Young et al., 2011). Furthermore, normalising EMG 

amplitude can reduce the impact of both IED and electrode placement, especially during fatiguing 

exercises (Smith 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 
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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 use and widely accessible, making them 

ideal for clinical and research settings (Merletti, 2004). Their simplicity not only facilitates rapid and 

efficient signal acquisition but also makes them particularly suitable for real-time application in 

ergonomics and sports application. The bipolar setups are less expensive compared to high-density 

systems, which makes them a more practical choice for environments with budget constraints (De 

Luca, 1997). Moreover, they have been found to be effective for assessing superficial muscles with 

straightforward fibre orientations, providing reliable readings (Rainoldi 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 high-density electrode systems in the 

following section. 

2.2.2. High-Density EMG 

High-Density Electromyography represents a significant advancement in the field of 

electromyography, offering a more detailed and comprehensive analysis of muscle function 

compared to traditional methods. In the following, we describe the motivations behind the 

development of HD-EMG, the extra information that can be extracted from this technique, and how 

it represents a step forward with respect to conventional bipolar EMG systems when analysing the 

muscle behaviour and motor functions. 

Towards the end of the 20th century, researchers began to recognise the limitations of traditional 

sEMG methods, particularly the limited spatial resolution of bipolar electrode and the inability to 

analyse complex muscle geometries comprehensively. This led to the development of HD-EMG 

systems, which allow the acquisition of multiple signals from arrays or grids of electrodes with fixed 

interelectrode distances.  Initially, linear arrays were developed to investigate anatomical muscle 

properties (Masuda et al., 1983, 1985a, 1985b), and to estimate muscle fibre conduction velocity 

from the propagation of the action potentials (Masuda & Sadoyama, 1986; Zwarts & Stegeman, 

2003). This was followed by the introduction of electrode grids to capture three-dimensional signals 

(i.e., one temporal and two spatial dimensions), greatly enhancing the understanding of action 

potential generation, propagation, and extinction within the muscle (Merletti et al., 2003). This 

opened a window into the neuromuscular mechanisms at the base of the EMG signals. 
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In fact, technological advancements in HD-EMG have further led to significant innovations in muscle 

activity analysis by developing various decomposition algorithms to isolate and extract the 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 innovative advancement was the development of the blind source 

separation algorithm, which has been used in several scenarios for the decomposition of sEMG 

signals, thus greatly expanding the potential applications of HD-EMG (Avrillon et al., 2023; Holobar 

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

Besides showing individual motor unit contributions, high-density 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 

Innervation Zone (IZ) locations within muscles (C. Zhang et al., 2020). Research studies that used 

multi-channel EMG have provided insights significantly different from those obtained through 

single-channel surface EMG (Gallina, Ritzel, et al., 2013; Mesin et al., 2011), even in small muscles 

such as those in the forearm (Gallina & Botter, 2013). Furthermore, several studies started to extract 

topographical maps from HD-EMG, as shown in Figure 2.2, to investigate and assess spatial muscle 

Figure 2.2 a) Representation of High-Density EMG over the vastus medialis muscle.b) and c) action potentials of two MUs. Shaded 
rectangles in the top and bottom rows indicate the location of the innervation zone (IZ) for both motor units. In the right column, the 
topographical map is calculated from the root mean square (RMS) amplitude of each trace. Taken from (Gazzoni et al., 2017) 
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activity distribution (Gazzoni et al., 2017). By enabling accurate estimations of conduction velocity 

and capturing regional variation within muscles, this multichannel 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., 1990). In fact, the redistribution of 

muscle activation during contractions was found to be the main strategy of the neuromuscular 

system to deal with various physiological challenges. Klein et al. (Kleine et al., 2000) found changes 

in the amplitude distribution of monopolar sEMG towards the cranio-caudal direction depending on 

the level of force and fatigue. Similar results were found by Holtermann et al.(Holtermann et al., 

2005), which related the inhomogeneities in muscle activation to changes 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 volunteers (Farina et al., 2008). Similar results 

were observed analysing fatiguing contractions (i.e., sustained lumbar extension) 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 contraction (Sanderson et al., 2019).  

More specifically, when healthy individuals perform sustained or repetitive tasks, different regions 

within a muscle become progressively more active (Falla & Gallina, 2020; Varrecchia et al., 2021), 

especially with high loads (Martinez-Valdes et al., 2019). The redistribution of muscle activation is 

believed to be physiologically significant as it involves a shift in the region of muscle engagement, 

potentially trying to minimize localized fatigue by evenly distributing the muscular load between 

different muscle regions. By preventing an excessive strain on the muscle fibres recruited at the 

beginning of the task, endurance time can be prolonged (Falla & Gallina, 2020). For instance, when 

studying the lumbar ES, Abboud et al. (Abboud et al., 2020) showed that motor unit territories 

within the muscle are organized into two distinct regions supporting the idea that regional changes 

in activation can occur within the same muscle. This suggests the possibility of recruiting newer, 

less-fatigued motor units within different regions of the same muscle during various functional 

tasks. Conversely, another study (Marineau-Bélanger et al., 2023) showed a lateral shift in the 

lumbar ES near the end of a fatiguing task, suggesting the engagement of adjacent muscles as a 

compensatory strategy to maintain motor performance. Collectively, all these studies demonstrate 

the additional insights provided by HD-EMG in understanding muscle activity redistribution during 

contractions, especially during sustained fatiguing ones. 
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Despite its advantages, HD-EMG systems are complex and expensive compared to conventional 

bipolar EMG setup. They require sophisticated hardware for data acquisition and dedicated 

software for data processing, in addition to the specialized training for effective data interpretation 

of decomposition algorithms (Del Vecchio et al., 2020). Besides, the accurate decomposition of 

sEMG signals in individual motor unit contributions can be challenging, especially in large muscles 

like the gluteus maximus or in muscles with complex architectures like the multifidus or deep 

segments of Erector Spinae (ES), where the overlapping of muscle fibres and the distribution 

distances complicate the detection of individual motor unit action potentials. 

In summary, the development of HD-EMG systems has revolutionized the study of muscle 

behaviours and motor functions. Despite their higher cost and complexity compared to traditional 

bipolar EMG, the extensive and high-quality data provided by HD-EMG offer invaluable insights into 

muscle dynamics. This makes HD-EMG system an essential tool in advanced electromyography 

research. Furthermore, the comprehensive data on muscle state captured by HD-EMG systems have 

opened new pathways in muscle fatigue research, enhancing our understanding of muscle 

strategies in response to fatigue, and potentially allowing the prediction of task failure, as we explain 

in Chapter 6. 

2.3    EMG signal processing 

Raw EMG signals, once acquired, are rich sources of information that, when analysed through signal 

processing techniques, yield invaluable insights into muscle behaviour and motor functions. EMG 

signal processing methods 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 describe the most 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 focus is given to the techniques developed within the frequency domain, which have been 

exhaustively studied and 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 analysis of sEMG 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 domain provide rapid measures of muscle 

activation without requiring complex mathematical transformations. 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 changes of extracted 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 real-time applications. This is particularly beneficial in areas 

where quick and efficient signal processing is fundamental, such as 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 decision-making systems, based on sEMG, are employed. 

Typically, five main features are calculated from the time domain to analyse the sEMG signals 

(Hudgins et al., 1993). One of the main indicators that 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 the sEMG signal, providing an overall estimate of muscle activation level. It is defined as:  

ὓὃὠ  
ρ

ὔ
ȿὼȿ ×ÉÔÈ Ó  ρȟςȟȣȟ3 2.3) 

where ὲ is the n-th sample of the discrete time signal xn, and N is total number of samples in the 

considered epoch segment ί.  

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

the power of a signal. It can be calculated as:  

ὙὓὛ  
ρ

ὔ
ὼ  ×ÉÔÈ Ó  ρȟςȟȣȟ3 2.4) 
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where ὼȟὲȟὔ and ί are defined as above. Generally, research studies report the Envelope, or RMS 

envelope, which could be seen as a smoothed representation of the RMS values over time. The 

envelope can be calculated by low pass filtering the rectified values of the EMG (i.e. with cut-off 

frequency in the range 3-10 Hz), or by computing the RMS on small overlapping segment throughout 

the entire duration of the EMG signal and smoothing them with a 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 dynamic or prolonged activities.  

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

as the difference between sums in adjacent segments, ί and ί ρ, and it can be computed as: 

Ўὓὃὠ  ὓὃὠ  ὓὃὠ 2.5) 

Another metric extracted in the time domain is 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 properties similar to those provided by the mean and median frequencies. However, 

due to its high dependence on the Signal-to-Noise Ratio (SNR) of the analysed EMG data, its use has 

been abandoned (Hägg, 1991). 

The Waveform Length (WaveL) is a further descriptor that provides information on the waveform 

complexity within each considered time segment. This indicator is calculated as the cumulative 

length of the waveform, and it is sensitive to both frequency and amplitude of the signal. It is defined 

as: 

ὡὥὺὩὒ  ȿὼ ὼȿ ×ÉÔÈ Ó  ρȟςȟȣȟ3 2.6) 

where ὲ is the n-th sample of the discrete time signal xn, and N is total number of samples in the 

considered epoch segment ίȢ 

All these metrics offer a comprehensive overview of muscle activity over time. In fact, research 

studies demonstrated that the amplitude of the EMG signals was strictly related to the measured 

force or torque (Perry et al., 1981). More precisely, a linear relationship between EMG and force 

was found at low-level isometric contractions, where an increase in the muscle force is directly 

connected to the increase in the EMG amplitude, thanks to the greater motor unit recruitment and 

firing rate (Moritani & Muro, 1987). However, during high-level or dynamic contractions, this 
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relationship becomes more complex and non-linear (De Luca, 1997). Additionally, it has been 

showed that the relationship between EMG and force is influenced by the type of muscle fibres, 

becoming non-linear when fibres of mixed types were recruited (Woods & Bigland-Ritchie, 1983).  

Another important aspect affecting the EMG-force relationship is the inter-individual variability, 

which is influenced by factors like muscle conditioning, neuromuscular efficiency and even 

anatomical differences (Farina, 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 muscle health 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 is 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 analysis, also known as Joint Analysis of EMG Spectrum and Amplitude (JASA) (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 methods, the processing of data requires some approximations to simplify 

the analysis, and consequently some patterns of the signals might remain obscured. Moreover, due 

to the complexity and non-stationarity nature of some sEMG signals, analyses in the time-domain 

only are often insufficient. With the introduction of the Fast Fourier Transform (FFT) (Cooley & 

Tukey, 1965) and its discrete version, the Discrete Fourier Transform (DFT), it was possible to map 

these signals from the time domain to the spectral domain. This advancement empowered 

engineers and researchers to extract additional information underlying the signals, offering a view 

into the frequency components of these signals. This 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. Moreover, the frequency-dependent behaviours of sEMG 

signals have been largely exploited 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 infinite in duration. However, real-world 

signals are typically finite and not available for long durations, therefore we can only obtain spectral 
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estimates instead of true spectral values. Additionally, sEMG signals are always contaminated by 

noise, and might show non-stationarities, further compromising the accuracy of the spectral 

estimation (Farina & Merletti, 2000; Hof, 1991; Karlsson et al., 2000). As a result, the estimated 

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 summarized in (Kay & Marple, 1981). These techniques can be categorized 

into two groups: 1) non-parametric methods that estimate the PSD directly or indirectly from the 

data, and 2) parametric methods that focus on estimating parameters to create a model, which can 

then be used to compute the PSD. During the entire thesis, when referring to the parametric 

ŜǎǘƛƳŀǘƛƻƴ ǘŜŎƘƴƛǉǳŜΣ ǘƘŜ ǘŜǊƳ άt{5 ŜǎǘƛƳŀǘƛƻƴέ ǿƛƭƭ ƛƴŘƛŎŀǘŜ ǘƘŜ ŜǎǘƛƳŀǘƛƻƴ ƻŦ ǘƘŜ ǇŀǊŀƳŜǘŜǊǎ ƻŦ 

the model, from which the PSD was computed. Detailed mathematical formulation of parametric 

and non-parametric methods is provided in Appendix A. Once the PSD is obtained from sEMG signals 

through one of these spectral estimation techniques, two main metrics are generally extracted to 

characterize the muscle state: the Mean Frequency and the Median Frequency. 

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

ὓὔὊ  
В ὖὪ

В ὖ
 

 2.7) 

where ὖ is the j-th line of the Power spectrum, Ὢ is the j-th frequency and ὒ 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 power (Phinyomark et al., 2012): 

ὖ  ὖ
ρ

ς
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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 the case of EMG signals.
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3. Muscle Fatigue 
 
In this chapter, the concept of muscle fatigue is described, explaining the importance of 

understanding its multiple causes. Two models, which have been developed to characterize the 

muscle fatigue process, are explained: the cardiovascular and the neuromuscular models. Emphasis 

was placed on the neuromuscular fatigue model, which has been defined and validated through 

extensive use of surface electromyography, analysing the myoelectric response of muscles to 

prolonged contractions. Then, I describe the different methods that have been proposed to detect 

muscle fatigue highlighting the importance of sEMG. Finally, to conclude the chapter, I will describe 

several sEMG indicators that have been proposed to investigate myoelectrical manifestations of 

fatigue. 

3.1 Definitions and Principles 

Muscle fatigue is a complex phenomenon that might be experienced in all daily activities involving 

muscle contractions and movements. In literature, there exist many definitions of muscle fatigue 

varying according to the specific discipline. For instance, in physiology, fatigue is described as a 

failure of physiological systems (H.J. Green, 1997), while from an engineering point of view, it might 

be defined as a progressive neuromuscular phenomenon developing over time to protect the body 

against injuries (Merletti & Farina, 2016). In general, the most frequently accepted definition is the 

one from a biomechanical perspective where fatigue is described as a transient decrease in the 

capacity of generating muscle force, resulting in a reduced ability to sustain physical activities (Enoka 

& Duchateau, 2008). 

Muscle fatigue begins with the onset of any muscle contraction, and it is associated with both 

mechanical and myoelectric phenomena. Broadly, it encompasses all physiological changes in a 

muscle that progressively lead up to the inability to exert force. Based 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 components (Amann, 2011), although the single contributions are task 

dependent (Abd-Elfattah et al., 2015; Enoka & Stuart, 1992). It was observed that both components 

are present when the effort is maximal (Merletti & Roy, 1996), while during sub-maximal effort the 

peripheral fatigue component is predominant (Nagata et al., 1990). Because of several physiological 

processes simultaneously acting on different levels, the assessment of muscle fatigue has been very 
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challenging. Extensive research has been carried out to investigate the complex relationship 

between muscle fatigue and a variety of physiological factors. These studies include examining 

changes in muscle blood flow (Sjøgaard et al., 1988), the rapid onset of fatigue associated with low-

back pain (Roy et al., 1990), the side specificity of fatigue due to neck pain (Falla et al., 2004). Further 

investigations focused on gender-related differences in muscle properties fatigability (Clark et al., 

2005), age-related variations (Allman & Rice, 2002), and the effects of different type 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 proposed, covering 

different aspects, and offering diverse perspectives on fatigue. Among the linear models, five have 

been indicated to explain the development and progression over time of muscle fatigue: a) the 

cardiovascular/anaerobic model, which emphasizes the role of the cardiovascular system in oxygen 

delivery and metabolic waste removal; b) the energy supply/energy depletion model, focusing on 

the balance between energy availability and outflow; c) the neuromuscular model, addressing the 

muscle recruitment and produced muscle power; d) the biomechanical model, which examines the 

mechanical aspects of muscle action and fatigue; and e) the psychological/motivational model, 

considering the mental and motivational factors influencing fatigue. 

3.2 Neuromuscular fatigue model 

Understanding the fundamental mechanisms of muscle fatigue is essential for developing effective 

training, injury prevention strategies, and rehabilitation programs. The complexity of muscle 

fatigue, however, was modelled in different ways. For example, the cardiovascular model states that 

muscle fatigue is encountered when the supply of oxygenated blood is insufficient to meet the 

demands of actively working muscles (Noakes, 1998), and the system cannot efficiently remove 

metabolic waste byproducts like carbon dioxide and lactic acid (Noakes, 2000). However, in this PhD 

thesis I focused on the study of the neuromuscular model, trying to investigate and explore the early 

myoelectrical manifestations of fatigue using surface EMG.  

The neuromuscular fatigue model has been defined as άŀƴȅ ŜȄŜǊŎƛǎŜ ƛƴŘǳŎŜŘ ǊŜŘǳŎǘƛƻƴ ƛƴ ŦƻǊŎŜ ƻǊ 

ǇƻǿŜǊ ǊŜƎŀǊŘƭŜǎǎ ƻŦ ǿƘŜǘƘŜǊ ǘƘŜ ǘŀǎƪ Ŏŀƴ ōŜ ǎǳǎǘŀƛƴŜŘ ƻǊ ƴƻǘέ (Bigland-Ritchie & Woods, 1984). 

This model highlights the dynamic nature of the neuromuscular system that activates as soon as a 

muscle activity begins. In fact, from the onset of any muscle contraction activity, initial 

neurophysiological states begin to change (i.e., energy reserves, ion concentrations, and the 
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arrangement of contractile proteins). These alterations are early signs of muscular fatigue that 

evolve over time until ǊŜŀŎƘƛƴƎ ǘƘŜ άbreak pointέ, the moment in which it is impossible to continue 

producing the required force or to sustain the current activity (Boyas & Guével, 2011).  

Investigating the factors leading to muscle fatigue during contraction reveals a complex interaction 

of various elements, as shown in Figure 3.1. These factors include the intensity of the force 

produced, the type and duration of the contraction, the 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 units (Adam & De Luca, 2005; Fitts, 1994). The ability to sustain 

maximal or submaximal contractions over time is a consequence of both facilitatory and inhibitory 

effects originating from neuromuscular system. Essentially, to compensate for the diminishing force 

generation, the neuromuscular system implements multiple strategies involving neural and 

muscular mechanisms, aiming to postpone the moment when the task can no longer be performed 

Figure 3.1 Schematic representation of the neuromuscular model of fatigue. Muscle fatigue can be described as a combination of 
άcentralέ and άperipheralέ fatigue. Central fatigue represents changes within the Central Nervous System (CNS), while peripheral 
fatigue indicates changes within the muscle itself. Adapted from Abbiss & Laursen, 2005. 
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(Boyas & Guével, 2011). This decrease in force during maximal or submaximal exercises (e.g., 

isometric, isokinetic or dynamic contractions) is attributed to central fatigue and/or peripheral 

fatigue (Gandevia, 2001)Φ /ƭŀǎǎƛŎŀƭƭȅΣ άŎŜƴǘǊŀƭέ ƻǊ άƴŜǳǊŀƭέ ŦŀǘƛƎǳŜ ǊŜǇǊŜǎŜƴǘs changes located prior 

to the neuromuscular junctionΣ ǿƘƛƭŜ άǇŜǊƛǇƘŜǊŀƭέ ƻǊ άƳǳǎŎǳƭŀǊέ ŦŀǘƛƎǳŜ ƛǎ ǊŜǇǊŜǎŜƴǘŜŘ ōȅ ŎƘŀƴƎŜǎ 

that are located after the neuromuscular junction (Place et al., 2010). In the first case, we refer to 

central fatigue when the reduction in muscle strength is caused by changes within the Central 

Nervous System rather than at the muscle itself. This 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 

(Tornero-Aguilera et al., 2022). Another important factor attributed to central fatigue comprises the 

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 to match the 

change in the mechanical state of the muscle during the fatiguing contraction through afferent 

feedbackΦ ¢Ƙƛǎ ƳŜŎƘŀƴƛǎƳ ŘǳǊƛƴƎ ǘƘŜ ŦŀǘƛƎǳƛƴƎ ŎƻƴǘǊŀŎǘƛƻƴ ƛǎ ŎŀƭƭŜŘ άƳǳǎŎƭŜ ǿƛǎŘƻƳέ (Barry & 

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 failure (Noakes, 2000). 

Peripheral fatigue, instead, appears as a decrease in the contractile strength of muscle fibres. This 

involves alterations in action potential propagation, in excitation-contraction coupling and in the 

neuromuscular transmission, which is defined as transformation of the nerve action potential into 

a muscle action potential at the neuromuscular junction. Factors such as neurotransmitter 

depletion, reduced neurotransmitter release, and decreased sensitivity of post-synaptic receptors 

contribute to peripheral fatigue (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 decades, a novel taxonomy was proposed by Kluger et al. (Kluger et al., 2013)  

to understand fatigue, emphasizing its dual aspect: 1) performance fatigability, which refers to the 

observable and measurable decrease in performance over a specific time interval, and 2) perceived 

fatigability, which refers to the alterations in the sensations that affect a person's functional 

integrity. These two aspects are closely linked, interacting and defining the symptoms of fatigue 
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together (Beretta-Piccoli et al., 2021). An adapted taxonomy, which is illustrated in Figure 3.2, was 

proposed by Enoka and Duchateau (Enoka & Duchateau, 2016) suggesting to consider fatigue as a 

single entity without the need for qualifying adjectives like central, mental, muscle, peripheral, 

physical, and supraspinal. Instead, 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.  

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 associated with specific movements, thereby enhancing productivity, and at 

the same time reducing the musculoskeletal disorders that could arise. In rehabilitation, insights 

into fatigue mechanisms could guide the development of targeted exercises and specific 

interventions for patients recovering from injuries or suffering from neuromuscular disorders in a 

tailored way, with a person-centred approach. Additionally, in sports science, an understanding of 

neuromuscular fatigue might help in optimizing training programs, enhancing athletic performance 

with targeted exercise but without overstressing the muscle, and thus preventing injuries due to 

overtraining.  

Figure 3.2 New taxonomy defining fatigue as a self-reported disabling symptom derived from two interdependent attributes: 
perceived fatigability and performance fatigability. The modulating factors are not exhaustive but represent a foundational set that 
might be expanded with future research insights. Taken from Enoka and Duchateau, 2016 
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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 assessment, due to the diversity of fatigue 

mechanisms, which can 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 principles, applications, and limitations. 

Dynamometers are frequently used to measure muscle force and power during controlled, 

isometric, and isokinetic movements. They are an essential tool for confirming the presence of 

muscle fatigue but are often used in conjunction with other physiological measures. However, 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. Consequently, while dynamometers are helpful for assessing overall muscle 

strength and endurance, they may not always accurately reflect the state of fatigue in individual 

muscles.  

To measure the physiological changes associated with muscle fatigue, various techniques such as 

surface Electromyography, Mechanomyography (MMG), Sonomyography (SMG) or Near-Infrared 

Spectroscopy (NIRS) have been developed. These techniques allow the continue monitoring of 

physiological signals that provide information on muscle function and the progression of fatigue 

(Esposito et al., 1998; Guo et al., 2010; Shi et al., 2007; Yoshitake et al., 2001). In clinical studies 

MMG and sEMG are primarily used (Al-Mulla et al., 2011). MMG, considered the mechanical 

counterpart of sEMG (Gordon & Holbourn, 1948), assesses muscle function by detecting mechanical 

vibrations produced during contractions. Its advantages include lower sensitivity to electrical noise 

and electrode placement, with a more straightforward signal analysis (Woodward et al., 2019). Its 

limited application is due to the lack of standardized sensors and protocols. However, MMG was 

shown to produce useful insight complementary to those extracted from the sEMG (Orizio, 1993). 

The NIRS, instead, is a non-invasive method that uses the near infrared part of the electromagnetic 

spectrum to measure the absorption properties of blood haemoglobin (Mancini 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 haemoglobin (Perrey 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 to sEMG in muscle fatigue assessment (Taelman et al., 2011). Most of 

the developed techniques are generally used in combination with the surface electromyography.  

Surface EMG, in fact, by measuring the electrical activity produced by skeletal muscles, offers a 

direct measure of the muscle state and its changes associated with fatigue progression over time. 

This technique can be influenced by several external factors such as skin condition, type of 

electrodes, electrode placement, noise or other type of interference (Merletti & Cerone, 2020). 

However, the ability to extract meaningful parameters with relative simplicity, without the need for 

complex or invasive procedures, highlights the sEMG practical utility in clinical settings, in addition 

to be one of the most used methods in research to investigate muscle fatigue. In this PhD thesis, I 

will focus on the surface EMG as a primary tool for assessing the myoelectrical manifestations of 

fatigue. Next section provides a detailed description of the several indicators that have been 

developed to characterize the fatigue process through the analysis of myoelectrical activity. 

3.4 EMG indicators of muscle fatigue 

The main techniques developed for analysing sEMG signals and extracting parameters to explain 

muscle behaviour have been described. However, 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 contraction before reaching the point of exhaustion, preventing muscle failure 

and consequently muscle injuries (Gazzoni et al., 2017).  

Historically, at the beginning of the 20th century, a research study noticed for the first time some 

ŎƘŀƴƎŜǎ ƛƴ ǘƘŜ 9aDΣ ƻōǎŜǊǾƛƴƎ ŀ άǎƭƻǿƛƴƎέ ƻŦ ǘƘŜ ǎǳǊŦŀŎŜ ƳȅƻŜƭŜŎǘǊƛŎ ǎƛƎƴŀƭǎ ŘǳǊƛƴƎ ǎǘŀǘƛŎ 

contraction (Piper, 1912). Subsequently, a few years later, another study detected an increase in 

the amplitude of EMG during a sustained contraction (Cobb & Forbes, 1923). However, 

technological limitations of that period restrained precise measurements until the technological 

advancements in the late 20th century, when systematic studies started to effectively explore the 

impact of fatigue on EMG parameters. Pioneers like Petrosky (Petrofsky et al., 1982) and De Luca 

(De Luca, 1984) identified as key indicators of fatigue during prolonged contractions two main 

features: the increase of 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 like the envelope 

(Ranaldi et al., 2018) or mean and median frequency (Phinyomark et al., 2012). Particularly, the 

quality of these spectral parameters, which depends on the spectral estimation technique, was 

deeply investigated through the study of bias and variance (Hof, 1991). Numerous researchers have 

studied different estimators comparing the errors produced in the spectral estimates. (Alty & 

Georgakis, 2011; Bonato et al., 2001; de Hoon et al., 1996; Farina & Merletti, 2000; Hof, 1991; 

Karlsson et al., 2000; Merletti & Roy, 1996; Öberg et al., 1994). However, 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 

process from a signal point of view, especially trying to remove the constrain of stationarity (Cifrek 

et al., 2009). Among these methods there are the time-frequency distributions, such as Short-Time 

Fourier Transformation (STFT) and the set of Cohen class distribution (Bonato, 2001; Bonato et al., 

1996, 2001), particularly useful in analysing EMG signals in non-stationary conditions, providing 

insights into both the time and the frequency content of muscle activity during fatiguing contraction. 

Additionally, wavelet transformations were introduced to overcome the trade-off in having good 

resolution in both time and frequency domains (González-Izal et al., 2010). On the other hand, 

Dimitrov et al. (Dimitrov et al., 2006) proposed 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 non-linear methods have been introduced such as entropy 

to evaluate homogeneity of muscle activation in multi-electrodes grid (Farina et al., 2008; Troiano 

et al., 2008), fractal dimension to assess the self-similarity of the EMG signals, or Recurrence 

quantification analysis (RQA) to detect deterministic structures in signals that repeat throughout a 

contraction (González-Izal 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 domains, extracting common sEMG variables such as signal amplitude (RMS envelope) 

and the frequency content (MNF and MDF). However, when extracting these parameters from 

bipolar sEMG, the spatial dimension is generally not considered. Thanks to the development of High-

Density EMG systems, which increase the limited spatial resolution provided by bipolar systems, 

more and more attention has been directed to the spatial visualization of the sEMG 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, these limitations will be addressed. First, I will explore the 

performance of the most used spectral estimators comparing them in the analysis of sEMG signals 

during fatigue. Then, I will investigate 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 comprehensive understanding of the electrical signs of muscle fatigue, improving the way of 

analysing fatigue and offering new techniques for predicting muscle failure, which could potentially 

be employed to assess and prevent muscle injuries.
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4. Optimal spectral estimation during fatigue 
 
In previous chapter we introduced the most common techniques that have been developed to 

efficiently estimate the Power Spectral Density. Each of these techniques, described in detail in 

Appendix A, has its own advantages and limitations that were carefully tested in normal conditions. 

However, as outlined in subchapter 3.4, muscle fatigue alters the frequency content of the sEMG 

signals, affecting the shape of the power spectrum and consequently the results of the spectral 

estimations. The performance of these techniques varies depending on several implementation 

factors such as the length and the shape of the window function used to segment the signal 

(Mañanas et al., 2002; Merletti et al., 1989), the number of segments used for the estimation 

(Mañanas et al., 2002), and the order of the model in the parametric approach (Farina & Merletti, 

2000; Mañanas et al., 2002). Moreover, while various research studies investigated the effect of the 

window length on the spectral estimation (Clancy 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 in sEMG signals that present a PSD 

compressed towards the low frequency area due to muscle fatigue. 

Therefore, in this chapter, I will address the challenges associated with the estimation of the power 

spectrum of sEMG signals during muscle fatigue. I will provide a detailed description of the 

methodological studies I carried on comparing all the existing approaches in different case 

scenarios. I simulated sEMG signals with specific characteristics that are commonly encountered in 

the presence of muscle fatigue, such as the reduction in the frequency content of the signals. 

The results of two studies completed during my PhD are presented, starting with the study 

published on Biomedical Signal Processing and Control (Corvini et al., 2022), and then showing the 

study published on Sensors (Corvini & 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 introduced in sEMG 

signals when evaluating muscle fatigue. 

4.1 First Simulation study 
 
To rigorously evaluate the efficiency of the described spectral estimation techniques, a 

comprehensive simulation study was conducted. This study comprises three different statistical 

analyses to evaluate: i) the performance of the Welch method varying the window function and the 
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SNR; ii) the performance of the Burg method varying the model order and the SNR; iii) the best 

performance among the existing estimation techniques varying the SNR. 

4.1.1. Methods 
 

Signal and noise generation 

A dataset of stationary surface myoelectric signals was synthetically generated for this scope. The 

objective was to create a specific set of signals with various frequency contents. The signals were 

designed to exhibit distinct mean and median frequency values for the purpose of simulating a range 

of physiological conditions from normal muscle activity to muscle fatigue. The sEMG signals were 

synthesized using the model proposed by Stulen and De Luca (Stulen & De Luca, 1981). This model 

employs a zero-mean white Gaussian noise process with unit variance, which is shaped through a 

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

 

ὖ Ὢ
ὯὪὪ

Ὢ Ὢ Ὢ Ὢ
 4.1) 

 

where ὖ Ὢ is the ideal PSD, Ὧ is a scaling factor, Ὢ and Ὢ are the low and high cut-off 

frequencies, respectively, and  Ὢ is 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 work, the implementation settings were Ὧ ρ and Ὢ ρπςτ Ὄᾀ. The 

duration of each signal was set to Ὕ ςυπ άί. This specific brief duration was chosen based on its 

suitability for pseudo real-time applications. In fact, as stated in (Farina & Merletti, 2000), this epoch 

length (Ὕ ςυπ άί) resulted to be the minimum length have a minimal impact on variance and 

bias in spectral estimation. 

A total of four batches, each containing 1000 signals, were generated. In each batch, the cut-off 

frequencies of the sEMG model (Ὢ and Ὢ) were varied to simulate the following physiological states 

of muscle activity: rest, initial fatigue, fatigue, and severe fatigue.  

 

 

 

 



4 Optimal spectral estimation during fatigue 

35 
 

The pairs of cut-off frequencies were chosen based on the example provided in (Farina & Merletti, 

2000), and are as follows: 

1. Ὢ σπȠὪ φπ, producing an ideal ὓὔὊ υωȢφψ Ὄᾀ and an ideal ὓὈὊ τφȢψψ Ὄᾀ 

2. Ὢ τπȠὪ ρππ, producing an ideal ὓὔὊ ωρȢψυ Ὄᾀ and an ideal ὓὈὊ χσȢςχ Ὄᾀ 

3. Ὢ φπȠὪ ρςπ, producing an ideal ὓὔὊ ρρτȢωτ Ὄᾀ and an ideal ὓὈὊ

ωτȢππ Ὄᾀ 

4. Ὢ υπȠὪ ρυπ, producing an ideal ὓὔὊ ρςρȢφρ Ὄᾀ and an ideal ὓὈὊ

ρπσȢφτ Ὄᾀ 

In the statistical analysis, άcut-offέ will be used as a four-level factor to indicate the cut-off 

frequencies used in 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 Ὕ ςυπ άί were generated and added to the sEMG signals. This was done to simulate 

typical Signal-to-Noise Ratio conditions of 5, 10, 15, and 20 dB, as outlined in (Rinaldi et al., 2018). 

In the statistical analysis, άSNRέ will be employed as a four-level factor to indicate the quality and 

clarity of the signals in varying noise conditions. By applying the 1000 realizations (four times) at 

each of the four batches of generated signals, the simulation resulted in a total of 16000 synthetic 

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

 

where ὔ  is the total number of samples, ύ  is the white Gaussian noise to be modulated as the 

input of the filter, Ὤ is the shaping filter, and ή is an independent realization of white Gaussian 

noise. The two noise processes ύ  and ή were assumed to be uncorrelated. The shaping filter 

Ὤ was obtained by taking the real part of the inverse Fourier Transform of the amplitude spectrum, 

which is the square root of ὖ Ὢ. 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 in Eq. A.1), considering an overlap of 25% of the length of the segment.  

For the implementation involving the FFT of the autocorrelation function, I used MATLAB's built-in 

function specifying the maxlag input to limit the autocorrelation range. In the subsequent analysis, 

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

Statistical Analysis 

In this paragraph I will describe the three statistical analyses that we performed on the simulated 

signals. All analyses were performed for both, mean and median frequency, by evaluating the Mean 

Absolute Error (MAE) calculated as: 

where ώ is the desired MNF (or MDF) value corresponding to the ideal one, ώ is the MNF (or MDF) 

value calculated starting from the estimated PSD (according to the specific estimation technique) 

and ὅ is the total number of synthetic signals. Descriptive statistics, such as the mean and the 

standard deviation, were computed and reported for both parameters.  

!ƭƭ ǘƘŜ ŀƴŀƭȅǎŜǎ ƘŀǾŜ άcut-offέ ŀƴŘ άSNRέ ŦŀŎǘƻǊ ǇǊŜǾƛƻǳǎƭȅ ŘŜǎŎǊƛōŜŘ ƛƴ ŀŘŘƛǘƛƻƴ ǘƻ ŀ ǘƘƛǊŘ ƻƴŜΦ Lƴ 

ǘƘŜ ŦƛǊǎǘ ŀƴŀƭȅǎƛǎ ǘƘŜ ǘƘƛǊŘ ŦŀŎǘƻǊ ǿŀǎ ǘƘŜ άwindowέ ŦǳƴŎǘƛƻƴ ǳǎŜŘ ƛƴ ǘƘŜ ²ŜƭŎƘ ƳŜǘƘƻŘ ŦƻǊ ǘƘŜ 

ŜǎǘƛƳŀǘƛƻƴ ƻŦ ǘƘŜ t{5Φ  Lƴ ǘƘŜ ǎŜŎƻƴŘ ŀƴŀƭȅǎƛǎΣ ǘƘŜ ǘƘƛǊŘ ŦŀŎǘƻǊ ǿŀǎ ǘƘŜ άorderέ ƻŦ ǘƘŜ !ǳǘƻRegressive 

(AR) model for the estimation of the model coefficients to compute the PSD. In the last analysis, we 

ŎƻƳǇŀǊŜŘ ŘƛŦŦŜǊŜƴǘ ŜǎǘƛƳŀǘƛƻƴ ǘŜŎƘƴƛǉǳŜΣ ƛŘŜƴǘƛŦƛŜŘ ōȅ ǘƘŜ ŦŀŎǘƻǊ άmethodέΣ ǘƘŀǘ ŀǊŜ ǘƘŜ ²ŜƭŎƘ 

method (with the best window function found in the first analysis), the Burg method (with the best 

orders found in the second analysis), and the unbiased estimator calculating the FFT of the 

AutoCorrelation (AC). 

For each analysis, the interactions among the three factors through a three-way ANalysis Of 

VAriance (ANOVA) were explored. Subsequently, to investigate interactions between only two 

factors, one factor was constant while analysing all its levels using a two-way ANOVA (for each level 

of the fixed factor). If the two-way ANOVA yielded significance, another factor was fixed, and one-

way ANOVA was performed to assess the effect of the remaining factor at each level of the second 

 
ὓὃὉ

ρ

ὅ
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fixed factor. If the one-way ANOVA also resulted significant, ¢ǳƪŜȅΩǎ IƻƴŜǎǘƭȅ {ƛƎƴƛŦƛŎŀƴǘ 5ƛŦŦŜǊŜƴŎŜ 

(HSD) post-hoc test was applied to identify the differences between the levels of the individual 

factors under consideration. The sequence of analyses is designed with specific objectives: initially, 

I aimed ǘƻ ƛŘŜƴǘƛŦȅ ǘƘŜ άwindowέ ŦǳƴŎǘƛƻƴ ǘƘŀǘ ƻŦŦŜǊǎ ƻǇǘƛƳŀƭ ǇŜǊŦƻǊƳŀƴŎŜΤ ǎǳōǎŜǉǳŜƴǘƭȅΣ I explored 

ǘƘŜ άorderέ ŦŀŎǘƻǊ ƘŀǾƛƴƎ ǘƘŜ Ƴƻǎǘ ŀŎŎǳǊŀǘŜ ŜǎǘƛƳŀǘƛƻƴ ŀƴŘ ŦƛƴŀƭƭȅΣ I evaluated ǿƘƛŎƘ άmethodέ ƛǎ 

most effective for spectral estimation, as indicated by the minimum error estimate. Statistical 

analyses were carried out using R software R (R Core Team, 2021) and the significance levels were 

set to: *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: 

- άWindowέ, 16 levels (Bartlett, Barthann, Blackman, Blackmanharris, Chebyshev, Flattop, 

Gaussian, Hamming, Hann, Kaiser, Nuttal, Parzen, Rectangular, Taylor, Triangular, Tukey) 

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

- άCut-offέ, 4 levels (30-60, 40-100, 60-120, 50-150)  

2- Analysis of best orders for the AR model, using the following factors: 

-  άOrderέ, 10 levels (from 6th to 15th order) 

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

- άCut-offέ, 4 levels (30-60, 40-100, 60-120, 50-150)       

3- Analysis of the optimal technique used for the PSD computation using the following factors: 

- άMethodέ, 4 levels (Welch, AC, 8th order of Burg, 12th order of Burg) 

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

- άCut-offέ, 4 levels (30-60, 40-100, 60-120, 50-150)  
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A graphic summary depicting the three statistical analyses and the methods obtaining the best 

results are outlined in Figure 4.1.  

4.1.2. Results 

Figure 4.1 depicts a summary of the study subdivided in three phases, which are highlighted by 

coloured dotted-line boxes: generation of signals (orange), sEMG processing (green) using the 

different estimation technique and, finally, statistical analyses (purple).  

Figure 4.1 Graphical flowchart summarizing the generation of EMG signals, the processing with different estimation techniques 
and the three statistical analyses performed. Adapted from (Corvini et al., 2022).   
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First analysis  

In the first analysis, the impact of the different window functions on the PSD estimation via the 

Welch method was tested. The three-way ANOVA revealed no significant interaction effects among 

άSNRέ, άcut-offέ and άwindowέ for both spectral parameters (MNF and MDF).  When άSNRέ was held 

constant (through all the levels), two-way ANOVA were performed, and the results are presented in 

Table 4.1. A significant interaction effect (***p < 0.001) between άcut-offέ and άwindowέ was 

observed for signals with high level of άSNRέ (ὛὔὙ ρυ Ὠὄ). Subsequently, one-way ANOVA tests 

were carried out for each άcut-offέ level, focusing on the άwindowέ factor. These tests showed 

significant effects for both MNF and MDF (*** p < 0.001). 

Table 4.1 Two-way ANOVA test results: F-statistics and p-values for Mean Absolute Error computed on the MNF. Each test was 
performed fixing one άSNRέ level while considering άcut-offέ and άwindowέ function as main factors. The levels of significance were 
set at *p<0.05, **p<0.01 and ***p<0.001. In red the non-significant p-values. 

 

In the context of mean frequency, post-hoc analyses indicated that the Tukey window function 

consistently yielded the lowest error. However, the statistical significance of this difference 

compared to other window functions was dependent on the άSNRέ level. Specifically, for high levels 

of άSNRέ (ὛὔὙ ρυ Ὠὄ), the Tukey window was significantly different (* p < 0.05) from all other 

window functions, except for Taylor, Triangular, Bartlett, and Hamming. As the άSNRέ decreased, 

indicating higher levels of noise, the differences among the window functions became increasingly 

non-significant, until it was not significant among any window functions at άSNRέ equal to 5 dB. 

When analysing higher άcut-offέ frequencies (fl=60; fh=120 and fl=50; fh=150), a similar behaviour 

was observed. The Tukey window function continued to produce the minimum error at άSNRέ levels 

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

other window functions except for Taylor, Kaiser, Rectangular, Triangular, and Bartlett. Like the 

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

MNF F-statistic p-value F-statistic p-value F-statistic p-value F-statistic p-value 

Cut-off 7.1e+03 0***  1.5e+03 0***  36.21 0***  264.05 0***  

Window 11.80 0***  31.05 0***  80.40 0***  112.69 0***  

Cut-off*window  0.49 0.998 0.78 0.856 3.12 0***  2.785 0***  

MDF F-statistic p-value F-statistic p-value F-statistic p-value F-statistic p-value 

Cut-off 534.66 0***  787.86 0***  944.40 0***  999.34 0***  

Window 52.00 0***  79.78 0***  85.04 0***  84.53 0***  

Cut-off*window  0.21 1 1.002 0.46 1.411 0.03* 1.55 0.01* 
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previous observation, the difference between the Tukey window and other window functions failed 

to be significant as the noise level increased (άSNRέ level decreased).  

By considering the median frequency, similar results were observed. Post-hoc tests showed that 

Taylor yielded the lowest error under specific conditions: when the cut-off was Ὢ σπȠ Ὢ φπ 

and άὛὔὙέ υ Ὠὄ. However, the difference with the Tukey window function was not statistically 

significant. For all other levels of SNR, the Tukey window consistently produced the minimum error. 

Upon examining all the other cut-off frequencies (Ὢ τπȠὪ ρππȟὪ υπȠὪ ρυπȟὪ

φπȠὪ ρςπ), the Tukey window function continued to generate the minimum error (άὛὔὙέ

υ Ὠὄ). This difference was statistically significant (*** p < 0.001) only when compared to the 

following window functions: Blackman, Blackman Harris, Chebyshev, Flattop, Nuttal and Parzen. 

Given its consistent performance in producing the minimum error, the Tukey window function was 

selected for subsequent method comparisons. 

 Second Analysis 

In the second analysis the effects of several AR model orders on the PSD estimation were tested. At 

the beginning, I conducted a visual inspection of the PSDs calculated from the models implemented 

with 30 different orders, as illustrated in Figure 4.1. When the ideal power of the spectrum was 

concentrated at lower frequencies (Ὢ σπȠὪ φπ, corresponding to -$& τφȢψψ (Ú), 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 began to fit  the PSD shape well from the 12th to the 20th 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 (-$& ωτ (Ú), fewer parameters were sufficient to accurately approximate the 

PSD shape, specifically ranging from the 6th to 12th order, as depicted in the right panel of Figure 4.2. 

Beyond this range of orders, the model began to introduce noise. I observed that the AR model 

required a minimum of six parameters to approximate adequately the shape of the PSD. In addition, 

I 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 range (70 - 150 Hz). These observations were 

further corroborated by the errors in the computation of both mean frequency and median 

frequency. Therefore, to streamline the statistical analysis, ten orders ranging from the 6th to the 

15th were analysed.   
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The three-way ANOVA revealed no significant interaction effects among άSNRέ, άcut-offέ and 

άorderέ for the MNF. Subsequent two-way ANOVA tests also revealed no significant interaction 

effects between model άorderέ and άSNRέ, as well as between model άorderέ and άcut-offέ 

frequency. Consequently, a one-way ANOVA was conducted on the model άorderέ averaging across 

all the levels of άSNRέ and yielded a significant result (*** p < 0.001). Post-hoc analysis revealed 

significant differences between the 6th and 9th or higher orders, the 7th and 12th or higher orders, 

and the 8th and 15th or higher orders (** p < 0.01). Overall, higher SNR levels were associated with 

reduced errors in the computation of MNF. The 6th order consistently produced the minimum error 

across all examined conditions cases, including varying levels of άSNRέ and άcut-offέ frequencies.  

Different findings were observed in the analysis of median frequency, as illustrated in Figure 4.3. 

The three-way ANOVA revealed a statistically significant interaction effect (*** p < 0.001) among 

the three factors: άSNRέ, model άorderέ, and άcut-offέ frequency. When the cut-off frequency was 

fixed at Ὢ σπȠὪ φπ, a two-way ANOVA indicated a significant interaction (*** p < 0.001) 

between άSNR2 and model άorderέ. At lower SNR levels (ὛὔὙ ρπ Ὠὄ), a one-way ANOVA 

performed on the model άorderέ revealed that the 13th order produced the minimum error. As SNR 

increased (ὛὔὙ ρυ Ὠὄ), the optimal number of parameters shifted to 12 and 11, respectively. 

For cut-off frequencies equal to Ὢ τπȠὪ ρππ, the 9th order yielded the minimum error at high 

Figure 4.2 Estimated Power Spectrum Densities (PSDs) from 30 orders of the AR model at SNR = 5 dB. Left panel: PSDs were estimated 
from signals generated by cut off frequencies fl=30; fh=60. Here, the PSD started from half of its maximum at the first orders of the 
model and the ideal bell shape is reached around the 12th order or higher. Introduction of noise, identified by the presence of more 
than one peak, started to be present from the 20th order. Right panel: PSDs were estimated from signals generated with cut-off 
frequencies fl =60; fh =120. Here the ideal bell shape of the PSD is reached starting with the 6th order, while noise can be observed 
from the 12th order or higher. Taken from (Corvini et al., 2022). 
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noise level (ὛὔὙ ρπ Ὠὄ), while the 8th order, which was statistically different from the 11th to 

15th order, was optimal when SNR increased (ὛὔὙ ρυ Ὠὄ).  

For cut-off frequencies equal to Ὢ φπȠὪ ρςπ or Ὢ υπȠὪ ρυπ, no interaction effects 

between άSNRέ and model άorderέ were observed. Subsequent one-way ANOVA tests on the model 

άorderέ were significant (*** p < 0.001). Post-hoc tests indicated that the 7th order produced the 

minimum error, with a statistically significant difference (*** p < 0.001) compared to all other 

orders, except for the 6th (and 8th when Ὢ φπȠὪ ρςπ). Given 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 signals, I empirically selected two different orders (8th and 12th) for comparison 

with other methods. 

Third Analysis 

In the final analysis, focusing on different methods for estimating the Power Spectral Density, I 

compared the Welch method implemented with the Tukey window, the unbiased Autocorrelation 

method and two orders (the 8th and 12th) 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 

Figure 4.3 Mean Absolute Error (MAE) in the computation of Median Frequency across varying conditions. The ideal Power Spectral 
Density was generated using four different άcut-offέ frequencies, and the errors were analysed at four distinct άSNRέ levels. The 
duration of simulated signals was set to T = 250ms. Taken from (Corvini et al., 2022). 
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across all methods. Notably, the autoregressive model, particularly the 8th 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 methods. Three-way ANOVA tests were conducted separately on 

MNF and MDF, and all the results are shown in Table 4.2, reporting the value of the F-statistic and 

the p-value of the interaction effects. 

Table 4.2 Three-way ANOVA test results: F-statistics and p-values for Mean Absolute Error computed for MNF and MDF considering 
άSNRέ, άmethodέ, and άcut-offέ 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 p-values.  

 

Effect on Mean Frequency  

The three-way ANOVA test revealed that there was a significant interaction effect (* p < 0.05) among 

άSNRέ, άcut-offέ, and άmethodsέ on the MNF. When we conduct the two-way ANOVA tests (four 

tests, one for each level of άSNRέ), we found a significant interaction effect (*** p < 0.001) between 

άcut-offέ and άmethodέ only for high level of SNR (ὛὔὙ ρπ Ὠὄ), as exemplified in Table 4.2. 

Subsequent one-way ANOVA tests performed on the methods (four tests, one for each level of άcut-

offέ, were also significant (*** p < 0.001). Post-hoc tests indicated which methods differed 

significantly from each other. For instance, when the cut-off frequency was set to Ὢ σπȠὪ φπ, 

the 8th order of the autoregressive model produced the minimum error. The difference with the 12th 

order was not significant, while it was significant (* p < 0.05) when compared with Welch method 

and AC for SNR below 20 dB. However, at ὛὔὙςπ Ὠὄ, the 8th and 12th orders and the Welch 

method produced similar results (no significant difference). For all the other cut-off frequencies, 

which correspond to values of MNF ranging between 70 and 105 Hz, the 8th order consistently 

generated the minimum error, regardless of the level of άSNRέ. However, this was only significantly 

different when compared to the AC method (*** p < 0.001).  

 

 MNF MDF 

 F-statistic p-value F-statistic p-value 

SNR 90240.96 0 ***  4565.01 0 ***  

Method 553.79 0 ***  310.33 0 ***  

Cut-off 2223.51 0 ***  822.94 0 ***  

SNR*method 4.15 0 ***  6.52 0 ***  

SNR*cut-off 1156.77 0 ***  10.46 0 ***  

Method*cut-off 1.74 0.0732  20.98 0 ***  

SNR*method*cutoff 1.72 0.0109 * 1.66 0.0163* 
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Table 4.3 Two-way ANOVA test results: F-statistics and p-values for Mean Absolute Error computed for MNF. Each test 
was performed fixing one άcut-offέ while considering άSNRέ and άmethodέ 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 p-values. 

 

Interestingly, at low SNR levels (ὛὔὙ ρπ Ὠὄ), the error produced by a single method varied 

depending on the cut-off frequency used for generating the signals. This implies that the same 

estimation method could yield significantly different errors when evaluating different frequency 

distributions of a signal, and consequently different spectral shapes. These results have been found 

for each single method. For instance, in this study, the Burg 8th order showed a large MAE that 

decreased as the MNF increased. This trend is evident in Figure 4.4 (MAE = 48 Hz when MNF = 59.68 

Hz and MAE = 32 Hz when MNF = 114.94 Hz). When the SNR was higher (ὛὔὙ ρυ Ὠὄ) the error 

substantially decreased, while the differences in error produced by the same method across 

different cut-off frequencies, as well as their significance, disappeared. Mean Absolute Errors 

computed by different cut-off frequencies and for each level of άSNRέ, are shown in Figure 4.4. 

 Effect on Median Frequency 

The three-way ANOVA test revealed a significant interaction effect among άSNRέ, άcut-offέ 

frequencies, and estimation άmethodsέ. Further two-way ANOVA tests (four tests, one for each fixed 

level of άSNRέ) also showed a significant interaction effect (* p < 0.001) between άcut-offέ and 

άmethodέ, as detailed in table 4.4. 

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

 F-statistic p-value F-statistic p-value F-statistic p-value F-statistic p-value 

Cut-off 3221.53 0***  585.24 0***  5.77 0***  37.43 0***  

Method 62.22 0***  158.44 0***  241.47 0***  196.05 0***  

Cut-off*method 0.92 0.49 0.28 0.98 3.29 0***  5.02 0***  
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Table 4.4 Two-way ANOVA test results: F-statistics and p-values for Mean Absolute Error computed for MDF. Each test 
was performed fixing one άcut-offέ while considering άSNRέ and άmethodέ 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 p-values. 

 

For the Median frequency estimation, the 12th order of the AR model outperformed all the other 

methods (* p < 0.001) when the power of the spectrum was located at low frequencies (-$&

τφȢψψ Ὄᾀ) and the SNR was equal or lower than 15 dB. At 3.2ςπ Ä", the 12th model order again 

yielded the minimum error significantly different compared to the other methods (*** p < 0.001) 

but not with respect to the 8th order. When cut-off frequencies used were Ὢ τπȠὪ ρππ, the 

8th order generated the minimum error at each level of SNR with statistically significant difference 

with respect to all other methods (*** p < 0.001). However, for high level of noise (3.2ρπ Ä"), 

the difference between the 8th and the 12th order was not significant anymore. When the cut-off 

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

 F-statistic p-value F-statistic p-value F-statistic p-value F-statistic p-value 

Cut-off 194.73 0***  191.37 0***  242.69 0***  265.10 0***  

Method 80.64 0***  98.73 0***  79.14 0***  68.85 0***  

Cut-off*method 8.14 0***  6.47 0***  4.43 0***  4.03 0***  

Figure 4.4 Mean Absolute Error (MAE) in the computation of Mean Frequency (MNF) Estimation across various conditions. The 
duration of the signal was set to T = 250ms. The 8th order of AR model produced the minimum error in the MNF estimation (SNR < 
20dB) with statistically significant differences compared to other methods (*p < 0.05), except for the 12th ƻǊŘŜǊ ƛƴ .ǳǊƎΩǎ ƳŜǘƘƻŘΦ !ǎ 
SNR increased, the overall error for each method decreased significantly, reducing from 31 - 50 Hz at SNR = 5 dB to 4 - 8 Hz at SNR = 
20 dB. Taken from (Corvini et al., 2022). 
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frequencies were equal to Ὢ φπȠὪ ρςπ, the 8th order of Burg outperformed all the other 

methods (*** p < 0.001) even if the level of significance decreases at higher SNR (* p < 0.05). When 

considering high cut-off frequencies (Ὢ υπȠὪ ρυπ), the 8th 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 signals (3.2υ Ä" and 3.2ρπ Ä", respectively). As soon as the 

SNR was increased (3.2ρυ Ä" ÁÎÄ 3.2ςπ Ä"), the difference between the 8th order and 

Welch, and between the 8th and the 12th 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 levels (5-

20dB) and for each method individually. All the corresponding errors are presented in Figure 4.5. 

4.1.3. Discussion  

From the first analysis, by comparing various window functions in the implementation of the Welch 

method, I noticed that the choice of the window function has a minor impact on the resulting PSD 

Figure 4.5 Mean Absolute Error (MAE) for the computation of Median Frequency (MDF). The duration of the signal was set to T = 250 
ms. The AR model consistently produced the minimum error in the MDF computation (* p < 0.05). For cut-off frequencies equal to 
fl=30; fh=60, the 12th order produced the minimum error, while the 8th order outperformed tall other methods in the other analysed 
cases. As the SNR increased, the overall error significantly decreased for each method, reducing from 13 ς 20 Hz (SNR = 5 dB) to 5 ς 
10 Hz (SNR = 20 dB). Taken from (Corvini et al., 2022). 



4 Optimal spectral estimation during fatigue 

47 
 

estimation. In fact, several windows produced similar results with negligible differences. In general, 

when the SNR is poor (3.2ρπ Ä"), 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 (3.2ρυ Ä"), certain window functions like Tukey, Taylor, Bartlett 

produced significant lower errors thanks to the variance reduction on the spectral estimation given 

by the shape of the window. Based on this, I chose to adopt the Tukey window function in the 

method comparison performance analysis.  

From the second analysis, by comparing various orders of the autoregressive model, I observed 

distinct behaviours for the mean frequency and median frequency calculations depending on the 

frequency location of the power content of the signals. For the mean frequency computation, I 

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 the 7th order. This negative effect is 

probably caused by an overfitting 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 MDF, the order of AR 

model can be reduced in the range 6-8 instead of using the 10th order suggested in (Farina & 

Merletti, 2000). This could help reducing both estimation variance and the computation time. 

For the median frequency 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 of median frequency lied in a low frequency range (45-50 Hz), a 

higher model order (around the 12th - 13th) was necessary in presence of elevated noise (3.2

ρπ Ä"). 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 (0-50 Hz). However, as we will discuss 

in the following section (4.2), which describe the second simulation study I performed, even a lower 

number of parameters (i.e., the 3rd model order), can yield good estimates of median frequency 

although it may not provide an accurate approximation of the PSD shape when its frequency 

distribution is highly compressed towards lower frequencies. When the ideal value of median 

frequency is expected to be found at higher frequencies (range 70 - 100 Hz), as in the studies 

performed by Merletti, by Bonato, and by Farina (Bonato 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. Therefore, the 
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minimum order of the AR model required for a high-quality PSD estimate varies based on both the 

ƭŜǾŜƭ ƻŦ ƴƻƛǎŜ ŀƴŘ ǘƘŜ ŦǊŜǉǳŜƴŎȅ ŘƛǎǘǊƛōǳǘƛƻƴ ƻŦ ǘƘŜ ǎƛƎƴŀƭΩǎ ǇƻǿŜǊ ǎǇŜŎǘǊǳƳΦ  

Finally, in our comprehensive comparison of all methods, I observed that both Burg and Welch 

methods consistently outperformed the Autocorrelation method. As such, we do not recommend 

using the latter. In presence of noise (3.2ρπ Ä"), the Burg method generally performed better 

than the Welch method, although the optimal order depends on both the frequency distribution of 

the power spectrum and the noise level. As a general guideline, I suggest using an AR model using 

the 6th, 7th or 8th order, unless specific conditions are expected to be encountered, like muscle 

fatigue that produce a decrease in the spectral variables. If a shift in the PSD towards lower 

frequencies is  expected, I confirm the result of the study of Farina (Farina & Merletti, 2000) in 

recommending an AR model order of 10, or even 12 when the SNR is particularly low. In general, if 

a high level of SNR can be ensured 3.2ςπ Ä") and non-fatiguing 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 estimation of mean and median 

frequency.  

4.2 Second simulation study 
 
The results of the first simulation study revealed that the physiological state of the muscle, along 

with the signal-to-noise ratio, significantly influences the accuracy of the spectral estimation 

technique. I noticed that a pronounced PSD compression towards the low frequency area (0-50 Hz), 

caused by severe muscle 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, identified as optimal estimators in the previous study (Corvini et al., 2022), when 

in presence of severe muscle fatigue. In this study we specifically addressed the problem of spectral 

estimation during fatigue by evaluating the impact of the time window length and noise levels on 

the spectral estimation accuracy. 

4.2.1. Methods 

Signal and noise generation 

In this second simulation, two different estimation methods: Welch and Burg were compared. For 

the Burg method, I implemented various orders ranging from the 3rd to the 30th. For the signal 
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generation we used the same model of the previous study (Stulen & De Luca, 1981), as denoted by 

equation 4.1, setting Ὧ ρ and Ὢ ρπςτ Ὄᾀ. For the cut-off frequencies, I selected Ὢ ςπ; Ὢ

τπ, which produced a PSD highly compressed in the low-frequency area (0-50 Hz). For this PSD the 

MNF and MDF values equal to 39.84 Hz and 30.95 Hz, respectively. This specific pair of cut-off 

frequencies was chosen to be as low as possible to generate myoelectric signals that simulate severe 

muscle fatigue, consistent with the lowest values reported in the literature (Cao et al., 2017) and 

(Puce et al., 2021). The duration of the signal was one of the factors of influence I aimed to 

investigate. Therefore, I generated eight batches, each containing 1000 signals. In each batch, the 

time window length was varied as in (Farina & Merletti, 2000): a) Ὕ ςυπ άί, b) Ὕ υππ άί, c) 

Ὕ χυπ άί, d) Ὕ ρπππ άί, e) Ὕ ρςυπ άί, f) Ὕ ρυππ άί, g) Ὕ ρχυπ άί, h) Ὕ

ςπππ άί. It is important to remember that the number of spectral lines (L) composing the Power 

spectrum (in the range π  ) depends on the total duration of the analysed signal. 

In the statistical analysis, άdurationέ will be used as an eight-level factor to indicate the time window 

length used for the PSD estimation. As before, to further enhance the realism of the simulation, an 

additional 1000 realizations of white Gaussian noise, with the same time duration of the examined 

signals, were generated and added to the synthetic sEMG signals. This operation was performed to 

simulate typical SNR conditions. As before, four different SNR (5, 10, 15, and 20 dB) were analysed. 

In the statistical analysis, άSNRέ will be used as a four-level factor to indicate the amount of noise 

affecting the signals. The simulation dataset resulted in a total of 32000 synthetic sEMG signals 

(8000 signals for each level of SNR analysed). Finally, the term άmethodέ will be employed to identify 

the technique used for the spectral estimation. 

Processing 

For the implementation of the autoregressive model, we use several order of the Burg method that 

is more reliable than the Yule-Walker one (de Hoon et al., 1996). In 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 several combinations of window length and overlap that is provided in Appendix C. 

Statistical Analysis 

Like the previous study, I evaluated the Mean Absolute Error, for both mean and median frequency, 

using the formula in equation 3.6 and 3.7. For the statistical analysis, I considered the three 

following factors: 
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- άDurationέ, 8 levels (250ms, 500ms, 750ms, 1000ms, 1250ms, 1500ms, 1750ms, 

2000ms) 

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

- άMethodέ, 6 levels (Welch, 3rd, 4th, 7th, 10th, 15th and 30th orders of Burg)  

Descriptive statistics (mean and standard deviation) were computed for both parameters. First, the 

interaction effects among the three factors were investigated by performing a three-way ANOVA. 

When we found a significant interaction effect among the three factors, we fixed the άSNRέ factor 

and conducted a two-way ANOVA for each level of άSNRέ. If this revealed a significant interaction 

between the remaining factors, that is άdurationέ and άmethodέ, we then fixed the άdurationέ levels 

and carried out a one-way ANOVA on the άmethodέ for each level of άdurationέ. Conversely, if 

neither the three-way nor the two-way ANOVA showed significance, I directly proceeded to examine 

the main effect of the άmethodέ factor alone using a one-way ANOVA. Whenever I observed a 

significant main effect of the άmethodέ, I ŀǇǇƭƛŜŘ ¢ǳƪŜȅΩǎ HSD post-hoc test to further investigate 

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. Results 

First, the spectral shapes coming from the analysed estimation methods were visualized and 

compared to the ideal PSD shape. Figure 4.6 presents the ideal Power Spectral Density along with 

those estimated by the Welch and Burg methods. Specifically, Figure 4.6-a and Figure 4.6-b illustrate 

the PSDs estimated from signals with a duration of 250 ms and 2000 ms, respectively, in high noise 

conditions (SNR equal to 5 dB). Conversely, Figure 4.6-c and Figure 4.6-d display the PSDs from 

signals of the same durations (250 ms and 2000 ms, respectively) but in low noise condition (SNR 

equal to 20 dB). The visual inspection did not include a quantitative assessment of the differences 

between the ideal and estimated PSD shapes because the focus was on the values of the spectral 

parameters for fatigue detection. 

Results of three-way ANOVA computed on both MNF and MDF are summarized in Table 4.5. No 

significant three-way interaction effect among άmethodέ, άdurationέ, and άSNRέ was found when 

studying MNF. However, a statistically significant three-way interaction effect (* p < 0.05) was found 

when analysing the MDF. 
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Table 4.5 Three-way ANOVA tests performed on MNF and MDF. The three factors used were άmethodέ (Welch and 
orders of Burg), άdurationέ (T varying from 250 to 2000 ms), and άSNRέ (from 5 to 20 dB). The significance levels were 
set at: *p < 0.05, ** p < 0.01, ***p < 0.001. Mean square, F-statistic, and p-value are provided. All values smaller than 2 
x 10-16 were indicated as 0, with significance indicated by ***p < 0.001. In red the non-significant p-values. 

 

 Mean Frequency Median Frequency 

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

Method  2.22 x 104 2.95 x 103 0***  1.52 x 104 2.11 x 103 0***  

Duration 5.67 x 103 754.21 0***  1.79 x 104 2.48 x 103 0***  

SNR 2.74 x 107 3.65 x 106 0***  3.39 x 105 4.68 x 104 0***  

Method*duration 10.05 1.33 0.07 89.06 12.30 0***  

Method*SNR 1.93 x 103 257.06 0***  9.02 x 103 1.24 x 103 0***  

Duration*SNR 293.79 39.02 0***  277.71 38.36 0***  

Method*duration* SNR 1.74 0.23 1 21.57 2.98 0***  

Error  7.52   7.23   

Figure 4.6 Ideal Power Spectral Density and PSDs estimated by the Welch method and by six different orders of the Burg method. 
Panels a) and b) show the PSDs estimated from signals with duration equal to 250 and 2000 ms, respectively, in high noise condition 
(SNR = 5 dB). Panels c) and d) display the PSD estimated with duration equal to 250 and 2000 ms, respectively, in low noise condition 
(SNR = 20 dB). Taken from (Corvini et al., 2022). 
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Effect on Mean Frequency 

For the mean frequency estimation, no significant three-way interaction effect among άmethodέ, 

άdurationέ, and άSNRέ was found. However, statistically significant two-way interactions were 

observed between άmethodέ and άSNRέ, and άdurationέ and άSNRέ. The άSNRέ substantially 

affected the MNF estimate, producing errors ranging from approximately 50 Hz (SNR equal to 5 dB) 

to about 3 Hz (SNR equal to 20 dB), regardless of the estimation method used. The άdurationέ, 

instead, influenced the precision of the estimate, with longer durations leading to a variance 

reduction in the error computation. Given our interest in identifying the most robust estimation 

method, we conducted one-way ANOVA on the άmethodέ factor at each level of άSNRέ and of 

άdurationέ. All tests yielded significant results (*** p < 0.001), so further post-hoc tests were 

performed on the άmethodέ factor. As depicted in Figure 4.7, the 3rd order of the Burg method 

outperformed the Welch method and all other orders of Burg in performance (** p < 0.01), with 

one exception: when the SNR was equal to 20 dB, the mean absolute error between the 3rd order 

and all other orders was not significantly different (p=0.99).   

The data representation displayed in Figure 4.8 is like that in Figure 4.7, illustrating the results for 

signals with a duration of Ὕ ςπππ άί. A comparison between Figure 4.7 and Figure 4.8 shows 

that increasing the signal duration reduces the error variance, thereby enhancing the precision of 

each estimation method. Consistent with previous results, the 3rd order 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 3rd and 4th orders was not statistically 

significant (p = 0.99).  
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Overall, the Burg method outperformed the Welch method at low level of noise (SNR levels of 5 and 

10 dB). As soon as the SNR increased, the difference in the performance between the methods 

narrowed, and although still significant, the error difference between the best Burg order and the 

Welch method was less than 1 Hz at SNR equal to 20dB, for both short and long signal durations 

(Ὕ ςυπ άί and Ὕ ςπππ άί, respectively). These outcomes are visually summarized in Figure 

4.7 and Figure 4.8, where the mean absolute errors in the MNF calculation with six Burg orders and 

the Welch method are presented. Each subplot within these figures corresponds to a specific level 

of άSNRέ factor that has been considered for the statistical analysis. 

Figure 4.7 Mean frequency values computed from the PSD estimated by the Welch method and various orders of the Burg method. 
The analysis was performed on brief signals with duration Ὕ ςυπ άί. Each subplot represents a specific level of Signal-to-Noise 
Ratio (SNR). Post-hoc tests were performed: the significance level was set at p < 0.05. Taken from (Corvini et al., 2022). 
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Effect on Median Frequency  

The three-way ANOVA computed on the MDF revealed a significant interaction effect among 

άmethodέ, άdurationέ, and άSNRέ (*** p < 0.001), as detailed in Table 4.5. Consequently, we fixed, 

one at a time, each level of άSNRέ and conducted a two-way ANOVA to explore the interaction effect 

between άmethodέ and άdurationέ. These results, outlined in Table 4.7, consistently showed a 

significant interaction (*** p < 0.001) between άmethodέ and άdurationέ. Subsequent one-way 

ANOVA tests on the άmethodέ factor (fixing one at time the level of άdurationέ) were all significant 

across άSNRέ levels (*** p < 0.001). Therefore, post-hoc test comparisons were performed to 

identify the most accurate estimation method.  

Figure 4.9 displays the άmethodέ comparison for signals with high level of noise (ὛὔὙ υ Ὠὄ), 

where the lowest order of the Burg method outperformed the Welch method and all the other 

orders of Burg in accuracy (* p < 0.05) across all signal durations. For brief signals (Ὕ  ςυπ άί), 

the error produced by the Welch method was comparable to the one produced by the 7th and 10th 

orders of the Burg method (* p > 0.05). When the duration of the signals increased, its accuracy 

improved, yielding results like the higher orders of the Burg method (15th and 30th). Quantitatively, 

the mean error difference between the 3rd and 4th orders of Burg was about 2-3 Hz, while between 

Figure 4.8 Mean frequency values computed from the PSDestimated by the Welch method and various orders of the Burg method. 
The analysis was performed on brief signals with duration T=2000 ms. Each subplot represents a specific level of Signal-to-Noise Ratio 
(SNR). Post-hoc tests were performed: the significance level was set at p < 0.05. Taken from (Corvini et al., 2022. 
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the 3rd order and Welch or higher orders was around 4-5 Hz. In general, the error generated by the 

best method (3rd order) showed a reduction from approximately 5 Hz for very brief signals to about 

2.5 Hz for longer durations. A decrease of 2.5 Hz when increasing the time duration was found for 

each technique, suggesting that extended signal lengths, having a better frequency resolution, 

provide better results.  

Table 4.5 Two-way ANOVA test results: F-statistics and p-values for Mean Absolute Error computed for MDF. Each test 
was performed fixing the level of άSNRέ one at time and considering άdurationέ and άmethodέ 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 p-values. 

In Figure 4.10, which presents results considering signals with low level of noise (ὛὔὙ ςπ Ὠὄ), 

the 15th order of Burg generally produced the minimum error. For brief signals, the error difference 

between the 15th order and other methods was not significant, except against the 30th order (* p < 

0.05). As signal duration increased (Ὕ  ςυπ άί), the error produced by the 15th order remained 

the minimum and was significantly different (* p < 0.05) from the Welch method and all other 

orders, except for the 3rd and 4th. The mean error difference ranged from 0.7 - 1 Hz for brief signals 

to 0.2 - 0.5 Hz for longer signals (Ὕ  ρπππ άί). In general, the error produced by the best method 

decreased from around 3 Hz for the shortest signals to 1.5 Hz for longer ones. A reduction of 1.5 - 3 

Hz was found across all methods, confirming that longer signal durations enhance the spectral 

parameter estimation thanks to a better frequency resolution. 

 

 

 

 

 

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

 F-statistic p-value F-statistic p-value F-statistic p-value F-statistic p-value 

Method 3.17 x 103 0***  357.65 0***  71.34 0***  60.41 0***  

Duration 186.11 0***  629.21 0***  1.17 x 103 0***  1.35 x 103 0***  

Method*duration 5.48 0***  8.09 0***  3.75 0***  2.35 0***  
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Figure 4.9 Mean absolute error computed on the median frequency parameters. All values are extracted from PSD that have been estimated 
by Welch and Burg methods. The figure is divided into 8 subgroups (separated by vertical lines) representing the levels of the άdurationέ factor 
όŜΦƎΦΣ ¢ Ґ нрл ƳǎΣ ΧΣ ŀƴŘ ¢ Ґ нллл ƳǎύΦ 9ŀŎƘ ǎǳōƎǊƻǳǇ is computed with SNR equal to 5 dB. The mean differences between the 3rd order and all 
other levels of method were statistically significant (p<0.05). Taken from (Corvini et al., 2022). 
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Figure 4.10 Mean absolute error computed on the median frequency parameters. All values are extracted from PSD that were estimated by 
Welch and Burg methods. The figure is divided in 8 subgroups (separated by vertical lines) representing the levels of the άdurationέ factor. 
Each represented subgroup is computed with SNR equal to 20 dB. The 15th order produces the minimum error but the mean differences with 
the error produced by the other orders and Welch were not significant (p<0.05). Taken from (Corvini et al., 2022). 
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4.2.3. Discussion 

Upon examining the spectra generated using the two different estimation techniques, it was 

observed that the spectral shapes were not substantially influenced by variations in the Signal-to-

Noise Ratio, as illustrated in Figure 4.6-a and Figure 4.6-c, or Figure 4.6-b and Figure 4.6-d. However, 

we noticed an exception in the spectral shape computed with lower orders (3rd and 4th) 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 played a 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 of mean and median frequency, as can be seen in Table 4.5.  

When examining the error produced in computing the mean 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 level (ὛὔὙυ and ρπ Ὠὄ), the errors in 

the computation of mean frequency were approximately 50 Hz and 19 Hz, respectively. These 

enormous errors are not acceptable and make the use of mean frequency unreliable in noisy signal 

conditions. 

Conversely, at low level of noise (when SNR was high ὛὔὙρυ Ὠὄ), the errors reduced to around 

υ χ Ὄᾀ and ς σ Ὄᾀ, respectively, which are still within acceptable limits. Results showed that 

the 3rd order of the Burg model consistently outperformed both Welch method and higher orders 

of Burg method. This finding is in contrast with the recommendation of always using a 10th order of 

the autoregressive model given by Farina (Farina & Merletti, 2000), which is likely due to their 

analysis of a spectrum shape with a peak around 70ς80 Hz, a scenario where 3rd order model is 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, when we need to analyse a compressed spectrum, the truncated shape obtained by 

the 3rd order (as shown in Figure 4.6) yields a mean frequency closer to the ideal simulated value. 
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Therefore, in line with the results describe in 4.1, we recommend decreasing the order of the 

autoregressive model to compute the mean frequency when tracking the development of muscle 

fatigue. Nevertheless, it is important to use caution when employing the mean frequency as 

indicator of fatigue because this parameter, due to its high sensitivity to the SNR, might lead to 

erroneous interpretations. 

Regarding the median frequency, instead, the analysis revealed that the obtained values were 

influenced by the interaction effects of the estimation technique, the time duration, and the amount 

of noise in the signals. Figure 4.9 illustrates that, even when the level of noise was very high (ὛὔὙ

υ Ὠὄ), the error in the computation of median frequency was between υ ρπ Ὄᾀ, varying 

according to the estimation technique used. As signal duration increased, the dispersion of the error 

around its mean was significantly reduced. These findings confirm that the median frequency is a 

more robust parameter because it is less sensitive to the noise compared to the mean frequency 

(Stulen & De Luca, 1981). At lower levels of noise (ὛὔὙςπ Ὠὄ), the error decreased to τ Ὄᾀ with 

negligible differences between the errors produced by the different techniques, as depicted in 

Figure 4.10. Additionally, longer signal durations, with consequent improvements in the frequency 

resolution, further reduced the error to approximately ς Ὄᾀ. These results suggest that both Welch 

and Burg methods can achieve high accuracy in the computation of the median frequency, with 

precision of the measures largely dependent on the time duration of the signals. Consequently, this 

study proposes using a lower order (3rd - 4th) of the autoregressive model for estimating the median 

frequency in cases of significant muscle fatigue. Median frequency should be preferred over the 

mean frequency for accurate measurements in very noisy environments. Generally, the normal 

shape of the EMG spectrum can be estimated using higher orders, (i.e., the 10th or the 6th, as 

suggested in (Farina & Merletti, 2000) and ό/ƻǊǾƛƴƛΣ 5Ω!ƴƴŀΣ Ŝǘ ŀƭΦΣ нлннύ, respectively), but the order 

of the Burg methods might be reduced up to the 3rd - 4th order as severe muscle fatigue is reached. 

4.3 Conclusion 

In this chapter the impact of muscle fatigue on the power spectral density derived from the surface 

EMG was explored, revealing important insights into the performance of various spectral estimation 

techniques under diverse fatigue states. Although many works have compared different algorithms 

and their implementation settings  (Bonato et al., 2001; Farina & Merletti, 2000; Hof, 1991; Karlsson 

et al., 2000; Merletti et al., 1989) for the estimation of the EMG power spectrum, none of them 

extensively investigate the impact of muscle fatigue on these methods. First, I 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 muscle. I specifically decided 

to simulate a broad range of spectral distributions, from high-frequency content typical of non-

fatigued muscles (generally in the range ψπ ρςπ Ὄᾀ), to the low-frequency compression indicative 

of muscle fatigue (in the range τπ φπ Ὄᾀ). The findings, in fact, confirmed the recognized 

understanding (Mañanas et al., 2002) that the performance of the spectral estimation techniques is 

largely influenced by factors such as the length and the shape of the window used to segment the 

signal, the number of segments, and the model order in the parametric approaches.  

The comparative analysis revealed the superior performance of the autoregressive model, 

particularly in noisy environments and with short-duration signals. It has been noticed that the error 

generated by the computation of the mean frequency is less sensitive to the shape of the spectrum, 

with lower order of the autoregressive model providing good approximation of the ideal values of 

the mean frequency. On the other hand, the median frequency is more dependent on the shape of 

the spectrum and the level of noise, even if it proved to be more robust than the mean frequency, 

yielding acceptable errors in various conditions. 

Then I decided to examine the most performant algorithms (Welch and Burg methods) in a specific 

case scenario, that is severe muscle fatigue, which causes a harsh compression of the spectrum 

towards lower frequency. In this case scenario, several noise levels and different signal duration 

were tested, trying to understand the impact and the interaction of these factors on the spectral 

parameter estimations during fatigue. The findings of the second study corroborate the hypothesis 

that median frequency is a more reliable indicator of muscle fatigue, showing errors within the ς

ρπ Ὄᾀ range across all cases examined, particularly in noisy signal conditions ό/ƻǊǾƛƴƛΣ 5Ω!ƴƴŀΣ Ŝǘ 

al., 2022; Stulen & De Luca, 1981). Moreover, in noisy conditions the mean frequency generated 

huge errors, and thus should be avoided.  

In general, by increasing the time duration, and thus improving the frequency resolution, the 

estimations become more accurate; the same happens when increasing the SNR. Results revealed 

that although a lower order (the 3rd or 4th) of the autoregressive model cannot shape properly the 

power spectrum, it is 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 effectively However, it is important to recognize the limitations of these 
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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 real-world data during the analysis of muscle contractions up to the "break point", that is the 

point of task failure (Boyas & Guével, 2011). Additionally, since the parameters of real signals are 

not known, the reliance of these conclusion is on synthetic EMG data, and unfortunately direct 

validation of these results with actual EMG data is not feasible. 

The research 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 mean frequency. These 

findings offer practical guidance for selecting appropriate spectral estimation techniques, aiming to 

minimize errors and enhance accuracy when investigating myoelectrical signs of fatigue. 

In conclusion, while my 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 considerations when 

applying these findings in real-world scenarios. This research 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 selection of model order that work with real-world 

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 

In the preceding chapters, the concept of muscle fatigue has been explored, examining the existing 

methods for its assessment and for tracking its progression over time through surface EMG. The 

advantages and limitations of bipolar and High-Density sEMG techniques were discussed, and the 

challenges of spectral estimation were explored, providing guidelines on the implementation 

settings to be set in future research. Building on these foundational EMG principles, this chapter 

moves to a practical application of these concepts within the field of occupational health and 

ergonomics. In this context, rather than focusing solely on direct muscle fatigue assessment as 

previously explained (Luttmann et al., 2000), the study aims to utilize the information extracted 

from bipolar surface EMG to assess the biomechanical risks associated with work-related 

MusculoSkeletal Disorders, employing a recently developed time-varying multi muscle Co-activation 

Index (Ranavolo et al., 2015). This research extends sEMG analysis into a real-world context, bridging 

the gap between theoretical sEMG analysis and its practical implications in occupational health. 

5.1 Biomechanical Risks assessment during different types 
of Human-Robot Collaboration  

 
Scientific research establishes that MSDs are multifactorial in nature (van der Beek & Frings-Dresen, 

1998). Results of previous studies identified physical, psychosocial or organizational, and individual 

occupational ŀǎ άǊƛǎƪ factorsέ ŦƻǊ ǘƘŜ ŘŜǾŜƭƻǇƳŜƴǘ ƻŦ ǿƻǊƪ-related MSDs (David, 2005). Among the 

variety of musculoskeletal disorders, the most common ones are low-back (Gakidou et al., 2017) 

and upper limb musculoskeletal disorders (Huisstede et al., 2006). These MSDs often manifest in 

workplace scenarios where prolonged muscle co-activation under excessive external loads are 

required, or in presence of repetitive tasks involving lifting of mechanical loads (McGill, 1997). 

Additionally, repetitive working tasks can lead to local muscle fatigue and they have been associated 

in MSDs development (Colombini & Occhipinti, 2006; Kim & Nakata, 2014). Such conditions typically 

alter human biomechanics affecting aspects like coordination, motor control precision, muscle 

reaction times, and proprioception (Cifrek et al., 2009; Ranavolo, Chini, et al., 2018). These 

alterations in biomechanics produced by workplace activities can significantly increase the risk of 

injuries and the development of musculoskeletal disorders. Therefore, consistent monitoring of the 

workersΩ exposure to these risk factors is 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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potentially preventing workplace injuries. To effectively address the challenge of biomechanical risk 

classification, various methodologies have been proposed, adaptable to a wide range of professional 

conditions (Li & Buckle, 1999). These 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 self-reporting techniques, involving the 

collection of data on workplace physical and psychosocial exposures through employee diaries, 

interviews, and questionnaires (Winkel & Mathiassen, 1994). Additionally, 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 well-known indexes such as RULA, NIOSH, and OCRA (Takala et al., 2010). Despite 

their widespread use, these traditional approaches have weaknesses and limitations, mainly due to 

their reliance on subjective observation and the varying expertise of the evaluators (Eliasson 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). This 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 muscle activity is possible. 

Such instrumental sensor-based devices, also known as wearable sensors, have the potential to 

significantly improve the accuracy of the risk assessment and quantify the level of biomechanical 

risk assessment as they provide objective, real-time data, highlighting the physical demands of 

workplace tasks (Ranavolo, Draicchio, et al., 2018).  

However, the rapid evolution of workplace technologies, particularly in the era of Industry 4.0 

(Ajoudani et al., 2018), presents new challenges to these established methodologies. The 

integration of collaborative robots, also known as cobots (Colgate et al., 1996), into 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 workspace, working together to reach a common goal (Schmidtler et 

al., 2015). Human Robot Collaboration introduces substantial benefits in performing tasks 

traditionally associated with high biomechanical risks, such as those involving repetitive motion, 

awkward postures, and heavy lifting (Robla-Gomez et al., 2017). In 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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Nonetheless, this collaborative dynamic alters the biomechanical load and task execution patterns 

for the human worker, thereby necessitating a revaluation of current biomechanical risk assessment 

protocols (Ranavolo et al., 2020). Traditional 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 revised NIOSH, may not 

fully account for the mitigating effects of cobots, such as the reduction in physical load or changes 

in task frequency, yielding in unrealistic risk estimates (Cocca et al., 2008). In response to this 

paradigm shift, there is a growing need to develop instrument-based approaches that can accurately 

predict biomechanical risk in these Human Robot Collaboration environments.  

The following studies explore this aspect through two distinct experiments aimed to assess how 

different modalities of human-robot collaboration influence the physiological muscular state of the 

operator, specifically in terms of biomechanical risks. My research primarily focused on the analysis 

of data derived from bipolar surface sEMG signals. This approach involved the recording of muscular 

activity using multiple sensors strategically placed on the body. From this data, I have calculated and 

analysed the time-varying multi-muscle Co-activation Index (Ranavolo et al., 2015). This quantitative 

metric, being an index of co-contraction and muscular effort, might be used to track the progression 

of biomechanical risk during specific tasks. So, it fits with the objective of this research that associate 

the understanding of the impacts of varying Human-Robot Collaboration modalities and with the 

identification of motor strategies for reducing the biomechanical risks. This work has been funded 

by the Italian Project BRIC INAIL 2019- ID48 entitled: άBRISK: a multi-sensor wearable platform to 

assess Biomechanical Risk when Interacting with collaborative robotS in worK-related scenariosέΦ 

5.1.1. First Experiment  

In this subchapter, I will first detail the entire experimental setup used in the experiments. After 

providing a comprehensive overview of the setup, I will 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 designed to investigate distinct aspects of human-robot interaction under 

different experimental conditions.  
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5.1.1.1. Experimental setup 

For the experimental tests, 12 right-ended male participants (all right-handed, median ± IQR: age 

29 ± 3 years old, height 180 ± 9 cm, weight 76.5 ± 6.0 kg) were 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.  

In the first experiment, a typical cashier workstation was simulated. As depicted in Figure 5.1, the 

experimental setup included four distinct areas: the Departure Station (DS) for item loading, the 

Arrival Station (AS) for the item unloading, a Scanning Area for the item barcode reading and a 

secondary Arrival Station, a particular location designated to the unloading of the items during a 

specific HRC modality (i.e., full robot modality). The items used were 1 kg rectangular packages 

(14x12x5cm), each with a barcode placed on a different side of the package.  

Figure 5.1 Experimental setup for the simulation of a cashier workstation. The operator takes the item from the departure station 
(DS), scans the barcode in the designed area, and place the item in the arrival station (AS). In one of the four modalities (i.e., full 
robot), a specific area has been used as arrival station.   
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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 sensors on all joints, 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/s. The cobot was positioned on the longer side of a 2x1 m table on the 

opposite side of the human operator. We programmed and tested four different HRC modalities.  

A standard working cycle involved the participant picking up the item with the right hand from the 

departure station, searching for the barcode and scanning it in the designed area, and finally placing 

it with the left hand in the arrival station. In the full robot modality, the secondary AS was used as 

arrival station. Participants were instructed to perform all tests as naturally as possible, without 

ǎǇŜŎƛŦƛŎ ƎŜǎǘǳǊŜΩǎ ǎǇŜŜŘ constraints (except for the cases where the speed was dictated by the 

cobot).   

Human Robot Collaboration modalities 

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

working cycle (picking, scanning, and placing items) 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 DS, search the barcode and scans it in the 

appropriate area, and finally places it in the AS. The execution speed is dictated by the operator.  

b) Full robot: The cobot grabs the item and brings it in front of the operator, who picks it up to scan 

the barcode before placing it in the secondary AS. The 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 operator (that 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 performing its operations before starting a new cycle. 

d) Half robot touch: the operator touches the cobot to give the start of the working cycle in the 

same test. As soon as it has been touched, the cobot performs the same actions of the half robot 

modality. The execution speed is dictated by the touch of the operator (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 randomize the barcode position. The 

sequence of the four tests (one for each HRC modality) was randomized for each participant. This 

aspect is important to prevent the adaptation of users to specific gesture velocity, which may vary 

depending on the modality (whether constrained or unconstrained). These HRC modalities were 

proposed because they might be associated with different motor control schemes, which, based on 

a continuous or intermittent strategy, could lead to a variation in posture or muscular activations 

ό5Ω!ƴƴŀ Ŝǘ ŀƭΦΣ нлмрύ. 

Data acquisition and processing 

An Inertial Measurement Units (IMU) (Shimmer Sensing) was used to acquire kinematic data 

(sampling frequency Ὢ ρπςȢτ Ὄᾀ) and it was positioned on the trunk. An optoelectronic system 

(BTS SMART DX 6000 system with 8 cameras at 2 Mpixel, Ὢ ςυπ Ὄᾀ) 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 segmentation by identifying the beginning of each cycle during a single test. 

The reference system was fixed on the lower corner of the table at the left of the operator, with the 

MedioLateral (ML) axis from left to right and the AnteroPosterior (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 electrodes (Ὢ ρπππ Ὄᾀ and 

ͽρφ ὦὭὸ). Five pairs of electrodes were placed according to the SENIAM recommendations 

(Hermens et al., 2000) on the non-focal muscles of the lower and upper limbs. The following non-

focal muscles, as shown in Figure 5.2 were monitored: a) Upper Trapezius, b) Erector Spinae, c) 

Gluteus maximus d) Biceps Femoris and e) 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 linked to the BTS 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 systems, resampling data to a common 

time domain for the analysis of task cycles.   

During all the activities, the accelerometer placed on the trunk has been used to extract compact 

parameters of trunk kinematics. These parameters include the dynamic range, root mean square 

value, and the smoothness.  
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Smoothness was quantified through the log dimensionless jerk, calculated as in equation 5.1, based 

on the magnitude of the whole acceleration vector: 

 

ίάέέὸὬὲὩίί ὰὲ 
ὸ ὸ

ὺ

Ὠὥ

Ὠὸ
Ὠὸ 5.1) 

 

where ὸ and ὸ  are the time instants of the windows in which the acceleration ὥ and the velocity 

ὺ are considered. Note that higher values of the ὰέὫ dimensionless jerk correspond to greater 

smoothness in movement (Gulde & Hermsdörfer, 2023).  

The ML coordinate of the left wrist was used to mark the end of each cycle and the beginning of the 

next. This was achieved by identifying the minima in the marker position, which indicated when the 

package was placed in the AS. We used these points to segment all the data.  

Surface EMG signals were filtered using a bandpass filter with cut-off frequencies Ὢ ςπ and 

τππ Ὄᾀ, using a 3rd order of Butterworth. Post-filtering, signal envelopes were obtained through full 

wave rectification and low pass filtering with Ὢ υ Ὄᾀ. All the signals were segmented according 

to the length of each cycle, defined from the AS to the subsequent one. To normalize the data, each 

envelope was divided by the median value of the maximum peaks extracted from each cycle of the 

no robot trial. Given the different lengths of each cycle, the envelope signals were interpolated to 

ρπππ points, normalizing their length with respect to time. For visual representation, the temporal 

normalization is expressed as a percentage of the completed working cycle, ranging from 0% to 

Figure 5.2 EMG electrodes place on a participant. Five pairs of electrodes placed on: a) Upper Trapezius, b) Erector Spinae, c) Gluteus 
maximus d) Biceps Femoris and e) Medial Gastrocnemius. 
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100%. Subsequently, the time-varying Co-activation Index, as defined by Ranavolo et al. (Ranavolo 

et al., 2015), was calculated for each cycle. This index quantifies the simultaneous activation of the 

analysed muscles. To provide a comprehensive overview, the CI values from all cycles were 

averaged. This process yielded a global co-activation index for each subject, summarizing the whole 

experiment. 

Statistical analysis 

For the analysis of the kinematic data, pairwise t-tests were conducted to compare the HRC 

modalities. To verify significant differences among the four modalities, the significance levels was 

set to h  equal to 0.05. 

5.1.1.2. Results 
 
The average number of packages handled by participants in the 5-minute duration of the test was: 

a) no robot: χφ ω packs (ρυ σ  packs/minute); b) full robot: ςσ ρ packs (υ ρ packs/minute); 

c) half robot: φφ σ packs (ρς ς packs/minute) and d) half robot touch: τχ υ packs (9 ς  

packs/minute). 

Figure 5.3 displays the range, amplitude, and smoothness of the signals extracted from the 

accelerometer placed on the trunk. The results, averaged across all subjects for each human robot 

collaboration modality, reveal distinct patterns. In the no robot trial, the average range value was 

the highest, together with a high value of smoothness. This is attributed to the absence of the cobot, 

which allows the participants to complete the required task at their own pace. The full robot 

modality, where the cobot performs both package loading and unloading, exhibited the lowest 

range and RMS amplitude in the trunk acceleration. Half robot and half robot touch modalities, 

instead, showed similar results in terms of trunk range and amplitude.  

Statistical analysis results are presented in table 5.1, which displays all paired t-tests between pairs 

of human robot collaboration modalities. 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 the half robot and half robot touch modalities; the second is 

in the smoothness between the no robot and half robot touch modalities.  
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Figure 5.4 illustrates the co-activation indexes in the four different modalities. The co-activation 

index of each subject, calculated as average among all cycles, is represented by a unique coloured 

line. This individual representation allows for the observation of subject-specific 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 to this, the standard deviations, indicative 

of the variability among subjects, are shown using the light grey areas. This visual representation 

serves to highlight both individual and group trends in the co-activation indexes across the studied 

modalities.  

Figure 5.3 Kinematic data extracted from the accelerometer placed on the trunk of the participant. The mean and standard deviations 
of range (upper left), RMS amplitude (upper right), and smoothness (bottom) are displayed. 
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Table 3.1 Pairwise t-tests performed on kinematic data extracted from accelerometer placed on the trunk of participants. The 
ǎƛƎƴƛŦƛŎŀƴŎŜ ƭŜǾŜƭ ǿŀǎ ǎŜǘ ŀǘ ʰ Ŝǉǳŀƭ ǘƻ лΦлрΦ bƻǘŜ ǘƘŀǘ Ǉ-values less than 0.001 were reports as 0*. In red the non-significant p-values. 

The x-axis 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 100% when the package is placed in the AS. 

We noticed that the co-activation index of the no robot modality constantly exceeds that of all other 

modalities. In both no robot and half robot modalities, there is relatively constant evolution of the 

CI over time, indicating a continuous higher level of muscle co-activation throughout the trial. 

Specifically, in the no robot modality, there is an initial increase in the CI to about 30% at the 

beginning, followed by a gradual decrease to approximately 22-25%. This level remains constant 

during the phase of package manipulation, with a slight increase to around 25% towards the end of 

the cycle. Conversely, full robot modality exhibits a great decrease in the CI, dropping to around 10% 

during the resting phase, when the cobot executes package loading and unloading. During the 

package manipulation phase, the CI in this modality displays a slower increase, reaching up to 20%, 

which aligns with the trends observed in other modalities. The half robot modality consistently 

shows a CI value around 20%. Meanwhile, the half robot touch modality 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 a gradual increase in the CI, slowly increasing up to 

approximately 23%.  

 T-test comparisons 

Parameters 

No robot   
Vs 

Full robot 

No robot   
Vs 

Half robot 

No robot   
Vs 

Half robot 
touch 

Full robot  
Vs 

Half robot 

Full robot   
Vs 

Half robot 
touch 

Half robot   
Vs 

Half robot 
touch 

Range 0* 0* 0* 0* 0* 0.09 

RMS amplitude 0* 0* 0* 0* 0* 0.58 

Smoothness 0* 0* 0.6 0.03 0* 0* 

Figure 5.4 Time-varying co-activation index computed as defined in (Ranavolo et al., 2015). The co-activation index in the four human-
robot collaboration modalities is displayed. Individual subject data are represented by lines in various colours, while the collective 
mean and standard deviations across all subjects are depicted by the black line and the light grey shaded area, respectively. 
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5.1.1.3. Discussion 

In this study, the working task of a cashier with four different collaboration modalities provided by 

a cobot has been simulated.  The primary objective was to investigate how the presence of a cobot 

in a HRC scenario affects muscular activity, specifically targeting the reduction of possible injuries. 

It is worth noting that our analysis focused on the muscular activity of the non-focal muscles, which 

are characterized by low amplitude as they are mainly devoted to controlling and stabilizing the 

posture. When the cobot was absent, high levels of trunk acceleration were observed, in terms of 

amplitude and range, together with high values of smoothness. This finding aligns with the nature 

of the analysed gesture because the working area is entirely managed by the operator, and tasks 

are executed without any interruptions. In this modality (i.e., no robot), our analysis of the co-

activation index revealed a continuously high level of CI, with higher values at the beginning and at 

the end of the cycle. These increased values suggest a continuous posture control to compensate 

for the loading and unloading phases of the packages. 

When the cobot cooperates to perform part of the task, specifically in taking the package and 

transferring it to the scanning station with a specific cadence (i.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 the unpredictability in the timing of the next package to be processed. As a 

result, the kinematic data revealed that the movement of the operator is less smooth, although the 

range and the amplitude of the acceleration are significantly reduced with respect to all other 

modalities (Ð πȢπυ). While this modality effectively reduced the range and amplitude of 

movements by removing the package weight during the loading phase, the impact of the cobot 

assistance on the muscular activity is relatively minimal. In fact, CI showed a slight reduction with 

respect to the no robot modality, but there remains a consistent muscular activation throughout 

the duration of task until the end. This phenomenon can be explained by a variation of the subject 

muscular strategy due to the cobot intervention. Even though ǘƘŜ ǇŀŎƪŀƎŜΩǎ ƭƻŀŘƛƴƎ ǇƘŀǎŜ ƛǎ 

alleviated, this does not necessary translate into a reduced biomechanical risk, as the persistent 

muscular effort continues to be a factor. 

In the full robot modality, despite a relevant decrease in trunk acceleration likely due to the greater 

level of cobot assistance, there remains a theoretical challenge for the operator in predicting the 

timing of subsequent tasks. In practical terms, since the number of managed packages per minute 

is very low due to the cobot performance limits, the operator seems to quickly adapt their strategy 
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to this specific condition. Consequently, since the performed gesture is non-continuous, the 

smoothness levels are not optima, indicating the use of an intermittent strategy and control of the 

movement. With ǘƘŜ ƛƴŎǊŜŀǎŜŘ ǎǳǇǇƻǊǘ ōȅ ǘƘŜ ŎƻōƻǘΣ ŀƴŘ ǘƘŜ ŎƻƴǎŜǉǳŜƴǘ ŘŜŎǊŜŀǎŜ ƛƴ ǘƘŜ ƻǇŜǊŀǘƻǊΩǎ 

effort, the muscular activity results notably modified with respect to the other modalities, showing 

lower average values of co-activation indexes during each cycle. Furthermore, the muscle activation 

switches from continuous to intermittent patterns, alternating different co-activation index values 

during the manipulation and the waiting phases, respectively.  

A similar pattern in co-activation index can be observed in the half robot touch modality, where the 

trend oscillates between low values in the resting phase (waiting for the robot to bring the item) 

and high values in the manipulation phase. Nevertheless, the possibility of deciding the beginning 

of each task (by touching the cobot) helps the operator to control the timing of the successive task. 

This seems to elicit more natural movements, as indicated by a significant increase in smoothness. 

5.1.2. Second experiment 

In this subchapter, I 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 corresponding adjustments in the 

Human-Robot Collaboration modalities to align with the new activity context. These modifications 

are designed to investigate the impacts of multiple types of human-robot interactions within a 

different environmental setup.  

Employing this methodological approach allows for an in-depth analysis of how changes in 

collaboration modes influence the dynamics and effectiveness of human-robot interactions in 

diverse scenarios. The central objective is to determine 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 associated with such tasks. 

5.1.2.1. Experimental setup 

For the experimental tests, 12 right-ended male participants were 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 the second experiment, a parallel collaboration with the cobot, simulating a typical manufacturing 

workstation has been implemented. The experimental setup replicates the one of the previous 

experiments, but only the Departure Station was used. The cobot was positioned on the same side 

the table as previously described. The items used was a hand-made object specifically built to 

simulate the assembly of a physical panel, as shown in Figure 5.5 on the left panel. 

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 twice, rotate 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 modalities: a) Free, b) Robot Free and 

c) Robot Plane.  

Human Robot Collaboration modalities 

Each test lasted about two minutes, in which participants were asked to perform the task 5 times 

for each of the following three testing conditions: 

a) Free: the operator picks up the object from the DS, performs all tinkering activities and place it 

back in the DS. Basically, the operator works without the cobot assistance. The height of the 

object is set to be approximately 10 cm above the table surface. 

b) Robot Free: The cobot sustains the 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 operator. The operational range 

Figure 5.5 Left panel: A hand-crafted object, created to simulate tinkering activities typical in a manufacturing workplace. A lever is 
positioned on the right side, while two knobs are located on the left side of the object. Right panel: Collaborative robot holding the 
object in front of the operatorΦ /ƻōƻǘ ƻǇŜǊŀǘŜǎ ƛƴ ƎǊŀǾƛǘȅ ŎƻƳǇŜƴǎŀǘƛƻƴ ƳƻŘŜΣ ŀƴŘ ƛǘ ƛǎ ŎƻƳǇƭƛŀƴǘ ǘƻ ǘƘŜ ƻǇŜǊŀǘƻǊΩǎ ƳƻǾŜƳŜƴǘǎ. 
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ƛǎ ƭƛƳƛǘŜŘ ōȅ ǘƘŜ ŎƻōƻǘΩǎ ǊŀƴƎŜ ƭƛƳƛǘǎΦ The height of the object in DS is set to be approximately 

40 cm above the table surface. 

c) Robot Plane: This modality is like Robot Free, but 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 to be approximately 40 cm above the table surface. 

 

Data acquisition and processing 

As previously described in section 5.1.1.1, sEMG signals were captured using bipolar electrodes 

applied on five pairs of non-focal muscle groups of both, lower and upper limbs. These muscles 

included the Upper Trapezius, Erector Spinae, Gluteus maximus Biceps Femoris and Medial 

Gastrocnemius. 

The sEMG signals were filtered using a bandpass filter with cut-off frequencies Ὢ ςπ and τππ Ὄᾀ, 

using a 3rd order of Butterworth. The filtered signals were then transformed into signal envelopes 

through full-wave rectification, followed by low-pass filtering at a cut-off frequency Ὢ υ Ὄᾀ. 

These envelopes were segmented from 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 in the Free 

modality. Given the varying lengths of the cycles, we interpolated the envelope to ρπππ points, 

standardizing their duration with respect to time. For visualization, this temporal normalization is 

shown as a percentage of the completed working cycle, ranging from 0% to 100%. We then 

calculated the time-varying co-activation index for each cycle, as defined by Ranavolo et al. 

(Ranavolo et al., 2015), to quantify the simultaneous activation of the analysed muscles. The CI 

values were averaged among the five trials to obtain a global co-activation index, representing the 

entire experiment, for each participant. Finally, the total duration of the activity was segmented 

ƛƴǘƻ ǘƘǊŜŜ ǇƘŀǎŜǎΥ ǘƘŜ άƎǊŀǎǇƛƴƎ ǇƘŀǎŜέ όл҈ - нр҈ύΣ ǘƘŜ άƳŀƴƛǇǳƭŀǘƛƻƴ ǇƘŀǎŜέ όнр҈ - 75%), and the 

άǊŜƭŜŀǎƛƴƎ ǇƘŀǎŜέ όтр҈ - 100%). The analysis focused primarily on ǘƘŜ άƳŀƴƛǇǳƭŀǘƛƻƴ ǇƘŀǎŜέ to 

extract the most relevant data. In this phase, the Coefficient of Variation of the CI (CoVCI), and then 

it underwent to statistical analysis on.  
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Statistical analysis 

A one-way ANOVA test on the Coefficient of Variation of the CI was carried on, followed (in case of 

significance) by a post-hoc Bonferroni test was applied to see the differences among the three HRC 

ƳƻŘŀƭƛǘƛŜǎΦ {ƛƎƴƛŦƛŎŀƴŎŜ ƭŜǾŜƭ ǿŀǎ ǎŜǘ ǘƻ ʰ Ŝǉǳŀƭ ǘƻ лΦлрΦ 

5.1.2.2. Results 
 

The analysis of the co-activation index revealed a similar temporal trend across all three HRC 

modalities, as illustrated in Figure 5.6. In the Free modality, peak values were observed at 

approximately 33-35% during the initial and final phases of the activity, whereas the manipulation 

phase exhibited steady values around 23-25%. These values are particularly higher when compared 

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

final phase of the activity were at around 26-29%. Additionally, during the manipulation phase, the 

CI values exhibited oscillations ranging from 20% to 25%. 

 
²ƘŜƴ ŀƴŀƭȅǎƛƴƎ ǘƘŜ /ƻŜŦŦƛŎƛŜƴǘ ƻŦ ±ŀǊƛŀǘƛƻƴ ƻŦ ǘƘŜ /L ŎŀƭŎǳƭŀǘŜŘ ŘǳǊƛƴƎ ǘƘŜ άƳŀƴƛǇǳƭŀǘƛƻƴ ǇƘŀǎŜέΣ 

the one-way ANOVA test yielded significant results. As indicated in Figure 5.7, subsequent post-hoc 

tests revealed a significant difference between the Free and Robot Free modalities. However, no 

significant differences were observed between Free and Robot Plane and between Robot Free and 

Figure 5.6 Time-varying Coactivation Index,computed as defined in (Ranavolo et al., 2015),is displayed for the the three different 
HRC modalities. Individual subject data are represented by lines in various colours, while the collective mean and standard 
deviations across all subjects are depicted by the black line and the light grey shaded area, respectively. The manipulation phase is 
defined between 25% and 75% of the total duration of the activity. 
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Robot Plane. Generally, it was noted that the CoVCI was higher in modalities involving the cobot, as 

opposed to the Free modality.  

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 of the co-activation 

index is similar across the three HRC modalities, visible differences emerge during the object 

άƎǊŀǎǇƛƴƎκǊŜƭŜŀǎƛƴƎ ǇƘŀǎŜǎέ ƛƴ ǘƘŜ free condition. Specifically, higher CI values in these phases imply 

an increased muscle coordination and effort due to the absence of cobot assistance. This 

observation aligns with our hypothesis that the cobot, by sustaining the weight of the items, can 

potentially reduce muscle co-activation. 

5ǳǊƛƴƎ ǘƘŜ άƳŀƴƛǇǳƭŀǘƛƻƴ ǇƘŀǎŜέΣ ŀƴ ƛƴŎǊŜŀǎŜ ƛƴ /h±CI was particularly evident in the two modalities 

involving the cobot. This increase indicates a higher variability in the muscle co-activation, further 

supporting the idea of a more adaptive muscle control strategy. Interestingly, the robot 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 distinction emerges. We can observe that the restriction 

imposed by the cobot in the robot plane modality (limiting movements in the vertical plane) induces 

Figure 5.7  Coefficient of Variation of Coactivation Index (CoVCI). One way ANOVA test resulted significant, and post-hoc Bonferroni 
ǘŜǎǘ ǿŀǎ ŀǇǇƭƛŜŘ ǘƻ ǎŜŜ ǘƘŜ ŘƛŦŦŜǊŜƴŎŜǎ ŀƳƻƴƎ ǘƘŜ ǘƘǊŜŜ ƳƻŘŀƭƛǘƛŜǎΦ {ƛƎƴƛŦƛŎŀƴŎŜ ƭŜǾŜƭǎ ǿŀǎ ǎŜǘ ǘƻ ʰ Ŝǉǳŀƭ ǘƻ лΦлр. 
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participants to maintain a more persistent level of co-activation. This constant co-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 changes in the human motor activity. Particularly, utilizing bipolar 

electrodes to acquire EMG signals, the analysis concentrates on the muscle activity of operators 

performing tasks commonly studied in the field of ergonomics. 

The approach involves the application of multiple electrodes to derive a time-varying co-activation 

index, which can be indicative of muscle fatigue (Lévénez et al., 2008) and, consequently, can be 

employed as a useful indicator associated to the biomechanical risk in cobot-shared workspaces. 

Two different scenarios were simulated: the job of a cashier, with movement and scanning of 

objects, and an assembly process typical of manufacturing industry. 

The first experiment, involving four different HRC modalities, revealed that cobot integration could 

significantly reduce the range and amplitude of trunk movements, as well as muscle co-activation 

levels. However, the findings showed that the nature of human-cobot interaction could alter the 

muscle strategy of the operator, not always yielding ergonomic benefits, as observed in the half 

robot modality, where persistent co-activation levels were observed during the experimental tests. 

The results suggested that, when the cobot imposed the working pace to the operator, an increase 

in postural stiffness with an increased muscular effort was observed, suggesting greater potential 

biomechanical risks. 

In the second experiment, the three HRC modalities were compared in a different working task. The 

findings confirmed that introducing a cobot in the workplace could efficiently reduce the muscle co-

activation. However, differences in the Coefficient of Variation of the co-activation index between 

the cobot-assisted modalities pointed out interesting findings: the cobot assistance changes 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 

Human-Robot Collaboration critically influences these benefits. 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 cobot-imposed constraints) and their work rhythm. 

In conclusion, this study highlights the importance of using sEMG 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 operators. The 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. Effective sEMG application 

is fundamental for analysing 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. High-Density EMG for muscle fatigue assessment  
 
In the preceding chapters, the concept of muscle fatigue was explored, examining the existing 

methods for its assessment, and monitoring its progression over time using several parameters 

extracted from surface EMG. Most research studies in this field primarily focused on examining 

changes in either the temporal or spectral domain (Cifrek et al., 2009), as well as the Joint Analysis 

of Spectrum and Amplitude sEMG features to discriminate fatigue-induced changes (Luttmann et 

al., 2000). Nevertheless, given the complexity of the muscle fatigue process, all these indicators 

provide not unanimous results. The need of obtaining more and more information able to fully 

explain the muscle behaviour brought to the development of the High-Density EMG technique, 

which introduced a spatiotemporal variant of the traditional single channel surface EMG (Zwarts & 

Stegeman, 2003). This technique, through the placement of multiple electrodes on a single muscle 

covering its entire region, allow to obtain spatial insight in addition to the temporal and spectral 

information (Stegeman et al., 2012). Subsequent research studies began exploring changes in sEMG 

parameters resulting from the spatial redistribution of muscle activity (Avancini et al., 2015; Gallina, 

Merletti, et al., 2013). This investigation generally involves the calculation of the Centre of Gravity 

(CoG), which is the centroid of the sEMG amplitude distribution, or the Region of Activation (RoA) 

of the muscle, which can be defined as the weighted centroid of the electrical activity exceeding a 

specific threshold, typically the 70% of the maximal activity (Vieira et al., 2010). The RoA consists of 

two components: the x- (Medio-Lateral) and y- (Cranio-Caudal) coordinates. To generalize the 

coordinate, I defined the two directions as Fibre-Parallel (FP) and Fibre-Transverse (FT), identifying 

the Cranio-Caudal and the Medio-Lateral directions, respectively. The redistribution of muscle 

activation during prolonged contractions is believed to be physiologically significant as it involves a 

shift in the region of muscle engagement, potentially trying to minimize fatigue by evenly 

distributing the muscular load between different muscle regions. In this way, by preventing an 

excessive strain on the muscle fibres recruited at the beginning of the task, endurance time can be 

prolonged (Falla & Gallina, 2020). 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 volunteers 

(Farina et al., 2008). Similar results were observed analysing fatiguing contractions (i.e., sustained 

lumbar flexions) 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, 
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showing that larger muscle redistribution was associated with longer sustainment of the contraction 

(Sanderson et al., 2019). Collectively, all these studies also showed a certain degree of variability in 

the extent of muscle activity redistribution between individuals. Despite these insights, existing 

research primarily focused on changes in the x- and y- coordinates of the centroid of muscle 

activation, with no specific metrics defined to quantify and characterize the movement of the 

centroid in both, the time and space dimensions. To fill this gap, inspiration was drawn from postural 

control measures, adapting parameters typically extracted from the Centre of Pressure (CoP) and 

used in ergonomics (Prieto et al., 1996; Quijoux et al., 2021) to define novel metrics for analysing 

spatial aspects of HD-EMG signals.  

This chapter describes these novel metrics that have been derived from the centroid coordinates of 

HD-EMG topographical maps, and then tested on experimental data. I aimed to assess the spatial 

redistribution of lumbar ES muscle activity during fatiguing contractions, and I investigated possible 

associations between those metrics and endurance time to verify the ability of predicting the time 

to task failure. The results of this work are promising and have been submitted to a peer reviewed 

journal. 

6.1 Novel metric definition 

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

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

control were derived and adapted.  

First, a point representing the initial muscle activity needs to be defined. This 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 changes to be captured and quantified. For consistency 

with the study presented later, and to clarify the definition of the following formulas, the Centre of 

Gravity was chosen as the initial centroid, and it was averaged over the first 20% of the contraction 

length under analysis. After establishing this initial centroid, the Activation Intensity Distance (AID) 

was defined. AID is a vector that measure the distance from the initial centroid to each point of the 

ƳǳǎŎƭŜΩǎ wŜƎƛƻƴ ƻŦ !ŎǘƛǾŀǘƛƻƴ on the two directions (RoAFP, RoAFT). The distance vector is computed 

for each point of the time series, and it is mathematically expressed as:  

!)$ὲ 2Ï!ὲ  2Ï!ὲ    ύὭὸὬ ὲ ρȟȣȟὔ      6.1)  

Where ὔ is the total number of points ὲ of the time series, while RoAFT and RoAFP are the demeaned 
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coordinates of the RoA centroid. These two coordinates are calculated according to the following 

equations:  

2Ï!ὲ 2Ï!ὲ  #Ï' ὲ            6.2) 

2Ï!ὲ 2Ï!ὲ  #Ï' ὲ      6.3) 

where 2Ï! is the original x- coordinate of the RoA and #Ï' ὲ is the mean of the x- coordinate 

extracted by the initial centroid, that was selected as the CoG in the first 20% of the contraction. 

The same description of the parameters holds for the y- coordinate, which is the Fiber Parallel 

direction, identified by the 2Ï! and #Ï' ὲ.  

Then, the Mean Activation Intensity Distance (Mean AID) was defined, that is the average distance 

of the RoA displacement from the initial centroid in a selected time segment S. The Mean AID can 

be computed according to: 

-ÅÁÎ !)$ В !)$Ὧ     6.4) 

where ὑ is the total number of points Ὧ contained in a specific time segment Ὓ. 

The Mean Activation Intensity Distance metric can also be computed along each single direction 

(Transverse or Parallel) as: 

-ÅÁÎ !)$ В ȿ2Ï!Ὧȿ      6.5) 

where Mean AIDFT is the mean absolute value of the FT time series calculated in a selected time 

interval S consisting of ὑ points. This metric represents the average Activation Intensity Distance on 

the Fibre Transverse from the FT component of the initial centroid (i.e., the mean CoGFT in the first 

20% of the contraction). The same applies to the Fibre-Parallel component. 

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

directions over the entire length of the signals and it is defined as follows: 

4ÏÔÁÌ !)0В 2Ï!ὲ ρ 2Ï!ὲ  2Ï!ὲ ρ 2Ï!ὲ   6.6) 

where ὔ is the total number of points ὲ corresponding to the total length of the signal. This global 

measure can be calculated on selected time intervals (changing ὲ with Ὧ), and for single directions, 

that is singularly for the FT coordinate as well as for the FP coordinate (by substituting the FT with 
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FP). The Total AIPFT (or Total AIPFP) indicates the total length of the distance travelled by the RoA 

along the FT (or FP) direction and it can be approximated by the sum of the distances between 

consecutive points extracted from the FT (or FP) temporal series, according to the formula: 

4ÏÔÁÌ !)0 В 2Ï! ὲ ρ 2Ï! ὲ    6.7) 

where 2Ï! and 2Ï! indicate the two original RoA coordinates adjusted by removing the 

trend of the time series within the specific time window considered for the calculation. It is worth 

noting that for the definition of this metric, it is essential to use the original time series to avoid any 

potential biases that might arise from the subtraction of the mean value. Any trend, within the 

considered time window, must be rejected before computing the parameters. This adjustment 

ensured that any differences between the two RoA coordinates due to their magnitude will 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 (AIV), 

which represents the average speed of the RoA over a specific time interval Ὓȟ composed of ὑ points. 

It is defined as: 

-ÅÁÎ !)6
 

                                  6.8) 

where ὑ is the total number of points in the considered time interval for the parameter calculation. 

The AIP metric can also be computed on a single direction by making explicit the RoA coordinate, 

resulting in: 

 -ÅÁÎ !)6
 

                                  6.9) 

The Mean AIVFT represents the average velocity of the FT components of the RoA in a specific time 

interval composed of ὑ points extracted from the total length of the time series. The same applies 

for the FP component. 

After that, two metrics able to identify the total space covered by the travelling RoA coordinates 

have been defined. Initially, the concept of Zone, which is an area enclosing most of the point of the 

AIP, was defined, followed by the 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 definition this metric must be calculated on a total number of data points large enough to verify 

 ρ. The formula for AEZ is given by: 

!%:ς“ὊȢ ȟ  ίὸὨίὸὨ ίὨ        6.10) 

In this equation,  F0.05[2, n-2] represents the F-statistic at the 95% confidence level for bivariate 

distribution with n points, and for large sample sizes (n > 120) this value is set to 3.00, as indicated 

in (Prieto et al., 1996). The variable ίὸὨ  and ίὸὨ  are the standard deviations of the FT and FP 

time series, respectively, while ίὨ  is the covariance. By using the equation 6.2 and 6.3, these 

variables can be computed as: 

ίὸὨ  В 2Ï!Ὧ         6.11) 

ίὨ  В 2Ï!Ὧ2Ï!Ὧ                        6.12) 

where ίὸὨ can be computed by substituting RoAFT in equation 6.11 with RoAFP. 

Similarly, Activation Circle Zone (ACZ) was defined. This zone denotes the projected area of a circle 

whose radius is the 95% percentile of the AID. In simple words, this 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: 

!#:“-ÅÁÎ !)$ ᾀȢ ίὸὨ      6.13) 

In this equation the ᾀȢ refers to the z-score associated with a significance level of ‌ πȢπυ in a 

standard normal distribution and it is equal to 1.645. The standard deviation of the AID can be 

computed as: 

ίὸὨ  В !)$Ὧ -ÅÁÎ !)$                        6.14) 

Then the Activation Movement Zone (AMZ), a metric that estimates the total region covered by the 

RoA AIP per unit of time, was defined. This metric is computed by summing the area of the triangles 

formed by two consecutive points on the AIP and the initial centroid. It can be conceptualized as 

proportional to the combination of Mean AID and Mean AIV.  
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The formula to compute the AMZ is: 

!-: В 2Ï! Ὧ ρ  2Ï! Ὧ  2Ï! Ὧ  2Ï! Ë ρ         6.15) 

 

where ὑ is the total number of points Ὧ in the selected time interval in which the metric is computed 

and, as for the Total AIP in equation 6.6, we use the original RoA coordinates without the trend in 

the specific time interval ὑ. 

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

Parallel), the Activation Intensity Spread (AIS) was defined as: 

!)3 ίὸὨ ίὸὨ                                  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 greater fluctuations 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 previous metrics have been calculated and tested in a real case scenario. In this paragraph 

we will describe in detail the study that we performed on real sEMG data that I acquired during my 

period abroad. A dataset of real sEMG signals has been acquired in the Centre of Precision 

Rehabilitation for Spinal Pain (CPR Spine) at the University of Birmingham, United Kingdom. The 

results of this study have been submitted to a peer reviewed journal. 

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, pseudo-dynamic and dynamic). Each session lasted 

approximately 2 hours and sessions were spaced at least three days apart. The analysis that will be 

presented is based on data collected from a single session, which is the fatiguing isometric 

contraction. The study was conducted at the Centre of Precision Rehabilitation for Spinal Pain 

(University of Birmingham, United 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_2022-0514). Written informed consent 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 study. In addition to these 

causes, exclusion criteria were rheumatic or neuromuscular disorders, history of chronic respiratory 

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

 
Surface EMG 

HD-EMG signals were detected from the right lumbar Erector Spinae with two semi-disposable 

adhesive grids of 64 electrodes each (OT Bioelettronica, Torino, Italy, model GR08MM1305). The 

grids are composed by 13 rows and 5 columns of electrodes (1-mm diameter, 8-mm Inter-Electrode 

Distance in both directions) with one missing electrode at the upper left that was used to define the 

electrode orientation. HD-EMG signals were amplified by a factor of 150 (Quattrocento amplifier, 

OT Bioelettronica, #3 dB bandwidth, 0.8 - 500 Hz), sampled at 2048 Hz and converted to digital form 

by a 16-ōƛǘ !κ5 ŎƻƴǾŜǊǘŜǊ ǿƛǘƘ ŀ ǊŜǎƻƭǳǘƛƻƴ ƻŦ мрн ˃± όƛƴǇǳǘ ǊŀƴƎŜ ҕр ±ύΦ  

Figure 6.1 Electrode position on the Erector Spinae muscle. Two High-Density grids were applied one immediately above the 
other along the direction of the muscle fibres. Missing electrode was used to identify the orientation. Reference electrode was 
placed on the left posterior superior iliac spine. 
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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 muscle, as shown in Figure 6.1.  

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 during back extension 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 experiment.  

General Procedure 

The participant sat comfortably on the Biodex chair with their hips and knees in 90o of flexion and 

their legs secured with several straps to minimise compensatory movement, as shown in Figure 6.2 

on the left. The front of the seat was tilted upwards by approximately 15o. The axis of the 

dynamometer was aligned with the right Anterior Superior Iliac Spine (ASIS) of the participant.  

Figure 6.2 Participants sat on the Biodex chair before the experiment. The position of hips and knees were set at 90o of flexion. 
Several straps were used to minimise compensatory movement of the other muscles. High-Density EMG grids were applied on the 
lumbar erector spinae. Visual feedback was provided on a screen placed in front of the participant. 
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After the placement of the HD-EMG 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 three consecutive Maximum Voluntary 

Contractions (MVC) of trunk extension, each lasting 5 seconds, with one minute of rest between 

each contraction. Then, after five minutes of rest, participants were asked to perform a sustained 

isometric submaximal trunk extension 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 seen in Figure 6.2 on the right, visual feedback 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 torque level 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 the data were processed and analysed offline in MATLAB (The MathWorks Inc., 

Natick, Massachusetts). The torque signal was filtered with a low pass filter (3rd order Butterworth, 

cut-off frequency: 10 Hz) and it 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, two 4-second windows spanning two seconds before and 

two seconds after the marked points were defined. These two windows (identifying the 0% and 

100% of the contraction) ǿŜǊŜ ǳǎŜŘ ŀǎ άǉǳŀǎƛ-ȊŜǊƻ ŀŎǘƛǾƛǘȅέ ǎŜƎƳŜƴǘǎ ŦƻǊ ŀƴŀƭȅǘƛŎŀƭ ǇǳǊǇƻǎŜǎΣ ŜǾŜƴ 

though minimal torque activity may be observed due to the transient nature of the signal. Starting 

from these windows, three windows, each lasting ten seconds, were identified to calculate the 

metrics. This process is shown in Figure 6.3. The two sEMG grids were combined to represent one 

single larger matrix (26x5). Each monopolar HD-EMG signal was manually inspected such that those 

with a low signal-to-noise ratio, identified as bad channels, were removed. Signals were digitally 

filtered (3rd order Butterworth filters) with a bandpass filter in the bandwidth 20-450 Hz and a notch 

at 50 Hz to remove the PLI. 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 with a time 

resolution of 500 milliseconds with no overlap, and the average of the instantaneous frequency was 
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computed. We assumed that sEMG signals were pseudo-stationary in this time interval. 

The 126 envelopes (64 channels for each HD-EMG grid minus one missing channel) extracted 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 windows plus н ǿƛƴŘƻǿǎ ŦƻǊ άǉǳŀǎƛ-zeroέ 

activity) to display and highlight the spatial changes in muscle activity over time, as seen in Figure 

6.4. In this figure all the removed channels have been interpolated with the adjacent ones to better 

visualize the changes in muscle activity, but the extraction of the parameters and the statistical 

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

we identified the Fibre-Transverse and Fibre-Parallel directions.  

Figure 6.3 Identification of ascending and descending phases from 0% to 60% and vice versa are marked with red points in the 
top panel. Two 4-seconds windows (black rectangles in the bottom panel), spanning two seconds before and after these points, 
define the άquasi-zeroέ activity. Three 10-seconds windows (green rectangles in the bottom panel) were selected for calculating 
metrics and conducting statistical analysis. 
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Then, the Centre of Gravity, defined as weighted centroid of the amplitude grid, and the Region of 

Activation, defined as the weighted centroid of the electrical activity greater than 70% of the local 

maximum calculated at each time instant (Vieira et al., 2010), were calculated. The x- and y- 

coordinates of the original time series (2Ï!, 2Ï!) were smoothed with a low pass filter at 10 

Hz (3rd order Butterworth filter). Starting from these coordinates, all novel metrics that I introduced 

in the previous section were calculated.  

Since I aimed to assess the muscular changes relative to the beginning of the activity, the initial 

centroid was arbitrarily set as the 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 metrics have been 

normalized with respect to the height of the participants.  

In addition to these metrics, the following were calculated: i) the averaged value of the RoA 

coordinates (in selected time intervals), ii) the RoA shift calculated as the modulus of the RoA 

displacement in FT and FP directions at the beginning (1% endurance time) and at the end (99% 

endurance time) of the contraction, as analysed in a previous study (Farina et al., 2008). 

To confirm the presence of fatigue, these quantities were also calculated: the amount of the exerted 

Figure 6.4 Example of topographical maps extracted from 128 monopolar HD-EMG signals of a single participant. First and last 
windows display the average envelope over a 4-second time window, identified as άquasi-zeroέ activity. All the intermediate show the 
changes in the muscle throughout the entire contraction. Red dots represent the Centre of Gravity (CoG), while the black crosses 
identify the Region of Activation (RoA). The RoA x- and y- coordinates indicate the Fibre-Parallel and Fibre Transverse directions, 
respectively. From these coordinates, novel metrics for the time-space analysis have been proposed. For visualization purpose only, 
any poor-quality channel, which was removed from the study in the analysis, was replaced by the interpolation of adjacent channels.   
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torque (normalized with respect to the MVC), the Coefficient of Variation (CoV) 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 participants, I will refer to different 

phases of the contraction in terms of their relative time percentages. For clarity, 0% and 100% 

ŎƻǊǊŜǎǇƻƴŘ ǘƻ ǘƘŜ ǘǿƻ άǉǳŀǎƛ-ȊŜǊƻ ŀŎǘƛǾƛǘȅέ ǿƛƴŘƻǿΣ м҈ ƻŦ ǘƘŜ ŎƻƴǘǊŀŎǘƛƻƴ ǘƛƳŜ ǊŜŦŜǊǎ ǘƻ ƛǘǎ 

beginning, while 99% denotes its conclusion. For this study, based on the minimum value of total 

duration (around 70 seconds), I arbitrarily selected three time intervals, each consisting of 10 

seconds, to capture the essential phases of the contraction. From these three time 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 analysis was performed. It is worth noting that the 

findings on the parameters extracted from the RoA are assumed to be like those that would be 

obtained if considering the CoG. This assumption was made because of the positive strong 

correlation between the two measures, CoG and RoA, that was found in the work of Falla et al. (Falla 

& 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 Shapiro-Wilk statistical test. For data following a non-normal 

distribution, the non-parametric Friedman statistical test for 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 signed-rank tests were 

performed to identify which time instants were different. In the following I will refer to 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 the asterisks: * p<0.05 and ** p<0.01. Finally, I conducted a linear regression 

analysis to explore the association between the provided metrics and endurance time, using the R2 

value and the corresponding p-value with alpha equal to 0.05. 
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6.2.2. Results 

The results of the statistical analyses are presented in Table 6.1. Given that the Mean AIV 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 AIV: it is important to note that the statistics associated with this 

metric is the same of that obtained for the Total AIP. Nevertheless, these two metrics offer distinct 

interpretations, as I 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 

Shapiro-Wilk test (*p < 0.05), we applied the non-parametric Friedman test for repeated measures, 

as shown in Table 6.1. 
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Variable N Effect size Statistic 
Friedman 

P-value 

Wilcoxon 

test 

Adjusted 

p-value 

Torque 9 Large 13.55 ** 0.0011 

T 1 ï T 2 1 

T 1 ï T 3 * 0.012 

T 2 ï T 3 * 0.012 

CoV torque 9 Large 14 ** 0.0009 

T 1 ï T 2 0.903 

T 1 ï T 3 * 0.012 

T 2 ï T 3 * 0.012 

Envelope 9 Moderate 8.22 * 0.016 

T 1 ï T 2 0.08 

T 1 ï T 3 0.29 

T 2 ï T 3 1.000 

MNF 9 large 9.55 ** 0.0084 

T 1 ï T 2 * 0.023 

T 1 ï T 3 * 0.035 

T 2 ï T 3 0.750 

Mean AID 9 Moderate 8 * 0.01831 

T 1 ï T 2 0.117 

T 1 ï T 3 * 0.023 

T 2 ï T 3 0.387 

Mean AID FP 9 Moderate 8 ** 0.01831 

T 1 ï T 2 0.117 

T 1 ï T 3 * 0.023 

T 2 ï T 3 0.387 

Mean AID FT  9 Large 14.88 ** 0.0005 

T 1 ï T 2 * 0.012 

T 1 ï T 3 * 0.012 

T 2 ï T 3 0.223 

Mean AIV  9 Small 1.55 0.4594 --- --- 

Mean AIV FP 9 Small 0.88 0.6411 --- --- 

Mean AIV FT 9 Large 9.55 ** 0.0084 

T 1 ï T 2 * 0.035 

T 1 ï T 3 * 0.023 

T 2 ï T 3 0.387 

AEZ  9 Large 12.66 ** 0.0017 

T 1 ï T 2 * 0.023 

T 1 ï T 3 * 0.012 

T 2 ï T 3 0.117 

AMZ  9 Large 10.88 ** 0.0043 

T 1 ï T 2 * 0.012 

T 1 ï T 3 * 0.023 

T 2 ï T 3 0.903 

ACZ 9 Moderate 6.88 * 0.0319 

T 1 ï T 2 0.117 

T 1 ï T 3 * 0.023 

T 2 ï T 3 0.387 

AIS 9 Moderate 8 * 0.0183 

T 1 ï T 2 0.164 

T 1 ï T 3 * 0.023 

T 2 ï T 3 0.293 

stdFT coordinate 9 Large 14.88 ** 0.0005 

T 1 ï T 2 * 0.012 

T 1 ï T 3 * 0.012 

T 2 ï T 3 0.223 

stdFP coordinate 9 Moderate 8 * 0.0183 

T 1 ï T 2 0.164 

T 1 ï T 3 * 0.023 

T 2 ï T 3 0.293 

avgFT coordinate 9 Small 2.88 0.2358 --- --- 

avgFP coordinate 9 Small 1.55 0.4594 --- --- 

Table 6.1 Friedman tests for repeated measures because of the non-normal distribution of the data. When the test was significant, a 
Wilcoxon post-hoc test was performed to explore the pairwise comparisons among the time interval (beginning T 1, middle T 2, and 
end of contraction T 3). Significance level is identified as * p<0.05 and ** p<0.01. In red the non-significant p-values. 
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Figure 6.5 shows the values of the exerted torque (on the left) and the torque Coefficient of 

Variation (on the right) at the three considered time intervals. The exerted torque decreased by 

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

steadily increased. The decrease of the torque, as well as the rise in its variability, were statistically 

significant from T 1 to T 3 and from T 2 to T 3, but not from T 1 to T 2. 

From the analysis of the amplitude and the spectral parameter of the sEMG signals, different 

behaviours over time were observed. When examining the amplitude, I noticed an increase of the 

envelope over time, but the differences among the three considered time intervals were not 

significant. On the contrary, by inspecting the mean frequency values, as shown in Figure 6.6, we 

observed a significant decrease (*p < 0.05) of approximately 15 Hz from the beginning (T 1) to the 

middle (T 2), and approximately 25 Hz from the beginning (T 1) to the end (T 3) of the contraction 

(*p < 0.05).  

Figure 6.6 Mean Frequency computed at the beginning (T 1), at the midpoint (T 2) and at the end of the contraction (T 3).   

Figure 6.5 Upper plot: The normalized level of torque at the beginning (T 1), in the middle (T 2) and at the end (T 3) of the contraction. 
Lower plot: Coefficient of Variation of the normalized torque 
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In Figure 6.7 on the left plot, we can observe a significant increase (*p < 0.05) in the Mean AID from 

T 1 to T 3, while from T 1 to T 2 and from T 2 to T 3, the increase was not significant (p > 0.05). Since 

this measure is derived from the Mean AID calculated separately for the two different coordinates 

(AIDFT and AIDFP), a similar increasing trend was observed for each metric singularly. However, when 

analysing the FP direction, we noticed significant change from T 1 to T 3 (*p < 0.05), while on the 

FT, the increase was found to be significant (*p < 0.05) both from T 1 to T 2 and from T 1 to T 3, as 

can be seen in Table 6.1.  

In contrast, when analysing the Total AIP, as well as the Mean AIV that is obtained by dividing the 

AIP with respect to the time window length, as shown in equation 6.8, 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 the FP direction is an order of magnitude larger than the one 

produced on the FT direction. Upon individual analysis, we observed that while there were no 

significant changes in Total AIPFP, a significant increase (**p < 0.01) was evident in the FT direction 

(Total AIPFT), with significant differences between T 1 and T 3, as well as between T 2 and T 3. The 

Total AIPFT metric shown on the right plot of Figure 6.7. 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 directions (FP and FT) singularly.  

Figure 6.7 Left plot: Mean Activation Intensity Distance (AID), representing the distance vector of the RoA from the initial centroid of 
the map (i.e., the CoG of the first 20% of the contraction ). Right plot: Activation Intensity Path on FT direction (AIPFT), which represents 
the path travelled by the RoA coordinate along the Fibre-Transverse direction only. 
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Figure 6.8 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 presented a significant increase both from 

T 1 to T 2 and from T 1 to 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 the AMZ was observed, 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 the final time instant considered (T 3) was noticed. 

6.2.3. Discussion 

Consistently with results of previous studies (Corvini, Holobar, et al., 2022), I observed a decrease 

of the mean frequency alongside the progression of the contraction, reaffirming its utility in general 

muscle fatigue detection. However, this parameter could not precisely capture the differences 

produced within different areas of the muscle itself. I 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 firing (Cifrek et al., 2009). Interestingly, despite the 

observed trends, the difference in the amplitude of the EMG signal from the beginning to the end 

of the contraction was not statistically significant. This lack of significance might be explained by the 

activation of additional muscle areas that compensated for the reduced activity in other regions to 

sustain the contraction. In general, this leads to a situation where spatial averaging across the entire 

High-Density EMG grid obscures variations in local muscle activation. Additionally, the time window 

of ten seconds, which has been used for averaging these signals, might have further modulated 

these signals reducing the differences introduced by localized muscle activation changes.  

Figure 6.8 Left plot: Activation Circle Zone (ACZ), denoting the projected area of a circle whose radius is the 95% percentile of the 
AID. Right plot: Activation Movement Zone (AMZ), which estimates the total region covered by the RoA AIP per unit of time.  
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This observation reinforces the necessity for new metrics that accurately reflect the amplitude 

variations across specific muscle regions instead of providing a global picture of the muscle. Such 

metrics could provide detailed insights into how specific regions of a muscle become active as 

fatigue appears. Moreover, they could be exploited to develop targeted interventions or specific 

training programs, to mitigate the effects of muscle fatigue.  

Assessing the Region of Activation shifts with the novel proposed metrics can provide insights into 

the redistribution of muscle activity during fatigue. The Activation Intensity Distance showed a 

consistent increase during the contraction, indicating a substantial displacement 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 the size of the grid, the amount of shift along the FP direction was larger than the shift along 

the FT direction, producing the main effect in the Mean AID. This suggests that initially there is a 

more uniform and consistent muscle fibre recruitment in the FP direction, while as fatigue begins 

to be visible, there might be an increase in the lateral shift of the muscle activation. This lateral shift 

of muscle activity could be to recruit newer or less-fatigued motor units. This muscle activity 

redistribution might be a compensatory mechanism, engaging adjacent muscles to maintain the 

desired force output. When analysing the Activation Intensity Path, we observed that the shift of 

path along the FP direction is one order of magnitude larger than the one in the FT direction. This 

influenced the global metric (Mean AIP) with the larger contribution in the FP direction 

overshadowing the smaller contribution given by the total path of the FT coordinate. By examining 

the behaviour of the travelled path in the individual directions, no significant differences in the FP 

direction were found between the beginning and the end of the contraction. Contrarily, in the FT 

direction, there was a significant increase towards the end of the contraction. This observation 

further supports the hypothesis that, initially, there is a uniform spatial distribution of muscle 

activity aligned with the muscle fibre 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. 

The observed increase in Mean Activation Velocity, specifically in the FT direction, was associated 

with the development of muscle fatigue. This suggests a rapid adaptation of the recruited muscle 

fibres to sustain the contraction. These findings indicate that, although muscle primarily respond to 

strain with slower adjustments along the FP direction, rapid alterations in the FT direction might act 

as early signs of approaching exhaustion. Even though these lateral shifts in the FT direction are 
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smaller in magnitude, they become more rapid as fatigue intensifies, making these velocity metrics 

sensitive indicators to warn about imminent muscle exhaustion.  

This pattern is further reflected in three key parameters: Activation Circle Zone, Activation Ellipse 

Zone, and Activation Muscle Zone, all related to the displacement of the Region of Activation from 

its initial centroid location. We noticed that each variable could discriminate muscle fatigue from 

the beginning to the end of the contraction, as evidenced by a significant increase in the RoA shift 

towards the end of the contraction. Although they provide similar measures of the global shift of 

the RoA over time, AMZ specifically refers to the total area covered by the AIP, indicating a 

substantial variability in muscle activity. On the other hand, the AEZ provides a region in which the 

RoA is expected to be found considering two principal directions (FP and FT). Therefore, the change 

in the shape of the ellipse during fatigue can provide insights into the predominant directions of 

muscle activity shifts. These parameters collectively revealed that RoA displacement increased as 

fatigue progressed. Initially, at the onset of the contraction, a uniform distribution among 

participants was observed. Yet, as the lumbar erector spinae started to fatigue, this uniformity 

diminished, leading to greater inter-variability among subjects. This suggests that while a common 

adaptive strategy to counteract fatigue may exist, individual differences in the muscle strategy are 

evident. Such variability, particularly pronounced as muscle fatigue intensified, might be influenced 

by several factors like muscle morphology, conditioning, or even individual tolerance to the 

discomfort associated with fatigue. 

6.2.4. Prediction of time to task failure  

In addition to the results presented and discussed, I investigated whether these new spatial metrics 

might be used to predict the time to task failure. For this purpose, I conducted a linear regression 

analysis to explore the association between the maxima of the provided metrics and the endurance 

time, using the R2 value as goodness-of-fit measure, with its corresponding p-value setting alpha 

equal to 0.05. All the results are listed in Table 6.2. All the R2 values are obtained considering the 

regression line between the endurance time and maxima of the described metrics, except for the 

displacement measure, which was computed as the modulus of the displacement in Fibre-

Transverse and Fibre-Parallel directions at the beginning and at the end of the contraction (Farina 

et al., 2008). 
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Table 6.2. Linear regression models computed between endurance time and all the variables. We reported only the variable R2 and 
the p-value associated to the model. Values exceeding 0.5 are highlighted in green, while the significance of p-values was indicated 
by asterisks. In red the non-significant p-values. 

 

The results confirm the findings of Farina et al. (Farina et al., 2008), revealing that participants with 

significant muscle activity redistribution, as indicated by the displacement of the Region of 

Activation, exhibited longer endurance times (Ὑ  πȢυπυ, *ὴ πȢπυ). Interestingly, no significant 

correlations were found between the endurance time and the maximum level of torque or its 

maximum variability (identified by the maximum value of the CoV of torque), nor in commonly 

extracted surface EMG parameters (i.e., envelope and mean frequency).  

In contrast, by looking at the described spatial metrics, a positive correlation between endurance 

time and the maximum Mean Activation Intensity Distance was observed (Ὑ  πȢτφπ, *ὴ

πȢπυ). By analysing more in detail the different components composing the Mean AID, a strong 

positive correlation was found between the maximum Mean AID in the Fiber Transverse direction 

and the endurance time (Ὑ  πȢψωτ, **ὴ πȢπρ), as illustrated in Figure 6.9, while a weak 

Variable R2 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 Mean AID 0.460 * 0.0444 

Max Mean AID FP 0.438 0.0519 

Max Mean AID FT 0.894 ** 0.0001 

Max Mean AIP 0.102 0.4008 

Max Mean AIPFP 0.131 0.3373 

Max Mean AIPFT 0.779 ** 0.0016 

Max Mean AIV  0.230 0.1911 

Max Mean AIV FP 0.260 0.1603 

Max Mean AIV FT 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 avg FP 0.156 0.2913 

Max avg FT 0.884 ** 0.0001 

Max std FP 0.156 0.2913 

Max std FT 0.883 ** 0.0001 
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correlation was found in the Fiber Parallel direction (Ὑ  πȢτσψ, ὴ πȢπυ). Additional 

correlations were evident in the Activation Intensity Path and Activation Intensity Velocity, both 

showing strong relationships with endurance time (Ὑ  πȢχχωȟ **ὴ πȢπρ and Ὑ 

 πȢφψψȟ **ὴ πȢπρ, respectively) only on the FT direction, while almost no correlation on Fiber 

Parallel, and consequently on the global metric. By investigating the metrics related to the area 

covering the full shift of the RoA, significant correlations were also noticed, particularly in the 

Activation Ellipse Zone (Ὑ  πȢψςψ, **ὴ πȢπρ)  and Activation Circle Zone (Ὑ  πȢυτυ, ὴ

πȢπυ). 

Finally, when considering the maximum values of the mean and standard deviations of the RoA, I 

detected a very weak correlation between endurance time and these metrics computed on the FP 

directions, and a strong correlation with the maximum values extracted computed on the FT 

directions. Good correlation was also found in the analysis of the AIS (Ὑ  πȢυσσȟ *ὴ πȢπυ). 

All these results confirm the hypothesis that a muscle redistribution shift towards the transverse 

direction of the muscle fibres is adopted as a muscle strategy to mitigate the muscle fatigue process 

of the erector spinae. This shift on the FT direction might be interpreted as a compensatory 

mechanism of the neuromuscular system that, as soon as all the initially recruited fibres begin to 

Figure 6.9 Linear regression models demonstrating the correlation between maximum values of spatial metrics and endurance time. 
Top Left: mean Activation Intensity Distance in the Fiber Transverse (FT) Direction. Top Right: Activation Intensity Velocity in the FT 
direction. Bottom Left: Activation Ellipse Zone. Bottom Right: Standard deviation in the FT direction. 
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dimmish their activity, the muscle activity shifts because more muscle fibres are 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 on the FT 

direction, confirms that the larger the variability the longer the endurance time.   

These strong correlations suggest that the characteristics of these spatial metrics (particularly on 

the Fiber Transverse direction) might 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 is to explore the possibility of enhancing our understanding 

of muscle fatigue through measures derived from HD-EMG. I aimed at investigating how fatigue-

induced changes in the muscle activity manifest both spatially and temporally during sustained 

contractions of the erector spinae. To this scope, I introduced novel metrics designed to capture this 

spatiotemporal information, aiming to further characterize the fatigue progression over time. I also 

explored the potential of these spatiotemporal metrics to predict time to task failure through 

correlation analysis.  

The findings highlight the critical role of spatial changes to counteract fatigue. In fact, shifts of the 

muscle activity have been found to be associated with the progression of fatigue. Particularly, I 

observed that spatial changes in a specific direction of the muscle, the Fiber Transverse direction, 

are the last strategy that muscle adopted immediately before reaching exhaustion. As a result, the 

introduction of new metrics that are able capture and quantify these spatial changes might help not 

only in monitoring muscle fatigue but also in anticipating and preventing the moment of task failure 

before it occurs. In fact, strong correlations between peak values of some spatial metrics and 

endurance time show promising results in the estimation of task failure. 

Additionally, the innovative metrics derived from HD-EMG have been proved to be able to 

accurately characterise the neuromuscular adaptations associated with the progression of muscle 

fatigue. By integrating this spatial information, it might be possible to have a complete global picture 

of the muscular strategies to respond to the fatigue process during prolonged isometric 

contractions. However, even if several window lengths have been tested for the computation of 

these spatial metrics, further research is needed for a more robust validation of these metrics. 

Furthermore, tests on different muscles could confirm and validate the finding of this study.
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7. Final conclusions 
 

Surface electromyography has emerged as an extraordinary and versatile tool that is employed 

in a wide range of applications across different fields, including medical diagnosis, rehabilitation, 

prosthetic control, occupational health, ergonomics, sports, gaming, and research, among others 

(Merletti, 2004). In the clinical context, sEMG is considered the main tool to monitor muscle 

recovery and prepare customised rehabilitation programs. In the field of ergonomics, the sEMG 

application is fundamental for redefining or optimizing workplace design, aiming to prevent muscle 

injury and the resultant musculoskeletal disorders. Within sports science, surface EMG is utilised for 

analysing athletic performance, optimize training exercises, and preventing sports-related injuries. 

Furthermore, its integration into robotics, particularly in controlling advanced prosthetics and 

assistive devices, highlights its significant contribution to enhance the quality of life for many, 

especially those living with disabilities. Among these countless applications, the study of 

neuromuscular fatigue appears to be particularly significant. Extensive research in this area, using 

sEMG as a key research tool, continually advances our understanding of the muscle fatigue process. 

This thesis placed itself within this context, addressing the challenge of interpreting the 

myoelectrical signs of 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 HD-EMG, providing a general understanding of muscle fatigue. This dual approach 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., cut-off frequencies, type of window function, duration, noise level), 

covering several different situations to ensure a comprehensive comparison and robust evaluation 

of spectral estimation techniques. This 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 real-time signals, which prevents 
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accurate computation of the power spectral density. Consequently, by the impossibility of directly 

verify the results in real-world conditions, we can only assume that our hypotheses will hold true 

when analysing real sEMG due to the similarity between the simulated and real signals. Moreover, 

this study focused on the study of signals simulating single physiological state of muscle activity, 

without considering the time evolution of a real signal with the transitions from one state to 

another.  Future research 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 the time-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. However, targeting non-

focal muscles resulted in low-level sEMG signals with significant intra-subject 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 findings. 

The final study highlights the importance of performing multi-dimensional analysis using HD-

EMG. This tool captures detailed spatial patterns of muscle activation, offering a more 

comprehensive analysis of muscle fatigue beyond traditional bipolar sEMG. Moreover, 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 HD-EMG a promising tool in several areas as clinical rehabilitation, sports science, 

occupational health. However, the primary limitation of the study was the focus on a single muscle, 

without analysing the activity of other muscle (e.g. compensatory strategies) and thus the overall 

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 across different muscles and types of contractions. 

Finally, while HD-EMG 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 widespread 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: 

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

¶ How can bipolar and High-Density EMG technology enhance our comprehension of muscle 

fatigue? 

¶ 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 questions has been addressed in subsequent chapters.  

In chapter 4, we revised and presented the most common estimation techniques used to 

estimate the spectral parameters from sEMG signals. Two studies, deeply analysing the impact of 

muscle fatigue on the power spectral density of surface EMG signals, have been published on 

international journals ό/ƻǊǾƛƴƛΣ 5Ω!ƴƴŀΣ Ŝǘ ŀƭΦΣ нлннΤ /ƻǊǾƛƴƛ ϧ /ƻƴŦƻǊǘƻΣ нлннύ. The objective was to 

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 type and the noise conditions, 

revealing that the Tukey window 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) varying 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 6 in normal muscle condition to 12 

during fatigue. Then, a comparison of different estimators (Tukey window for Welch, 8th and 12th 

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 than the 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 highlighted the 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 other spectral 

estimators, making it the preferred 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 improve 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 guidelines 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 signals from multiple muscles to assess 

the muscular effort in tasks performed alongside cobots. A key aspect of this analysis was the 

calculation and interpretation of a time-varying co-activation index, indicative of muscle fatigue and 

thus, valuable indicator of biomechanical risk in cobot-assisted workspaces. Two experiments were 

simulated, the role of a cashier in a market and the one an assembler in manufacturing, examining 

various modalities of human-robot collaboration. The findings from these studies revealed that 

cobot integration could effectively reduce muscle co-activation levels during specific tasks. 

However, the nature of human-cobot interaction plays a critical role in these outcomes. In fact, the 

introduction of a cobot inevitably alters the muscle strategy 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 in specific directions (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 over their 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 muscle co-activation, potentially 

associated with a decreased biomechanical risk. 

These studies confirm the importance of using bipolar sEMG 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 useful objective 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 efficiency. 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 human-robot collaborations while reducing potential biomechanical risks. 

Finally, in chapter 6, I investigated the use of High-Density EMG to further improve our 

understanding of the muscle fatigue dynamics. The goal of this research was to explore the effects 

of using multi-electrode grids with an increased spatial resolution in the 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 serve as a neuromuscular strategy to counteract the progression 

of fatigue. Initially, I observed changes in muscle activation along the direction parallel to the fibres. 

However, as fatigue progressed towards the end of the contraction, spatial changes in the muscle 

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 distal part 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, I investigate the possibility of predicting the 

task failure by searching for correlations between these spatial metrics 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 

substantial practical implications. These insights, provided by High-Density surface EMG, could 

guide interventions to prevent muscle injuries in clinical rehabilitation, and could optimize training 

programs in sport science, preventing injuries based on individual endurance 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 amplify the impact of these findings, confirming their significance and utility 

in broader contexts. 

In conclusion, exploiting the advanced capabilities of bipolar and High-Density sEMG systems, 

this work investigates the myoelectrical manifestations of fatigue from new perspectives, offering 

new insights into the mechanisms underlying muscle fatigue and contributing significantly to the 

knowledge in this field. These findings not only enhance the methodological approaches to assess 

the myoelectric manifestations of muscle 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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Appendix A 

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

non-parametric and parametric estimation methods.  

Non-parametric estimation 

The non-parametric methods could be divided in two categories: 1) direct methods, which involve a 

direct transformation of the data, and 2) indirect methods, which exploit the Wiener-Khinchin 

theorem (Wiener, 1930) to extract the PSD from an estimate of the autocorrelation sequence. 

The periodogram is a nonparametric technique to estimate the Power Spectral Density (PSD) of a 

wide-sense stationary random process. The process of estimating the periodogram involves several 

steps. Initially, we apply the Fast Fourier Transform (FFT) to the data, which transforms a signal from 

the time domain to the frequency domain. The result is a complex spectrum that contains both 

amplitude and phase information at discrete frequency bins. However, to understand the power 

distribution across these frequencies, we need to modify the amplitude spectrum. 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 larger signals. 

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 PSD. This method is known as the 

Modified Periodogram, and it can be implemented according to the following formula: 

 

ὖ Ὧ  
ρ

ὔ
ύὼὩ  

 

A.1) 

 

where ὖ  is the estimate of the PSD, N is the number of samples, wn is a window function (i.e., 

rectangular) and xn is the discrete time signal. Windowing 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 effects. Ideally, we would like to have the signal 

spectrum unaltered by this convolution, but in practice, alterations are often observed. This because 
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an artifact, shaped by the FFT of the window function, is introduced into the signal. To mitigate 

these effects, various window functions have been created, each 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 signal (Jwo et al., 2021). In Appendix B we provide for the 

mathematical formulations of several window functions, such as Bartlett, Kaiser or Tukey (ύ  in Eq. 

A.1), 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 Bartlett (Bartlett, 1950) or 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 developed by Welch (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 one, where 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 method 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 of k = N/S samples. 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 percentage of the original 

signal length, as highlighted in Equation A.1. Several window functions have been compared in the 

study that we published on Sensors (Corvini et al., 2022), and details are provided in Appendix C. 

After selecting the window function, the PSD can be estimated according to the Welch method as: 

ὖ Ὢ
ρ

Ὓ
Ὅ Ὢ A.2) 

where Ik(i)
 is the i-th periodogram estimated on k samples as in Eq. A.100, and S is the total number 

of segments where the periodogram has been computed.  

Another non-parametric approach for estimating the PSD utilizes an indirect method. This technique 

calculates the PSD based on an estimated autocorrelation function, in accordance with the Wiener-
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Khinchin theorem. It's important to note that for real-world signals, a true autocorrelation function 

cannot be directly calculated; instead, only an estimate is possible. Therefore, the PSD is estimated 

using the following equation: 

 

ὖ Ὧ Ὑ άὩ  A.3) 

 

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

unbiased version of this estimator, defined as follows: 

 

 

 
Ὑ ά

ρ

ὔ ά
ὼ ὼᶻ ǿƛǘƘ Ƴ Ґ лΣ мΣ ΧΣ a A.4) 

 

where xn+m is the n-th sample of the signal at lag m, ranging from 0 to M, and ὼᶻ is the complex 

conjugate of the n-th sample. It is worth noting that only difference between the two versions of 

the estimator is in the normalization factor: the biased version of the estimator employs N instead 

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 model-based 

approach. In contrast to non-parametric methods, which operate directly on the signal, this 

approach assumes that the signals are realizations of a stochastic process 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 challenge shifts from estimating the PSD itself to the estimation of the 

model's parameters. One of the most powerful models is the so-called AutoRegressive Moving 

Average (ARMA) model, where each sample xn of the signal can be described as a linear combination 

of p past outputs and q+1 present and past inputs. In this research study, 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 found to be more reliable 

compared to Yule-Walker (de Hoon et al., 1996). This approach estimates the reflection coefficients 
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ὥ from past samples (i.e., measured data) and uses them to compute the prediction coefficient 

ὥ and consequently predict future samples of the signal based on the equation: 

 

 
ὼὲ  ὥὼὲ ὰ ǿƛǘƘ ƭ Ґ мΣ нΣ ΧΣ Ǉ A.5) 

 

where p is the model order and ὥ are the prediction coefficients. The coefficients can be obtained 

through the iterative Levinson-Durbin algorithm according to: 

 

 ὥ  ὥ  ὥ ὥ  ǿƛǘƘ ƭ Ґ мΣ нΣ ΧΣ Ǉ-1 A.6) 

and 

ὥ  Ὧ A.7) 

 

Here Ὧ  are the reflection coefficients and can be computed as: 

 

 
Ὧ  

ςВ ᾩὦ ὩzͅὪ

В Ὡ Ὡ
 

 

ǿƛǘƘ ƭ Ґ мΣ нΣ ΧΣ Ǉ-1 

 

A.9) 

 

where ᾩὪ  and ᾩὦ  are the forward and backward errors, respectively. The recursion is 

initialized with ὥ ρ. From these coefficients, the PSD can be calculated as follows: 

 

ὖ Ὧ  
„

ρ В ὥὩ  

 
A.8) 

 

where „  is the total error, ὥ are the prediction coefficients, and Ὧ is the frequency bin index 

ranging from π to . ρ. 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 

ᾩὪ  and backward ᾩὦ  prediction errors, which are computed for each value of the order l of 

the model (l = мΣ нΣ ΧΣ Ǉ). 
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„ ÍÉÎὉ ȿᾩὪὲȿ ȿᾩὦὲȿ  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 choose the minimum order.
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Appendix B 

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 spectral estimations by attenuating leakage and 

sidelobe effects when performing a Fourier Transform on finite-length signals. Given that the 

selection of an appropriate window function significantly impacts the accuracy and dependability of 

frequency analysis, as shown in Appendix A, this section delineates the mathematical expressions 

for the variety of window functions that have been tested (The SciPy community, 2008). For the 

visual representation, I set Ὢ ρπππ and ὔ  ρςψ, and I used zero padding to increase the 

spectral resolution. All the window functions are defined in the following.  

 

1. Bartlett: very similar to a triangular window, except that the first and last points are at zero. 

 

ύὲ

ừ
Ử
Ừ

Ử
ứςὲ

ὔ
ȟ              

ς
ςὲ

ὔ       

 

π ὲ
ὔ

ς
 

 

ὔ

ς
ὲ ὔ 

 B.1) 

 

 

Advantages: Reduces spectral leakage compared to the rectangular window. 

Limitations: Still has relatively high side lobes, not optimal for closely spaced frequencies. 
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2. Barthann, a modified Bartlett-Hann window similar to the Bartlett, but smoothing the ends 

points like the Hann window, resulting in a smoother version than a pure Bartlett. 

 

ύὲ πȢφςπȢτψȿὲȾὔ πȢυȿ πȢσψÃÏÓ ς“ὲȾὔ πȢυ  π ὲ ὔ  B.2) 

 

 

Advantages: Low near-side lobes compared to Triangular, helping in the reduction of spectral leakages. 

Limitations: Less commonly used and might not be readily available in all signal processing software libraries. 

 

3. Blackman, taper formed by using the first three terms of a summation of cosines. 

 

ύὲ πȢτςπȢυÃÏÓ 
ς“ὲ

ὔ ρ
πȢπψÃÏÓ 

τ“ὲ

ὔ ρ
 π ὲ ὔ ρ B.3) 

 

Advantages: Excellent side lobe attenuation, better leakage reduction.  

Limitations: Wider main lobe, resulting in poorer frequency resolution. 
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4. Blackmanharris, extension of the Blackman window and includes additional terms to further 

reduce the side lobes in its spectral response. 

 

ύὲ πȢσυψπȢτψψÃÏÓ
ς“ὲ

ὔ ρ
πȢρτρÃÏÓ

τ“ὲ

ὔ ρ
πȢπρρὧέί

φ“ὲ

ὔ ρ
 π ὲ ὔ ρ B.4) 

 

Advantages: Good ability to greatly attenuate side lobes. 

Limitations: Wider main lobe affecting frequency resolution, and more complex to calculate with respect 

to other window functions. 

 

5. Chebyshev: optimizes for the narrowest main lobe width for a given order N and provide a 

specified level of attenuation in sidelobe using Chebyshev polynomials. 

ύὲ ÃÏÓ
ὔ

ÃÏÓ‍ÃÏÓ
“ὲ
ὔ

ÃÏÓÈ
ὔ

ὧέίὬ‍
 

π ὲ ὔ ρ B.5) 

ύὭὸὬ ‍ ÃÏÓÈ ρȾὔȾὧέίὬ ρπͮ‎   

Advantages: Excellent control over side lobes, can achieve very low side lobe levels. 
































