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ABSTRACT  

SEMG applications use features extracted from surface electromyography (SEMG) data 

as inputs. The features often exhibit high variability across subjects, activities, and even 

across segments from a single contraction. The purpose of this work was to provide 

insights into SEMG feature variability to enable better data collection and interpretation. 

Variability in mean frequency (MF) and mean absolute value (MAV) was measured in 

simulation across stationary segments to estimate baseline variability. Then variability in 

the features was measured during two in vivo protocols involving static contractions: a 

single contraction ‘within-trial’ test and a set of contractions yielding a ‘between-trial’ 

test. For the ‘within-trial’ test, variability in MAV increased significantly from baseline, 

while the variability of MF did not (ANOVA, =0.05, p<0.001, p=0.35, respectively). 

For the ‘between-trial’ test, variability in MAV increased further, and MF significantly 

increased as well (ANOVA, =0.05, p<0.05, p<0.01).  A sensitivity analysis conducted 

in simulation was used to infer sources for variability beyond the baseline, and the 

number of active motor units emerged as the likely source for ‘within-trial’ increases, 

while conduction velocity and fibre depth emerged as likely contributors to ‘between-

trial’ increases, along with the number of active motor units.  

Feature variability can also be affected by electrode position during measurement.  

Focusing on spectral energy, bandwidth characteristics, and signal amplitude 

characteristics, five features were examined for use as an index to avoid the effects of 

innervation zone and tendon regions. Band power ratio (BRP), MF and absolute area of a 

normalized action potential (AANAP) demonstrated promising results by correctly 

identifying >80% of poorly positioned electrode channels. 
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CHAPTER 1 INTRODUCTION 

1.1 Objectives 

Surface Electromyography (SEMG) is a non-invasive technique used for detecting the 

electrical activity produced when muscles are activated. It provides information about 

activation patterns, levels of muscle contraction, and other muscular states, which can be 

used to drive a variety of SEMG-based applications, for instance gesture control devices 

(Du, et al., 2017) or diagnostic tools such as the Nicolet EDX® system(Natus Medical, 

Inc., ©2016). Despite its potential, SEMG is difficult to measure robustly (Balshaw, et 

al., 2017), and difficult to interpret (Farina, et al., 2004). 

Taking consistent SEMG measurements is difficult to do because they are affected by a 

variety of factors including an individual’s physiological characteristics, the muscular 

activities engaged in during measurement, the sensors (electrodes) and instrumentation 

technologies used to construct the measurement system, and set-up details like where the 

sensors are positioned. Each of these factors can influence features extracted from SEMG 

data which are used as inputs to drive SEMG-based applications. They add to the 

baseline variability in feature estimates, which is always present due to the random nature 

of SEMG signal generation. Insight into what contributes to variability in feature 

estimates can help guide improved measurement and analysis in SEMG-based 

applications, so the primary goal of this work was to examine feature variability in order 

to contribute to our understanding of it.     

In the first component of the work reported here, variability in mean absolute value 

(MAV) and mean frequency (MF) estimates was investigated, because these are two 
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commonly used features in SEMG-based applications.  For instance, MAV is used widely 

in myoelectric control devices (Englehart & Hudgins, 2003; Oskoei & Hu, 2008; Al-

Angari, et al., 2016), and MF is a common feature used in SEMG-based fatigue analysis 

(Phinyomark, et al., 2012; Marco, et al., 2017). Variability in these features was 

investigated via simulation to ascertain a baseline for what to expect as a minimum level 

resulting from sampling error, and to examine possible sources of additional variability as 

they are introduced during contractions, such as changes in muscle geometry, recruitment 

of additional fibres with increasing strength of contraction etc. Findings from simulation 

were then compared to variability observed in data recorded during in vivo 

experimentations, with attempts made to explain variability using knowledge gleaned 

from the simulation analysis. In summary, the objectives of this component of the work 

were: 

 Objective 1: to use simulated SEMG to establish a baseline variability for features 

based on variability due to sampling error. 

 Objective 2: to determine the influence on feature estimates, of physiological 

parameters associated with the generation of SEMG signals, through a sensitivity 

analysis conducted via simulation. 

 Objective 3: to compare simulation results with in vivo experimentation to infer 

what might be changing during contraction so that it may be considered during 

measurement and analysis.  

During the simulation analysis, electrode placement along the muscle was found to affect 

SEMG signal feature values considerably, especially when placed near innervation zones 
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(IZs), where nerve initiates muscular contraction, or near tendon regions, where muscles 

attach to bone. This is consistent with what is reported in literature (Merletti, et al., 2001; 

Rainoldi, et al., 2004). Electrode placement is therefore an important consideration when 

trying to measure SEMG signals consistently. 

Although the effect of electrode placement can be minimized by collecting multiple 

channel locations using linear electrode arrays and selecting the least-affected channel, 

these kinds of measurements add to the complexity of SEMG collection and processing, 

so single-channel SEMG is still commonly used (Gazzoni, et al., 2016; Merlo & 

Campanini, 2016).  Example applications include biofeedback (Sturma, et al., 2018), 

sport science (Hug & Tucker, 2017) and diagnosis of neuromuscular conditions (Naik, et 

al., 2016).  Since there is no existing technique for identifying locations affected by IZ or 

tendon regions with single-channel SEMG, guidelines based on geometrical landmarks 

observable from human bodies such as the SENIAM recommendations (Hermens & 

Freriks, 1997) are typically used to avoid these regions during measurement. However, 

the locations of IZ and tendon can vary considerably (Piccoli, et al., 2014) so that 

following the SENIAM recommendations does not always lead to avoiding placement 

over IZ and tendon. 

In the second component of this work, SEMG feature sensitivity to electrode location was 

examined in an effort to identify a feature which could be used as an index to discern 

electrode locations affected by IZ and tendon regions with single-channel SEMG. This 

was done with data recorded during in vivo experimentation with an electrode array of 7 

channels spread along the muscle.  The objective of this work was specifically: 
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 Objective 4: to extract feature values from SEMG data measured at electrode 

locations spread from close to far proximity with respect to innervation zones and 

tendon regions in order to identify any features that clearly separate data affected 

by these regions from data that are not.  

The two components of this work as outlined above are described in detail in Chapters 2 

and 3 respectively, which contain verbatim journal articles currently submitted for 

publication. Both articles have been submitted to the Journal of Electromyography and 

Kinesiology, a leading publication in the field of EMG studies. The author of this thesis 

is the principal author of both articles. Thesis supervisors are co-authors on both articles 

and Dr. Adrian Chan, a professor in the Department of Systems and Computer 

Engineering at Carlton University, is also co-author of the second article.  He supervised 

the experimental data collection for that study and contributed guidance through analysis. 

For a summary of results and contributions from these papers, refer to the concluding 

Chapter 4. The rest of this chapter provides an overview of the major concepts used and 

discussed in the articles. 

1.2  Overview of SEMG Simulation, Feature Estimation and Feature 
Variability 

1.2-1 MyoSim V2.0 – an SEMG Simulation Tool 

An SEMG signal is obtained as the measured electrical activity of muscles at the surface 

of skin. The fundamental component of a skeletal muscle is the motor unit (MU) which 

contains a motor neuron and all the muscle fibres it innervates. A muscle contraction is 

achieved by the simultaneous and consecutive activation of motor units. Upon the 

activation of a motor neuron, all the fibres in its MU will be activated, causing a potential 



 

 - 5 -  

change around each fibre that can be detected by sensors at the skin surface nearby. The 

potential detected from a single fibre is called the single fibre action potential (SFAP) 

while the potential from all fibres from a MU is called the motor unit action potential 

(MUAP). During a muscle contraction, the recruited motor units are activated at some 

rate described by firing statistics, resulting in a train of MUAPs separated by an inter-

pulse interval (IPI). The summation of motor unit action potential trains (MUAPTs) from 

all MUs activated during the contraction is an SEMG signal. 

In this work, the simulation tool MyoSim V2.0, originally developed by MacIsaac et al. 

(2006) and recently updated by MacIsaac et al. (2018) was used to simulate SEMG 

signals. MyoSim uses a finite-length model originally proposed by Plonsey (1974) and 

further developed by Gonzalez-Cueto and Parker (2002). With this model, SFAPs 

measured at the skin surface are generated by convolving a bi-directional propagating 

differential source with a tissue filter dependent on fibre parameters including: fibre 

conduction velocity, depth of the fibre, and location of innervation point relative to 

electrodes and the ends of the fibre. The MUAPs measured at the skin surface are then 

generated by summing the SFAPs of the corresponding MU. MUAPTs are formed by 

convolving MUAPs with impulse trains representing the innervation process with 

specified IPI (or firing statistics). Finally, a simulated SEMG signal is generated by 

summing all the individual MUAPTs from all the activated MUs. This process is depicted 

in Figure 1-1. 

The fibre geometry used in the generation of MUAP with MyoSim is depicted in Figure 

1-2. Each fibre within an MU has distinct geometry, modelled as uniform dispersions 

around centre values. 
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Figure 1-1: Summary of the EMG modelling process (MacIsaac, 2004) 

 

Example waveforms of simulated SFAP, MUAP, MUAPT and SEMG waveforms are 

depicted in Figure 1-3, extracted from a simulated bipolar SEMG recording with 58 

MUs. The figure shows the MUAP and MUAPT from a MU that contains 331 fibres, 

with conduction velocities ranging from 3.9-4.3m/s, proximal terminations set at 
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180±5mm from innervation point (IP), distal terminations set at 220±5 from IP, and IPIs 

ranging from 33.4-45.2ms. Electrode locations are modelled to be 50mm and 60mm from 

the IP, and fibre depths are set to 8.2±5mm from the electrodes. The SFAP shown in this 

figure (Figure 1-3a) has a depth of 4.95mm, a conduction velocity of 3.99m/s, a proximal 

termination 176.4mm and a distal termination 215.3mm. Table 1-1 delineates the 

parameters set in MyoSim to generate this example. 

 
Figure 1-2: MUAP model parameters (IP: motor neuron innervation point; 𝒅: distance between electrode and IP; 

𝒔: electrode spacing; 𝒓: fibre depth; 𝑳𝑳: distance between IP and distal termination; 𝑳𝑹: distance between IP and 
proximal termination). (MacIsaac, 2004) 

 

Parameters Value Parameters Value 

Fibres per Motor Unit 331 Number of Motor Units 58 

Distal Termination −220 ± 5 mm∗ Motor Unit Depth 6.1~22.1 mm∗∗ 

Proximal Termination 180 ± 5 mm∗ Motor Unit Alignment −20~20 mm∗∗ 

Radius of Motor Units 5 mm Radius of Limb 40 mm 

Inter-pulse Interval 33~100ms∗∗∗ Electrode Locations 50, 60 ± 5 mm∗∗∗∗ 

Conduction Velocity 4.1 ± 0.2m/s∗ Electrode Configuration Single Differential 
*Uniform random dispersion across fibres; ** Uniform random dispersion centred at 14.1mm in depth and 0mm in 

alignment; ***Uniform random dispersion across motor units; ****Distance measured with respect to innervation 

points. Dispersion indicated is across innervation points of different fibres. 

Table 1-1: MyoSim parameter values for the simulated recording shown in Figure 1-3. 
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Figure 1-3: a) SFAP, b) MUAP, c) MUAPT and d) SEMG waveforms from a simulated recording generated by MyoSim 
V4.5. The MUAP waveform is the sum of its 331 fibres, the MUAPT has an IPI of 33.4-45.2ms while the SEMG 
waveform is the sum of 58 MUAPTs. 

 

Enhancements to MyoSim were made for the current work in order to conduct the 

simulation analysis. The enhancements were made so that MyoSim could reload SFAP, 

MUAP and MUAPT parameters and waveforms generated in a previous session, to 

simulate a new recording with a subset of the parameters originally used. Figure 1-4 

depicts a screen shot of the window for setting parameters while simulating based on 

previously specified parameters. 
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Figure 1-4: Screenshot of MyoSim parameters window when simulating based on a loaded signal. 

1.2-2 SEMG Features Estimation 

In SEMG applications, a variety of features that represent different aspects of SEMG 

signal characteristics are used. For example, Hudgins & Parker (1993) proposed a time-

domain feature set that is commonly used in myoelectric control (Scheme & Englehart, 
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2014; Smith, et al., 2010). For a sampled and quantized SEMG recording 𝑥[𝑛] containing 

𝑁 samples, these features are described below in Table 1-2. A MATLAB library for 

computing these features was used in this work, as provided by Chan (2018). 

Feature Name Description Equation 

Mean Absolute 

Value 

(MAV) 

The mean of the rectified 

SEMG signal. 
𝑀𝐴𝑉 =

1

𝑁
∑|𝑥[𝑛]|

𝑁

𝑛=1

 

Zero Crossings 

(ZC) 

The number of sign changes 

within a signal. A threshold 𝑇ℎ 

is set to ignore crossings 

caused by noise. 

𝑍𝐶 =  ∑ 𝑓(𝑥[𝑛] × 𝑥[𝑛 + 1])

𝑁−1

𝑛=1

+ ∑ 𝑔 (
𝑥[𝑛 + 1]

𝑥[𝑛]
) 

𝑁−1

𝑛=1

  

𝑓(𝑥) =  {
1, 𝑥 ≤ 𝑇ℎ
0, 𝑥 > 𝑇ℎ

  

𝑔(𝑥) =  {
1, 𝑥 = 0
0, 𝑥 ≠ 0

 

Slope Sign 

Change 

(SSC) 

The number of slope sign 

changes within a signal. A 

threshold 𝑇ℎ is set to ignore 

changes caused by noise. 

𝑆𝑆𝐶 =  ∑ 𝑓((𝑥[𝑛] − 𝑥[𝑛 − 1])

𝑁−1

𝑛=2

× (𝑥[𝑛 + 1] − 𝑥[𝑛])) 

𝑓(𝑥) =  {
1, 𝑥 ≤ 𝑇ℎ
0, 𝑥 > 𝑇ℎ

 

Waveform 

Length 

(WL) 

The cumulative length of the 

signal. 
𝑊𝐿 = ∑|𝑥[𝑛 + 1] − 𝑥[𝑛]|

𝑁−1

𝑛=1

 

Table 1-2: Commonly used time-domain features for myoelectric control. 

Features that describe the frequency-domain characteristics of an SEMG signal have been 

reported extensively in tracking muscle fatigue, as delineated by Arjunan et al. (2014). 

Such features include mean frequency, median frequency and normalized spectral 

moments. For a power spectral density (PSD) estimate Φ𝑥𝑥(𝑓) with 𝑀 samples, these 

features are described in Table 1-3. The expressions used to calculate the features have 

been taken from Rogers & MacIsaac (2013). 
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Feature Name Description Equation 

Mean Frequency 

(MF) 

The estimated “centre of mass” for a 

PSD estimate. 
𝑀𝐹 =

∑ 𝑓𝑚Φ𝑥𝑥(𝑓𝑚)𝑀
𝑚=1

∑ Φ𝑥𝑥(𝑓𝑚)𝑀
𝑚=1

 

Median 

Frequency 

(MDF) 

The frequency which divides the 

PSD estimate into two regions with 

equal area. 

𝑀𝐷𝐹 = 𝑓𝐾 
such that 

∑ Φ𝑥𝑥(𝑓𝑚)

𝐾

𝑚=1

= ∑ Φ𝑥𝑥(𝑓𝑚)

𝑀

𝑚=𝐾

 

Normalized 

Spectral 

Moments 

(NSM) 

A generalized form of MF to the 𝑘th 

order. 
𝑁𝑆𝑀𝑘 =

∑ 𝑓𝑚
−1Φ𝑥𝑥(𝑓𝑚)𝑀

𝑚=1

∑ 𝑓𝑚
𝑘Φ𝑥𝑥(𝑓𝑚)𝑀

𝑚=1

 

Table 1-3: Frequency-domain features commonly used for muscle fatigue studies. 

In fatigue studies, the observed changes in the above frequency-domain features can be 

attributed to the spectral shifts caused by changing conduction velocity (CV) (De Luca, 

1984). The most common way to estimate CV is to measure the delay between two 

signals measured a known distance apart along the propagation direction of the muscle.  

For two signals collected at channel locations along a muscle separated by distance 𝑑, the 

peak of their cross-correlation will be located at delay ∆𝑡, and CV can be obtained as: 

 𝐶𝑉 =
𝑑

∆𝑡
 1-1 

Obviously, estimating CV in this way requires the collection of two channels. The 

technique is sensitive to small differences in channel characteristics, and perturbations in 

channel alignment with muscle fibres. Thus, CV is a feature that is not widely used in 

SEMG-based clinical and commercial applications. However, CV estimates often 

demonstrate abnormal values near innervation zones and tendon regions (Merletti, et al., 

2003), making it useful in identifying these regions for research purposes. 
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In addition to the features described in Table 1-2 and Table 1-3, SEMG signal quality 

analysis has focused on features described in Table 1-4. 

Feature Name Description Equation 

Four-term 

autoregressive 

model (ARM) 

coefficients 

The ARM computes the 𝑁th sample of 

a signal 𝑥 as a linear combination of the 

previous 4 samples. Each of the 

coefficients 𝑎1, 𝑎2, … , 𝑎𝐾 that minimize 

the squared error between 𝑥[𝑛] and 

�̂�[𝑛] for all 𝑛 are used as a feature. 

�̂�[𝑛] = ∑ 𝑎𝑖𝑥[𝑛 − 𝑖] + 𝑤𝑛

4

𝑖=1

 

Ten-bin 

Histogram 

The number of samples in each bin 

from a 10-bin histogram of a SEMG 

signal with equal bin widths. The 

number for each bin is used as a 

feature. 

/ 

Ten-bin 

Averaged PSD 

The PSD is computed by using Fast 

Fourier Transform and then squaring 

the result. This PSD is divided into 10 

frequency bins with the mean of each 

bin’s spectrum value used as a feature. 

/ 

Willison 

Amplitude 

(WAMP) 

The number of times the absolute 

difference between adjacent samples 

exceed a predetermined threshold 𝑇ℎ. 

𝑊𝐴𝑀𝑃 = ∑ ℎ(|𝑥[𝑛 + 1]

𝑁−1

𝑛=1

− 𝑥[𝑛]|) 

ℎ(𝑥) =  {
1, 𝑥 ≥ 𝑇ℎ
0, 𝑥 < 𝑇ℎ

 

Table 1-4: Additional features used in SEMG signal quality analysis. 

Other interesting features also reported in the literature include: band power ratio (BPR), 

used in diaphragmatic fatigue studies (Gross, et al., 1979) and myoelectric control 

(Oskoei & Hu, 2008); kurtosis (KUR), used in characterizing the probability distribution 

of SEMG signals (Nazarpour, et al., 2013); average motor unit potential (AMUP), whose 

characteristics was studied for the estimation of recruitment pattern (Komi & Viitasalo, 

1976); and bandwidth (BW), which is used to track muscle fatigue (Rogers & MacIsaac, 

2011). For a SEMG signal 𝑥[𝑛] with 𝑁 samples and its PSD estimate as Φxx(𝑓) with 𝑀 

samples, these features are described in Table 1-5. 
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Feature Name Description Equation 

Band Power 

Ratio (BPR) 

The power ratio between two frequency 

bands [𝑓1,𝑙𝑜 𝑓1,ℎ𝑖] and [𝑓2,𝑙𝑜 𝑓2,ℎ𝑖]. 
𝑀𝐹 =

∑ Φ𝑥𝑥(𝑓)
𝑓1,ℎ𝑖

𝑓=𝑓1,𝑙𝑜

∑ Φ𝑥𝑥(𝑓)
𝑓2,ℎ𝑖

𝑓=𝑓2,𝑙𝑜

 

Kurtosis 

(KUR) 

For a distribution described by a random 

variable 𝑥 with mean 𝜇 and variance 𝜎2, 

kurtosis reflects its flatness and tendency to 

have outliers. E(∙) represents the 

expectation operator. 

𝐾𝑈𝑅 =
E[(𝑥 − 𝜇)4]

𝜎4
 

Average 

Motor Unit 

Potential 

(AMUP) 

For a SEMG signal 𝑥(𝑡) normalized by its 

maximum value 𝑥max, a list of spike 

locations 𝑇sp[𝑖] of length 𝑁sp is first 

determined by finding the locations of local 

maximums that are above half the 

maximum amplitude of the signal, with 

spikes spaced at least 0.01s from each other. 

The ensemble average is then taken across 

samples from 0.01s before to 0.01s after 

each spike. 

𝐴𝑀𝑈𝑃(𝑡)

=
1

𝑁sp
∑

𝑥(𝑇sp[𝑖] + 𝑡)

𝑥max

𝑁sp

𝑖=1

 

 

𝑡 ∈ [−0.01, 0.01] second 

Bandwidth 

(BW) 

The difference between upper corner 

frequency 𝑓𝑐,ℎ𝑖 and lower corner frequency 

𝑓𝑐,𝑙𝑜. Corner frequencies are defined as the 

frequencies at which the power drop to half 

of the peak in a PSD. 

𝐵𝑊 = 𝑓𝑐,ℎ𝑖 − 𝑓𝑐,𝑙𝑜 

Table 1-5: Features used in establishing an index for the quality of electrode location. 

While the first part of the current work focused on examining variability in MAV and 

MF, the second part investigated MF, BPR, KUR (on the shape of PSD), the area of 

absolute AMUP and normalized BW in the search for an electrode site quality index. 

1.2-3 SEMG Feature Variability 

Factors that are sources of SEMG feature variability can be categorized as internal or 

external factors. External factors are factors that can be readily controlled during 

measurement, such as the muscles and tasks involved, measurement set-ups, and feature 

estimation techniques. Conversely, internal factors, mostly physiological parameters such 

as motor unit recruitment patterns (combinations of activated MUs) and muscle geometry 
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(fibre length, IZ location etc.), cannot be directly controlled during measurement. The 

categories, relationships and lists of factors are delineated in Figure 1-5. 

 
Figure 1-5: Categories, relationships and list of parameters that are sources of SEMG feature variability, with 
factors investigated in this work underlined. 

Sources of variability that the current work focused on are underlined in Figure 1-5. They 

are mostly internal factors. Firing statistics is of particular interest, because it is a random 

process which results in variability from segment to segment during the course of a 

measurement, even when all other factors are held constant. It is therefore the source of 

variability due to sampling error which cannot be avoided during measurement. 

Measurements on one individual and a specific muscle under static conditions 

(isometric/isotonic) provide limited control over the other internal factors, which are 

strongly influenced by activity parameters. However, even static contractions can 

introduce variability due to internal factors, based on changes in recruitment, which can 

lead to changes in all of the other internal factors based on which MUs are active. 

Insights into how all of these sources contribute to the additional variability observed 

Physiological Parameters 

 Muscle geometry 

 Motor unit recruitment 

 Conduction velocity 

 Firing statistics 

Activity Parameters 

 Contraction type (static 
or dynamic) 

 Specific movement task 

 Load level 

 Target muscle 

 Fatigue 

Measurement Parameters 

 Electrode placement 

 Electrode configuration 

 Amplifier settings 

 Sampling and 
quantization settings 

 Noise 

Estimation Parameters 

 Segment length 

 Estimation technique 

Affect 

Internal 
Factors 

External 
Factors 
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within well-controlled single isometric/isotonic contractions and between such 

contractions are provided in this work. 

Existing work reports on variability of SEMG features under various conditions, in 

efforts to quantify the limits of repeatability (Zaman, 2012; Carius, et al., 2015; Sorbie, et 

al., 2018). The most commonly tested features include amplitude features such as root-

mean-square (RMS) value and Integrated EMG (IEMG) and central frequency features 

such as median or mean frequency (MDF/MF). Mixed results have been reported on 

feature repeatability. For example, the RMS value across isometric maximum voluntary 

contractions performed in a single session was reported to be reliable for the pericranial 

muscle (Jensen, et al., 1993b), while high variability was reported for the tibialis anterior 

muscle (Araujo, et al., 2000). MDF slope over time is used as a fatigue measure during 

isometric contractions. Its between-session reliability was reported as extremely 

unreliable for the quadriceps muscle (McCarthy, et al., 2008), while demonstrated good 

reliability for the paraspinal muscle at most recording sites (Ebenbichler, et al., 2002). 

Much of the existing work reports on the effect of external factors, but little work has 

been reported on internal factors, likely because they are hard to study in vivo. Arnall et 

al. (2002) report that a load level of 50% maximum voluntary contraction is the most 

reliable level when assessing muscle fatigue using initial MDF, slope of MDF and slope 

of RMS. Similar results were reported by Rainoldi et al. (1999), who observed highest 

repeatability at a load level of 50% MVC for initial MNF and initial MAV during 

sustained static contractions. The same study also reported smaller within-day and 

between-day variability in initial MDF for the bicep brachii muscle compared to the 

findings of Ng and Richardson (1996) for back muscles. Such dependency of 
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repeatability on the analyzed muscles was also observed by Karamanidis et al. (2002). 

The study found higher repeatability in MF for gastrocnemius lateralis (GL) and 

gastrocnemius medialis (GM) than tibialis anterior (TA), vastus lateralis (VL) and 

hamstrings (HA), and higher repeatability in IEMG for GM, GL, TA and HA muscles 

than VL, during running cycles with different velocities and stride frequencies. In 

addition to load level and target muscle, Kollmitzer et al. (1999) found that the intra-

subject variance of MF and RMS estimates from upper leg muscles during isometric 

contractions at MVC and 50% MVC increased as the interval between contractions 

increase from 3 minutes to 90 minutes. Baratta et al. (1998) discussed the sources of 

variability in MF estimates, and proposed three methods for reducing the variability in 

PSD, a major source of MF variability. 

The first component of the current work focuses on the effects of internal factors, which 

has been rarely discussed in the literature. Conversely, the effect of electrode placement 

on SEMG feature estimates has been confirmed in many studies. In particular, these 

studies report that placing electrodes near innervation zones or tendon regions will result 

in variations in MAV, MF, MDF and CV estimates (Roy, et al., 1986; Jensen, et al., 

1993a). An informative discussion of the effect is provided by Merletti et al. (2001). 

Additional variance in feature estimates can also be introduced due to inconsistent 

electrode placements between test sessions or electrode shift during a test session (e,g, 

dynamic contractions). To avoid electrode sites that are affected by such effect, the use of 

multi-channel SEMG is currently required. Attempts to find an index that identifies 

affected locations using single-channel SEMG were made in the second component of 

this work.  
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CHAPTER 2 WITHIN-TRIAL AND BETWEEN-TRIAL VARIABILITY 
IN SURFACE EMG FEATURES 

2.1 Introduction 

The use of surface electromyography (SEMG) is promising in a wide range of 

applications such as assistive device control (Scheme & Englehart, 2011), muscle 

condition assessment during ergonomic and sport science studies (Rainoldi, et al., 2000), 

diagnosis of neuromuscular and musculoskeletal disorders (Rainoldi, et al., 2004), and 

rehabilitation (Shenoy, 2010). While it can provide insight into underlying neuromuscular 

processes, SEMG can be difficult to interpret, which in part, is due to variability in 

SEMG data (Farina, et al., 2004; Merletti, et al., 1999; Merletti, et al., 2001; Huckabee, et 

al., 2012). Characteristic features extracted from SEMG signals can demonstrate high 

variability between individuals, test protocols, testing sessions, and even between trials 

collected from the same individual during a single session (Rainoldi, et al., 1999). This 

leads to difficulties in reliable interpretation and application of results. 

Variability in SEMG features has been measured and reported extensively in the 

literature in efforts to quantify the limits of repeatability. Carius et al. (2015) provide an 

excellent summary of studies on intrasession variability which evaluate variability across 

trials within a same-day session. Other studies provide a look into between-day (or 

intersession) variability with the intent to rationalize mean power frequency as a 

repeatable measure for muscle fatigue (Rainoldi, et al., 1999; Arnall, et al., 2002; Mathur, 

et al., 2005). Most of the cited studies focus on amplitude features such as root-mean-

square (RMS) value or Integrated EMG (IEMG), and some also report on central 

frequency features such as median or mean power frequency (MF). Collectively these 
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studies yield mixed results regarding the repeatability of RMS value, IEMG and MF, 

which is not surprising given the diversity of muscles, activities, experimental set-ups, 

and estimation procedures utilized in the studies. 

Variability in SEMG features stems from many sources. Physiological parameters that 

influence signal features include which motor units are active, the number of fibres 

associated with each active unit, the geometry of each fibre with respect to the measuring 

electrodes (including fibre length, depth, location of innervation point, and the relative 

position to each other), the conduction velocity of each fibre, and random firing patterns 

(i.e. interpulse intervals) of each motor unit. These parameters are subject dependent, 

introducing variability across subjects. They are also activity dependent, influenced by 

factors such as the length of contraction, the type of contraction (e.g. static vs. dynamic), 

and the level of contraction (weak or strong). This dependence introduces variability 

across activities. Also, parameters associated with the measurement set-up itself can 

influence SEMG features. Such parameters include electrode configuration (monopolar 

vs bipolar), electrode spacing, and electrode positioning, as well as amplifier bandwidth, 

noise, and sampling and quantization settings. 

Subject and activity dependent physiology can be controlled by taking measurements 

from a single subject engaged in a particular activity, while measurement parameters can 

be controlled using a single measurement setup. Even then, variability will manifest 

within and between trials. Physiological parameters may change from contraction to 

contraction, and even over the course of a single contraction as different motor units are 

recruited and firing patterns are augmented. Also, the random nature of firing statistics 

makes the signal random. Features can only be estimated from a measured sample and 
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are subject to the effects associated with sampling error. It is therefore necessary to use 

statistical inference when interpreting SEMG data, even when interpulse interval between 

motor unit action potentials is the only source of variability. 

Typically, studies on SEMG feature variability report in terms of coefficient of variation 

(CoV), and/or intra-class correlation coefficient (ICC). Both of these metrics are related 

to the standard deviation across measured samples. The CoV is simply a ratio between 

the standard deviation of a feature estimate and its mean. It can be estimated across 

measurements from a single cluster (e.g. a set of MF values measured from an 

individual), but because it reflects a variability measure which is relative to the mean of 

the data, it allows for comparisons across clusters with different means (e.g. sets of MF 

values from many individuals). ICC must be measured across multiple clusters. There are 

different ways to estimate ICC (for a thorough review, see McGraw and Wong (1996) or 

Shrout and Fleiss (1979)) but all represent an estimate of the fraction of the total variance 

that is due to variation between the clusters. Since the total variance includes both within 

and between-cluster variance, ICC reflects a ratio between these sources of variability. 

When the ICC is high, the within-cluster variance is small, relative to the between cluster 

variance. This generally indicates that the measured values within each cluster (e.g. MF 

values from each individual) are sufficiently similar to each other so that different 

clusters can be easily distinguished. In this work, since clusters are made up of 

measurements from each individual, and it is already known SEMG features are subject 

dependent, the variability between clusters is not of interest. Thus, variability is reported 

using CoV, which is calculated as 
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 𝐶𝑜𝑉 =
𝜎

𝜇
 2-1 

where 𝜎 and 𝜇 is the standard deviation and mean across feature estimates respectively. 

The purpose of this work was to investigate variability in SEMG feature measurements to 

ascertain an expected minimum level and examine possible sources of additional 

variability as they are introduced across trials. It is problematic to isolate the sources of 

variability using SEMG data recorded in vivo, because physiological parameters cannot 

be readily controlled or directly measured during in vivo experimentation. Because of 

this, an SEMG simulation tool was first used to establish expected contributions of 

different variability sources. Statistical and sensitivity analyses were conducted on MF 

and Mean Absolute Value (MAV) estimates from simulated signals. Then these 

expectations were compared to variability observed in data recorded during in vivo 

intrasession experimentation. The more that is known about how sources of variability 

influence SEMG feature estimates, the better these sources can be attended to during 

experimental design, data collection, feature estimation and interpretation. 

2.2 Methods 

Simulation and experimentation were combined to investigate variability in MF and 

MAV feature values extracted from SEMG segments.  First, an analysis was conducted 

on simulated data to determine the expected variability in feature value estimates arising 

solely from stationary firing statistics and finite segment length. Since this is the minimal, 

unavoidable variability, it is referred to here as ‘baseline variability’. Then an analysis 

was conducted on simulated data to estimate the expected sensitivity of feature values to 

changes in physiological parameters including average fibre depth, conduction velocity 
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and number of active motor units. Finally, in vivo experimental data was recorded from 

the bicep brachii on the dominant arm of 11 subjects (7 male and 4 female, average age 

of 24.4±3.17) to estimate within-trial and between-trial variability in MF and MAV. Each 

subject completed all trials at two contraction levels.  For each contraction level, a 15-

second contraction was collected from each subject to estimate within-trial variability and 

15 5-second contractions were collected to estimate between-trial variability. 

2.2-1 Simulated Data 

To perform a variability analysis on controlled SEMG signals, the simulation tool 

MyoSim V4.5, originally developed by MacIsaac et al. (2006) and updated by MacIsaac 

et al. (2018), was used for signal generation. MyoSim simulates SEMG signals based on 

a finite-length model of muscle fibres which was developed by Gonzalez-Cueto and 

Parker (2002). Single fibre action potentials (SFAPs) measured at skin surface are 

generated by convolving a bi-directional propagating double layer differential source and 

a tissue filter dependent on fibre conduction velocity and fibre geometry (length, depth 

and location of innervation point relative to electrodes) (Plonsey, 1974). Then motor unit 

action potentials (MUAPs) measured at the skin surface are generated by summing 

multiple SFAPs with user specified physiological parameter values (i.e. those listed 

above along with the number of fibres per motor unit). Finally, MUAP trains are formed 

by convolving MUAPs with impulse trains representing the innervation process with user 

specified firing rates. By summing the individual MUAP trains, a simulated SEMG signal 

is generated. The number of motor units firing is also user configurable. 

The signals in this work were simulated to represent a single differential (bipolar) 

electrode configuration placed about 30mm proximal to the innervation zone of the 
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biceps muscle. Table 2-1 delineates user specified parameters available in the MyoSim 

tool. Values in the table reflect those found in typical bicep brachii as indicated in the 

literature (Lee, et al., 2008; Wheeler, et al., 2010) and by experience, and were used as 

reference values. Simulated records were generated based on the reference values, and 

were used for two analyses: first to determine baseline variability, and then to conduct a 

sensitivity analysis. 

Parameters Value Parameters Value 

Fibres per Motor Unit 300~400*** Number of Motor Units 100 

Distal Termination −180 ± 5 mm∗ Motor Unit Depth 12~30 mm∗∗ 

Proximal Termination 160 ± 5 mm∗ Motor Unit Alignment −15~15 mm∗∗ 

Radius of Motor Units 5 mm Radius of Limb 40 mm 

Firing Rate 10~30Hz∗∗∗ Electrode Locations 30, 40 ± 5 mm∗∗∗∗ 

Conduction Velocity 5 ± 0.2m/s∗ Electrode Configuration Single Differential 
*Uniform random dispersion across fibres; ** Uniform random dispersion centred at 21mm in depth and 0mm in 

alignment; ***Uniform random dispersion across motor units; ****Distance measured with respect to innervation 

points. Dispersion indicated is across innervation points of different fibres. 

Table 2-1: List of MyoSim parameters with reference values for bicep brachii. 

2.2-1a Determining Baseline Variability 

Statistical sampling variability in SEMG features refers to the variability across feature 

value estimates due to finite duration sample records and random firing intervals. It is the 

theoretical minimum variability in a feature estimate given a stationary random 

generation process. In simulation, this stationarity condition can be easily met, and such a 

process, if observed over infinite time, would yield a feature value estimate equal to the 

true value. However, even in simulation, feature values must be estimated from finite-

length segments and sampling errors arise leading to baseline variability between 

estimates. The magnitude of sampling error is related to the segment length observed and 

estimation technique applied (e.g. how power spectrum is estimated to calculate the MF 

feature). The estimation technique was held constant for this work simply by using a 

consistent technique, but segment length was investigated. 
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To establish baseline variability for different segment lengths, 100 contiguous segments 

were extracted from one long stationary signal simulated with duration 𝑇 =  3000s and 

sampling frequency 𝑓s = 5000Hz.  Muscle parameters were set to the reference values 

delineated in Table 2-1 and MF and MAV values were calculated for each segment 

according to Equation 2-2 and 2-3 respectively.  This process was repeated for segment 

lengths from  𝑇R = 1 s  to 𝑇R = 30 s, by extracting the first 𝑁R = 𝑇R ∙ 𝑓s data points from 

each segment.  The mean and standard deviation across segments were reported for each 

feature and segment length.  

For an SEMG segment 𝑋, MF was calculated according to: 

 𝑀𝐹𝑋 =
∑ 𝑓𝑚Φ𝑥𝑥(𝑓𝑚)𝑀

𝑚=1

∑ Φ𝑥𝑥(𝑓𝑚)𝑀
𝑚=1

 
2-2 

where 𝑀 is the length of the power spectral density (PSD), 𝑓𝑚 is the frequency of the 𝑚th 

component in the PSD and Φ𝑥𝑥(𝑓𝑚) is the magnitude of PSD at frequency 𝑓𝑚.  The PSD 

estimates were calculated using the squared magnitudes of the Fast Fourier Transform 

(FFT) coefficients of the segment, without any averaging. 

MAV was calculated according to: 

 𝑀𝐴𝑉𝑋 =
∑ |𝑥𝑛|𝑁𝑅

𝑛=1

𝑁R
 

2-3 

where 𝑥𝑛 is the 𝑛𝑡ℎ data point of 𝑋. 

Both MF and MAV are known to be affected by one or more of the physiological 

parameters defined in the simulation model.  Thus, the results provided through the 

processing outlined above apply only to a signal matching the reference values.  To make 

a comparison between simulated baseline variability and variability in signals recorded 

through in vivo measurement, effort was made to produce a set of simulated signals that 
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remained stationary, but otherwise matched the records.  A matching strategy recently 

developed by Tallam Puranam Raghu (2017) was used to accomplish this.  This strategy 

employed a genetic algorithm to optimize simulation input parameters so that the 

simulation output would match a particular signal.  The algorithm uses a comparison of 

PSD estimates from the simulated and recorded data as its fitness function.  The number 

of motor units, number of fibres per unit, fiber depth, and conduction velocity were 

optimized.  Each within-trial record was matched yielding a set of 22 simulated signals 

with the kind of variability in physiological parameters expected for 11 subjects each 

engaging in contractions at two different force levels.  Each of these signals was 

simulated with duration 𝑇 =  100s and sampling frequency 𝑓𝑠 = 5000Hz and the signals 

were segmented into 100 1-second segments.  MF and MAV were calculated for each 

segment and the mean, standard deviations and coefficients of variation were reported for 

each feature. 

Records collected from electrodes in single differential configuration during 

isometric/isotopic and non-fatiguing contractions, as simulated here, can be properly 

described as a stationary random process with Gaussian distribution and zero-mean 

(Clancy, 1999).  As a result, the MAV estimate for a segment extracted from an SEMG 

record is the mean of a folded symmetric Gaussian distribution. The CoV of MAV 

estimates across segments from an SEMG record 𝑋 described by such a process can be 

obtained as (Parker, et al., 1977) 

 CoV[𝑀𝐴𝑉𝑋] ≈
1

√4𝐵S𝑇R

 2-4 

where 𝑇R is the length of each segment in seconds and 𝐵S is the statistical equivalent 

bandwidth in Hz given by 
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 𝐵S =
[∑ Φxx(𝑓𝑚)𝑀

𝑚=1 ]2

∑ Φxx
2 (𝑓𝑚)𝑀

𝑚=1

  
2-5 

where 𝑀 is the length of the PSD of 𝑋, 𝑓𝑚 is the frequency of the 𝑚th component in the 

PSD and Φ𝑥𝑥(𝑓𝑚) is the magnitude of PSD at frequency 𝑓𝑚. This value can be 

considered to be the theoretical CoV and hence baseline value for an SEMG record under 

the stationary Gaussian assumptions. 

Since 𝑇 was fixed at 1s for the simulation, CoV of MAV estimates across segments is 

determined solely by 𝐵S. Since 𝐵S can be calculated from the PSD estimate of any signal, 

its corresponding CoV value can also be obtained using Equation 2-4.  Theoretical values 

for the CoV of MAV were calculated and reported along with the values calculated based 

on the mean and standard deviation across segments.         

2.2-1b Sensitivity Analysis 

To determine the influence of changing physiological parameters on MF and MAV 

estimates, a sensitivity analysis was performed on simulated signals. By changing the 

values of one parameter while leaving the others constant, effects from the changing 

parameter were isolated. Starting with the reference values for parameters delineated in 

Table 2-1, each parameter was varied in isolation within a range identified as reasonable 

for bicep brachii contractions. 

Preliminary analysis was conducted on a variety of simulation parameters to eliminate 

parameters yielding negligible effects.  Average fibre depth, conduction velocity, and 

motor unit recruitment emerged as influencing factors.  To observe the sensitivity to each 

of these factors, a signal was generated with the reference parameters and then 

regenerated identically (i.e. with the same motor units), except for a set of values 
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incrementally altered for each of the parameters of interest.  This yielded a set of signals 

that included the reference signal plus one for each of the altered values.  All of these 

signals were generated with a duration of 𝑇 = 100s, and segmented into 100 segments, 

for MF and MAV to be calculated.  The means across segments were then plotted against 

the changing parameter so that sensitivity, defined as the absolute value of the rate of 

change in feature per unit change in parameter, could be ascertained from tangent slopes 

in the curves.  

To observe sensitivity to fibre depth, each fibre was moved from its reference location in 

increments of 2 mm.  Since all fibres were moved by the same amount each increment, 

these shifts are reported here as shifts from the average depth across all fibres.  The 

average depth for the reference signal was 21 mm.  The average depth for the regenerated 

signals was varied from 17 mm to 29 mm.  

In MyoSim, each fibre’s conduction velocity is set by dispersing a value around an 

average velocity.  The reference values for these parameters were set to 5±0.2 m/s.  To 

observe sensitivity to CV, the average velocity was varied in increments of 0.5 m/s from 

3.5 m/s to 6.5 m/s.  The dispersion value was not varied. 

The reference value for the number of motor units was set to 100.  To simulate a variation 

in motor unit recruitment, signals were generated from subsets of the reference motor unit 

action potential trains originally generated.  The number of motor units in each subset 

was varied in increments of 2 from 2 to 10, then in increments of 5 from 15-50, and 

finally in increments of 10 from 60 to 90.  Ten different combinations of motor units 

were used in each of the 17 cases generated in addition to the reference signal.   
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2.2-2 Recorded Data 

A disk-pulley apparatus (as shown in Figure 2-1) was 

used to load the bicep brachii muscle isometrically and 

isotonically during within- and between-trial tests. For 

each of the 11 subjects, all of the tests were performed in 

the same session so experimental set-up, including 

electrode placement, remained constant. The target skin 

surface was cleaned with rubbing alcohol before 5 Ag-

AgCl bar electrodes (size 6×1mm, 5mm spacing) were placed near the muscle belly, 

where each electrode was perpendicular to the muscle. SEMG data were recorded using 

these electrodes in single differential configurations which resulted in 4 channels per 

record. To avoid signals with electrode placement issues (near the innervation zone or 

tendon regions), only one channel was chosen for analysis. Channels yielding CV 

estimates outside the range of 3.2-7.2 m/s or with unusual power spectra shape based on 

visual inspection were discarded. This sometimes resulted in more than one valid 

channel. When more than one channel for a subject was deemed valid, the channel with 

minimum MF was chosen for analysis since MF increases with proximity to innervation 

zone and tendon regions (Merletti, et al., 2003; Farina, et al., 2004b). 

SEMG signals from electrodes were processed first through a pre-amp configuration 

described previously by Lovely (1993), and then through Tektronix AM502 amplifiers. 

The combined gains were set between 4000 and 10000, depending on subject, and the 

low and high cut-off frequencies of these amplifiers were set to 10Hz and 1000Hz 

respectively. From the amplifier, the signal was connected to an oscilloscope for display, 

 
Figure 2-1: The disk-pulley apparatus 
used for loading the bicep brachii. 
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and through an anti-aliasing filter (cut-off frequency, 𝑓c = 500Hz). The signals were 

sampled at 𝑓s = 5000Hz and quantized with 16-bit resolution by a Measurement 

ComputingTM PCIM-DAS1602/16 board.  

Both the within-trial and between-trial tests were designed with loads at 25% and 15% of 

the subject’s maximum voluntary contraction (MVC) with elbow angle held constant at 

90° for a short duration (5s and 15s respectively). Such activity yields isometric/isotonic 

contractions with minimum fatigue. MVC was quantified during a separate session as the 

maximum load a subject could lift at the elbow angle using a Free Motion F624 cable 

machine.  Elbow angle was monitored via a potentiometer on the disk-pulley apparatus as 

a means of verifying the isometric contraction and quantifying angle variation. Despite it 

is impossible to have direct control over the physiological parameters of a muscle, the use 

of short static contractions helps to constrain known sources of physiological changes. 

The within-trial test included 1 isometric/isotonic contraction for each load level. Each 

contraction was held for 15s, yielding a record that was segmented into 15 1-second 

segments.  A rest period of 60s was enforced between contractions while subject 

remained in place to maintain a constant arm position. MF and MAV were estimated 

from each of the 1-second segments as delineated in Section 2.2-1a and CoV across 

estimates was calculated for each record. 

During the between-trial test, subjects were asked to repeat 5s isometric/isotonic 

contractions 15 times with 20s of rest between contractions. As in the within-trial test, 

this protocol was carried out for contractions at each load level. The subject remained in 

place for the entire test to maintain a constant arm position. A 1-second segment was 
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extracted from the middle of each contraction, resulting in 15 1-second segments for 

processing, for each level.  This data was processed identically to the within-trial test data 

so that variability could be compared between these conditions. 

To identify any differences in variability between the three data capture protocols (i.e. 

simulation/within-trial/between-trial), a statistical analysis was conducted on CoV. A 

three-factor ANOVA was used with sex, contraction level, and data capture protocol as 

factors, at a significance level of 𝛼=0.05. Post hoc paired t-tests with Bonferroni 

correction were performed to ascertain the factors contributing to any significant 

differences indicated. 

2.3 Results 

2.3-1 Baseline Variability and Coefficient of Variation 

Figure 2-2 depicts the mean and standard deviation of MF and MAV estimates across 100 

segments versus segment length for the stationary signal simulated with the reference 

parameters. As expected, the baseline variabilities in both features decrease as segment 

length increases due to the corresponding increase in number of data points used to make 

the estimates. For consistency, 1-

second segments were used for the 

remainder of the work.  At 1 

second, the coefficient of variation 

across 100 segments of this 

simulated signal was 3.07% for MF 

and 4.75% for MAV. 

 

 
Figure 2-2: Mean and standard deviation of MF and MAV 
estimates across 100 segments in different segment lengths 
(simulated SEMG with parameters delineated in Table 2-1). 
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Figure 2-3a depicts MF values estimated from 100 segments for each of the simulated 

signals, and 15 segments for the within-trial and between-trial records.  Figure 2-3b 

depicts the same information for MAV.  These figures offer a visualization of feature 

variability.  The simulated results represent the baseline variability expected for 

stationary SEMG.  Within-trial results represent our best attempt to measure baseline 

variability during in-vivo experimentation.  Between-trial results represent how 

variability is affected by resting and restarting.  Note that joint angle in both the within-

trial and between-trial tests varied less than 1 degree across segments pooled from all 

records for each subject.  Also, MF showed no trends across records for any subject 

(regression analysis), indicating the absence of fatigue. 

Figure 2-4 depicts the CoV of MF and MAV for each of the simulated signals and 

recorded data records.  Note that the MAV figure also shows theoretical values based on 

bandwidth estimates from the simulation data.  Figure 2-5 summarizes these data by 

depicting CoV values averaged across records, for the simulated, within-trial, and 

between-trial data.  The boxes represent standard deviation while the whiskers show 

extreme values. Note that CoV values for within-trial and between-trial records were 

limited to 15 feature estimates due to available record lengths. This causes some 

increased effects from sampling error compared to the CoV values for simulated data, 

calculated across 100 feature estimates. 
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(a)  

 
(b) 

Figure 2-3: Per-segment a) MF b) MAV estimates of simulation, within-trial and between-trial records, for 11 
subjects and 2 MVC levels. 

The mean ± standard deviation of CoV across records are shown in Figure 2-5 which 

provides a means for comparing simulated signals, within-trial records, and between-trial 

records.  For simulation data, the CoV values were μ±σ = 2.96±0.34% for MF and 

4.40±0.32 for MAV.  Note that the theoretical CoV values for MAV were μ±σ = 

4.67±0.21% which are comparable to simulated results.  For the within-trial records, CoV 

25% MVC 15% MVC 
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25% MVC 15% MVC 
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values were μ±σ = 3.18±0.81% for MF, and 12.00±4.84% for MAV. For the between-

trial records, CoV values were μ±σ =4.08±0.85% for MF, and 14.83±5.69% for MAV. 

 
(a) 

 

 
(b) 

Figure 2-4: CoV of a) MF b) MAV estimates across segments for simulation, within- and between-trial records 
across 11 subjects and 2 MVC levels. 

  
(a) (b) 

Figure 2-5: Distribution of CoV values for a) MF b) MAV across 22 simulation, within-trial or between-trial records. 
Boxplots indicate standard deviation while whiskers indicate extreme values. Theoretical CoV values of MAV were 
calculated for simulation records. 
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Results of the statistical analysis on MF (three-factor ANOVA, 𝛼 = 0.05) indicated 

significant difference for data capture protocols (𝑝 < 0.001), but no significant 

difference was detected for sex (𝑝 = 0.59), contraction levels (𝑝 = 0.83) or interactions 

(𝑝 > 0.35 for all interactions). Similar results were found for MAV, where ANOVA 

indicated significant difference for data capture protocols (𝑝 < 0.001), but no significant 

difference was detected for sex (𝑝 = 0.90), contractions levels (𝑝 = 0.94) or interactions 

(𝑝 > 0.15 for all interactions).  As revealed by the p-values from the Post hoc analysis 

shown in Table 2-2, CoV significantly differed between all data capture protocols, with 

the exception of simulation and within-trial data for MF. 

Feature Simulation/Within-trial Simulation/Between-trial Within-trial/Between-trial 

MF 𝑝 = 0.35 𝒑 < 𝟎. 𝟎𝟎𝟏 𝒑 = 𝟎. 𝟎𝟎𝟏𝟓 

MAV 𝒑 < 𝟎. 𝟎𝟎𝟏 𝒑 < 𝟎. 𝟎𝟎𝟏 𝒑 = 𝟎. 𝟎𝟒𝟑 
Table 2-2: P-values from post hoc paired t-tests with Bonferroni correction for the two-factor ANOVA on CoV values 
with MVC level and data capture protocol as factors, at a significance level of 𝜶 = 𝟎. 𝟎𝟓 (significance shown in 
bold). 

2.3-2 Sensitivity Analysis 

Figure 2-6a depicts MF as a function of average fibre depth, for different values of CV, 

based on simulation.  This figure illustrates that MF can be modelled as having a 3rd-

order decreasing trend with depth that is scaled-up for increasing values of CV.  This 

trend is a result of the tissue filtering effect.  Given the depicted family of curves, the 

sensitivity of MF to changes in fibre depth decreases with increasing depth. At the 

reference value of 21 mm, sensitivity ranges from 4.7Hz/mm to 8.4Hz/mm for the CV 

values depicted. 

Figure 2-6b depicts MF as a function of CV, for different average fibre depths.  This 

figure illustrates that MF can be modelled as having an almost linearly increasing trend 

with CV that is scaled-down for increasing values in depth. This is likely due to the time 
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scaling effect in action potentials detected by single differential electrode configuration 

as CV changes. Given the linear relationship depicted in the figure, the sensitivity of MF 

to changes in CV is almost constant.  At the reference value of 5m/s, sensitivity ranges 

from 9.5Hz/m/s to 21Hz/m/s for the fibre depths depicted. 

Figure 2-7a depicts MAV as a function of average fibre depth, for different values of CV, 

based on simulation.  The figure illustrates that MAV can be modeled as a 4th-order 

decreasing trend that is scaled-up for increasing values of CV.  This trend is a result of 

the tissue filter effect.  Given the depicted family of curves, the sensitivity of MAV to 

changes in fibre depth decreases with increasing depth.  At the reference value of 21 mm, 

sensitivity ranges from 4.2µV/mm to 16.5µV/mm for the CV values depicted. 

Figure 2-7b depicts MAV as a function of CV, for different fibre depths.  The figure 

illustrates that MAV can be modeled as a 2nd-order increasing trend that is scaled-down 

for increasing values of CV.  This trend is consistent with the known inverse relationship 

between amplitude and CV combined with the time-scaling effect of CV (González-

  
(a) (b) 

Figure 2-6: a) MF versus fibre depth for various CV; b) MF versus CV for various fibre depths (simulated SEMG). 
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Cueto & Parker, 2002).  Given the family of curves depicted, the sensitivity of MAV to 

changes in CV increases with CV.  At the reference value of 5m/s, sensitivity is ranges 

from 6µV/m/s to 57µV/m/s for the depth values depicted. 

Figure 2-8 depicts MF and MAV as a function of Number of Motor Units (NMU).  Ten 

data points for each NMU are shown, calculated from random subsets of motor units, all 

selected from the set of 100 units included in the reference signal, also shown on the plot.  

Note that any motor unit can be chosen for inclusion in more than one of the subsets.  

The mean across data points is shown and indicates a convergence towards constant MF 

for NMU>25, and an increasing trend in MAV.  This trend is expected with increasing 

fibre activity and is well documented in the literature (Suzuki, et al., 2002; Farina, et al., 

2004a; Farina, et al., 2010; Yao, et al., 2000).  The trend is roughly linear and converges 

to a sensitivity of 0.28µV/NMU for MAV when NMU>50.  Since MF converges to a 

constant, its sensitivity is 0Hz/NMU when NMU>25. 

  
(a) (b) 

Figure 2-7: a) MAV versus fibre depth for various CV; b) MAV versus CV for various fibre depths. (simulated SEMG) 
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Figure 2-8 shows that low NMU values lead to more variability across subsets in both 

MF and MAV. For low NMU, each subset is more likely to be made up of a unique set of 

motor units, but as NMU increases, subsets begin to share units which reduces variability 

of feature values across the subsets.  Figure 2-9 depicts CoV of MF and MAV versus 

NMU to capture this effect from motor unit recruitment. Note that the MAV plot also 

shows the theoretical values. 

  
(a) (b) 

Figure 2-8: Effect of motor unit recruitment on a) MF, b) MAV, with 10 combinations per NMU chosen from a pool 
of 100 motor units (included in the reference signal SEMG), investigated using simulated SEMG. Individual 
estimates are shown as crosses and the solid lines indicate average across 10 combinations. Results for reference 
signal shown at NMU=100. 

For NMU>25, for MF, CoV was μ±σ = 3.16±0.23%. This is consistent with expected 

baseline variability in CoV values (2.96±0.34%).  For NMU<25, the variability in CoV is 

higher, indicating the influence of motor unit recruitment on MF variability for low 

NMU.      

For NMU>50, for MAV, CoV was μ±σ = 4.75±0.18%.  This is consistent with expected 

baseline variability in CoV values (4.40±0.32%).  For NMU<50, the variability in CoV is 
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higher, indicating the influence of motor unit recruitment on MAV variability for low 

NMU. 

2.4 Discussion 

Results depicted in Figure 2-2 confirm the expected effect of segment length on feature 

variability, for both MF and MAV.  While variability decreases with increases to segment 

length for stationary signals like the one simulated to demonstrate this result, it is often 

not feasible to collect long records for processing during in vivo experimentation, or 

when using SEMG-based devices.  In some cases, like myoelectric control, segment 

length must be kept very short, for example 160ms (Robertson, et al., 2018), to avoid the 

effects of delay.  In other cases, like fatigue assessment, the segment length must be kept 

 
(a) 

 
(b) 

Figure 2-9: Effect of motor unit recruitment on the CoV of a) MF b) MAV estimates from simulated SEMG.  At each 
NMU value, 10 combinations are shown along with their mean. Theoretical values of MAV estimates are shown in 
(b). Results for reference signal shown at NMU=100. 
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sufficiently short (typically less than 10 sec, although this depends on the contraction and 

estimation approach used to assume stationarity within each segment (Farina & Merletti, 

2000; Rogers & MacIsaac, 2010; Thongpanja, et al., 2013).  While optimal segment 

length is application dependent, the results here show that it is prudent to choose as long 

a record length as possible when designing an SEMG experiment, or SEMG-based 

device. For applications that require segment lengths less than 1s, segment length will 

become a significant contributor to baseline variability. 

Although longer segments produce more precise feature estimates, 1-second segments 

were chosen for analysis in this work since this has been shown to be an upper limit for 

maintaining stationarity (Inbar & Noujaim, 1984) for the types of contractions being 

analyzed here, and since 1-second segments are practical for many EMG studies.  The 

simulation results depicted in Figure 2-3 and Figure 2-4 indicate that baseline variability 

measured by CoV can be expected to be around 3% for MF and 4.5% for MAV, at least 

for isometric/isotonic bicep contractions of strengths between 15-25% MVC (recall that 

the simulation data was matched to these conditions).  Note that the theoretical CoV 

values for MAV are very similar to the baseline values from simulation. 

The statistical comparison between simulated results and within-trial results indicated 

that the expected variability was observed for MF, but not for MAV: CoV values were 

higher in the within-trial records for MAV.  Because the aim for the simulation was to get 

an accurate estimate of CoV, and the number of segments available was unlimited, 100 

segments were included.  In comparison, to avoid fatigue, only 15 segments were 

available in the within-trial records; thus, the simulation provided a more accurate 

estimate.  However, given the sizable discrepancy in average CoV values (4.40±0.32% 
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from simulation vs. 12.00±4.84% from within-trial records), it is unlikely that better 

accuracy accounts for the difference observed.  Indeed, when re-analyzed using only 15 

segments in simulation, changes were minimal (4.22±0.8%).  Thus, the increase in 

variability observed in MAV during the within-trial tests suggests that factors other than 

sampling error had an influence. 

Results from the sensitivity analysis provide some guidance for attributing variability 

beyond the baseline to particular factors.  Assuming the contributions from both sampling 

error and any additional variability are additive and uncorrelated, an estimate of the 

additional variability can be calculated.  The total CoV measured from any in vivo record 

can be described as: 

 𝐶𝑜𝑉T
2 = 𝐶𝑜𝑉α

2 + 𝐶𝑜𝑉β
2 2-6 

where 𝐶𝑜𝑉α is the expected variability due to sampling error and 𝐶𝑜𝑉β is the variability 

introduced by other factors. Using this relationship and the estimate of 𝐶𝑜𝑉α observed 

through simulation, the amount of additional variability can be determined.  A 𝐶𝑜𝑉T of 

12.00% was observed in the MAV of within-trial records while a 𝐶𝑜𝑉α of 4.40% was 

observed in MAV in simulation; thus, 𝐶𝑜𝑉β in the MAV of within-trial records is 

√12.002 − 4.402% = 11.16%.  This value represents an estimate of the expected 

variability in MAV due to random variability in factors like average fibre depth, CV, or 

NMU during a contraction that subjects are trying to hold static. 

The amount of change in a particular factor required to yield the observed additional 

variability can be estimated using results from the sensitivity analysis.  The analysis 

provided an estimate of the expected change in feature value per unit change in factor.  

Converting these values to percent change in feature per unit change in factor provides a 
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comparison between 𝐶𝑜𝑉β and sensitivity if we interpret the sensitivity as the expected 

change in feature given a random variation in a particular factor with a standard deviation 

of 1. These percent sensitivity values are provided in Table 2-3.  Ranges are provided to 

encapsulate percent sensitivity across factor values depicted in Figure 2-6 and Figure 2-7.  

The percent sensitivity %∆𝑥o for an absolute sensitivity value ∆𝑥o at feature value 𝑥o 

was calculated according to: 

 %∆𝑥o =
∆𝑥o

𝑥o
× 100% 2-7 

 

Feature 
Sensitivity to 

Average Fibre Depth Conduction Velocity Number of Motor Units 

MF 1.6-12%/mm 15-22%/m/s 0%/NMU* 

MAV 13-28%/mm 39-60%/m/s 4%/NMU** 
*For NMU>25; ** For NMU>50. 

Table 2-3: Percent sensitivities for MF and MAV (calculated from the absolute sensitivity data). 

Dividing 𝐶𝑜𝑉β by percent sensitivity yields the standard deviation of the random 

variation in a factor required to yield the additional variability observed in a feature.  If 

average fibre depth were to account for the 11.16% 𝐶𝑜𝑉β in the MAV of within-trial 

records observed in this work, a random variation in depth would have to exist across 

segments, with a standard deviation of 0.40-0.86mm.  Likewise, standard deviations 

required to account for the additional variability through the other factors would be 0.19-

0.29m/s for CV and 2.8 for NMU. Given these values, the degree to which each factor 

would have to change in order to account for the additional variability observed is 

reasonable to expect in practice. 

The observations made about MF help to narrow down the likely factors contributing to 

the additional variability in MAV. Since little additional variability was observed in the 

MF of within-trial records, it is unlikely that depth or CV had much contribution to the 
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additional variability in MAV, as these factors affect MF and MAV simultaneously. 

Conversely, NMU has little affect on MF, but MAV is sensitive to NMU.  It is feasible 

therefore, to explain the observed additional variability of MAV in within-trial records by 

a recruitment pattern that adds and removes units of similar depths and CVs throughout 

the contraction. 

The total variability in MAV for between-trial records was 𝐶𝑜𝑉T = 14.83%.  This was 

statistically higher than both baseline and within-trial tests, suggesting that a different 

pool of motor units may be recruited each time a contraction restarts. The total variability 

in MF for between-trial records was 𝐶𝑜𝑉T of 4.08%.  Unlike within-trial tests, increased 

variability in MF was also statistically significant in the between-trial tests.  Thus, it is 

feasible that the pools of units recruited also had varying average depths, and/or CVs.  

Additional variability in MAV for the between-trial records was estimated to be 𝐶𝑜𝑉β =

14.16%.  The standard deviation of random variations in a factor required to account for 

this additional variability would be 0.51-1.09mm for average fibre depth, 0.24-0.36m/s 

for CV and 3.5 for NMU.  Additional variability in MF for the between-trial records was 

estimated to be 𝐶𝑜𝑉β = 2.81%.  The standard deviation of random variations in a factor 

required to account for this additional variability would be 0.23-1.76mm for average fibre 

depth, and 0.13-0.19m/s for CV. Again, the degree to which each factor would have to 

change in order to account for the additional variability observed is reasonable to expect 

in practice. 
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2.5 Conclusions 

The aim of this work was to estimate the expected baseline variability in SEMG feature 

measurements using simulation, and then examine the possible sources of the additional 

variability observed during in vivo experiment under same session, within-trial and 

between-trial protocols. Based on the results of this work, for 1-second signal segments, a 

baseline variability of about 2.96% in MF and 4.40% in MAV can be expected when 

everything is held stationary.  However, since both parameters were found to be sensitive 

to physiological factors average fibre depth, CV and NMU, it is unlikely that observed 

variability will be as low as the baseline in measurements, except under the strictest 

conditions.  It is possible to meet these conditions for MF as demonstrated by the within-

trial test during which MF variability did not increase beyond the expected baseline.  

However, the same cannot be said for MAV, which yielded an increase in variability, 

even during the within-trial test (12.00%).  For the between-trial test, an increase in 

variability was observed for both features (4.08% and 14.83% respectively).  This work 

shows that factors other than sampling error have influence on SEMG parameters, even 

during short, static, non-fatiguing contractions, and that restarting a contraction increases 

the influence.  The effects are likely due to recruitment patterns switching between motor 

units during contraction.  Since there were no significant differences noted between the 

contractions levels, this conclusion holds for contractions between 15-25%. 
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CHAPTER 3 A SIGNAL QUALITY INDEX FOR ELECTRODE 
LOCATION USING SINGLE-CHANNEL SURFACE EMG FEATURES 

3.1 Introduction 

The importance of proper electrode placement during surface electromyography (SEMG) 

has been addressed by many studies. Specifically, the importance of placing electrodes 

carefully to avoid innervation zones (IZ) (Rainoldi, et al., 2000; Rainoldi, et al., 2004; 

Farina, et al., 2001) and tendon regions (Rainoldi, et al., 2000; Masuda, et al., 1985; 

Merletti, et al., 2001a; Roy, et al., 1986) has been emphasized. Placing electrodes in these 

regions can cause poor signal quality for two major reasons. First, signals containing 

incomplete and non-propagating action potentials will be collected (Farina, et al., 2004). 

Second, action potentials passing under electrodes placed in a bipolar configuration 

within the IZ will be detected with opposite phases, causing cancellation and distorted 

action potentials to be collected (Merletti, et al., 1999). Placing electrodes over IZs or 

tendon regions can significantly alter estimated feature values from SEMG signals 

(Rainoldi, et al., 2004; Masuda, et al., 1985; Roy, et al., 1986; Merletti, et al., 2001b), 

making proper electrode placement an important consideration for applications which 

rely on such features, including SEMG-based assistive devices and diagnostic tools. 

The multi-channel linear electrode array has been a powerful tool for studying the effects 

of IZ and tendon regions, and can be used to identify them during data collection. As 

shown in Figure 3-1, the location of an IZ can be identified by noting channels along the 

array where phase reversal occurs and/or with low signal amplitude (Masuda, et al., 1985; 

Merletti, et al., 2003). IZ location can also be spotted from conduction velocity (CV) 

estimates based on cross-correlation analysis since their signs change for channels 
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located on different sides of the IZ and their values become invalid for a channel over IZ 

(Merletti, et al., 2003). The value of CV estimates may also become invalid for channels 

affected by tendons, due to the detection of non-propagating action potentials and the 

termination effect of propagating action potentials. A decrease in amplitude is also 

generally observed as channels in the array approach tendon regions (Rainoldi, et al., 

2004) and increases in mean frequency values have been noted as channels approach IZs 

and tendon regions (Rainoldi, et al., 2004; Merletti, et al., 2003). 

 
Figure 3-1: a) A schematic representation of the detection modality with linear electrode arrays (single differential 
recording). b) A typical signal recorded from the biceps brachii muscle (interelectrode distance 5 mm). c) Location 
of the IZs (dots where lines start) for the recording shown in (b). (Masuda, et al., 1985) 

Compared to single-channel SEMG, collecting and analyzing multi-channel SEMG data 

requires longer set-up times, more extensive equipment, and expertise of the user. When 

using is practical, an approach proposed by Kendell et al. (2012) can be applied to select 

the best channel for analysis.  However, due to the added complexity associated with 

multi-channel SEMG, single-channel SEMG is still commonly used (Gazzoni, 2016; 

Merlo & Campanini, 2016).  Example applications include biofeedback (Sturma, et al., 

2018), sport science (Hug & Tucker, 2017) and diagnosis of neuromuscular conditions 

(Naik, et al., 2016). Since some applications SEMG require only a single channel of data, 

it would be convenient to have a way to determine acceptable electrode locations by 
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analyzing single-channel data. The purpose of this work was to examine features 

extracted from multiple channels of SEMG data to determine if any of the features are 

suitable as a signal quality index sensitive to poor electrode placement, based on single-

channel data. 

The ideal feature for a signal quality index would be one that shows a significant 

difference between signals obtained from channels affected by IZs/tendons and those 

unaffected, in a consistent way across subjects. In this work, numerous features extracted 

from SEMG recordings collected with an electrode array were tested to determine if one 

or more have a definitive gap in value between channels that are ill-affected and those 

that are not. The aim was to distinguish between affected and unaffected channels with an 

index threshold consistent across subjects, so that the index could be used to 

automatically classify signals of low quality due to poor electrode placement, in a 

systematic way. 

In their work, Merletti et al. (2003) noted that proximity to the IZ and tendon regions 

cause incomplete and non-propagating action potentials to have influence on the 

measured SEMG. These effects can influence the shape of the waveform and both shift 

and skew its spectrum. Based on this, a broad range of features were tested for sensitivity 

and consistency across subjects. Features reported here include: mean frequency, 

normalized bandwidth, kurtosis of the bandlimited power spectrum, band power ratio, 

and absolute area of a normalized action potential. It is worth noting that preliminary 

studies using features established in other work as generally able to characterize SEMG 

(Fraser, et al., 2014) were also initially considered but yielded less consistent results than 

those reported here. These included four-term autoregressive model coefficients, 10th bin 
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of SEMG amplitude histogram, mean absolute value, 10-bin averaged power spectral 

density, number of slope sign changes, Willison amplitude, waveform length, and 

number of zero crossings. 

3.2 Methods 

In this work, SEMG data were collected with a linear electrode array from the bicep 

brachii of ten subjects during maximum voluntary contractions (MVC). Features were 

extracted from signals measured at each channel to observe how they varied across 

channels, and in particular to compare values from channels close to and far from IZs and 

tendon regions. To establish a standard upon which to judge each feature as a signal 

quality index, channels near to the IZs or tendon regions had to be identified, and since 

individuals have differing physiologies, this had to be done on a subject-by-subject basis. 

To do so, three experts examined data from each channel and established consensus for 

each subject in identifying the channels as either sufficiently close to IZs/tendon regions 

to affect the signal, or sufficiently far to have negligible effect. Those affecting the signal 

were assumed to yield poor quality signals and were identified as low quality (LQ) 

channels. Those unaffected were assumed to yield good quality signals and were 

identified as high quality (HQ) channels. Experts considered electrode location (the ends 

of the array, or near the belly of the muscle) in their evaluation but also considered 3 

corroborating factors, all based on cross-correlation between signals measured from 

adjacent channels: magnitude and sign of conduction velocity, symmetry in the cross-

correlation function, and cross power, estimated by the peak of the cross-correlation. 
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3.2-1 Data Collection 

Data collection was performed with a linear electrode array which included eight pre-

gelled Ag/AgCl electrodes (circular conductor with diameter 11mm) placed along the 

subject’s biceps brachii. A reference electrode was placed on the back of each subject’s 

neck. The electrodes and amplifiers were configured similar to what is shown in Figure 

3-1a, but with an interelectrode distance of 20mm (centre to centre) and only seven 

channels as shown in Figure 3-2. Adjacent channels shared one electrode and channel 1 

to 7 spread from the distal to proximal end of the upper arm, with channel 1 located 

closest to the elbow. The electrodes were connected to a Grass® F-15EB/B1 electrode 

board, which routed the signals to Grass® 15A54 quad amplifiers. The amplifiers have 

built-in configurable high-pass and low-pass filters, whose cut-off frequencies were set to 

3Hz for the high-pass and 1000Hz for the low-pass during the tests. The gain of the 

amplifiers ranged from 500 to 2000 so that the signal amplitude was maximized for each 

subject without saturating the amplifiers or data acquisition board (DAQ). The amplified 

signals were fed into a National Instruments® USB-6216 DAQ, where they were 

sampled at 3000Hz and quantized at 16-bit. Finally, the digital signals were sent to a 

computer via USB connection for offline processing. 

 
Figure 3-2: Diagram of SEMG data collection equipment setup. 
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SEMG data was collected from the bicep brachii muscles of ten subjects (seven males 

and three females, age 21.0±2.0). Before each test, skin preparation was done by rubbing 

with Nuprep® abrasive gel followed by cleaning with isopropyl alcohol. The electrode 

array was then attached to the upper arm along the subject’s bicep brachii. Channel 

cables were affixed to surrounding skin with sport tape to minimize wire movement and 

potential false contact. After proper electrodes affixation, the impedances between each 

pair of the electrodes (i.e. each channel) were measured to ensure good contact. Skin 

preparation was repeated when the measurement was higher than 10kΩ. 

Data was collected from each subject during rest and MVC. For rest data, the subjects 

were asked to relax the upper arm so that no action potential was observed during a 10-

second recording used to measure background noise level. The choice to use MVC during 

activation was made so that most motor units and the full muscle cross-section was 

represented in the measurement. For MVC recordings, subjects were asked to push 

upward against the bottom of an unmovable platform with the elbow flexed at about 90°. 

A total of three MVC trials were performed with just over 3 seconds of contraction for 

each, with 60 seconds of rest between trials. The collected data was visually inspected in 

both time and frequency domains to ensure that they were free of excessive background 

noise. Trials with noticeable noise were discarded and repeated. Then a 3-second record 

was extracted from the middle of each trial. The trial record with the most consistent 

amplitude (determined the per-0.33s mean absolute values) for each subject was selected 

for analysis. 
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3.2-2 Data Processing 

For each subject, five features were calculated from the 3-second segments measured 

during MVC at each channel. Four of the features were based on a power spectral 

estimate. When the estimate was calculated with a Welch’s spectral estimator, Hamming 

windows of duration 𝑇w = 0.67s were used with a 50% overlap. When a Burg’s 

estimator was used, the order of the autoregressive model was set to 12.  Further details 

regarding each feature calculation are delineated below:  

1.  Mean frequency (MF) is a weighted average frequency of the power spectral density 

(PSD). First, the PSD Φ𝑥𝑥(𝑓) was calculated using Welch’s estimator. Then MF was 

calculated according to 

 𝑀𝐹 =
∑ 𝑓𝑚Φ𝑥𝑥(𝑓𝑚)𝑀

𝑚=1

∑ Φ𝑥𝑥(𝑓𝑚)𝑀
𝑚=1

 3-1 

where 𝑀 is the length of the PSD, 𝑓𝑚 is the frequency of the 𝑚th component in the PSD 

and Φ𝑥𝑥(𝑓𝑚) is the magnitude of the PSD at frequency 𝑓𝑚. 

2.  Normalized Bandwidth (NBW) was calculated by first obtaining a PSD estimate using 

Burg’s autoregressive estimator. This estimator was chosen because it yields a PSD free 

of fluctuation with monotonic ascending and descending intervals. This simplified the 

searching process for the parameters used to calculate NBW. The bandwidth was 

considered to be the difference between upper corner frequency 𝑓c,hi and lower corner 

frequency 𝑓c.lo where PSD amplitudes were -3dB relative to the maximum amplitude. 

Then the bandwidth was normalized by 𝑓max, the frequency which corresponded to the 

maximum amplitude of the PSD: 

 
𝑁𝐵𝑊 =

𝑓c,hi − 𝑓c,lo

𝑓max
 

3-2 
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3.  Kurtosis (KUR) is a measure which can reflect the flatness of a distribution, and how 

often a distribution tends to have outliers (Westfall, 2014). In this work, the PSD of each 

channel, bandlimited to twice the corresponding mean frequency estimate, was treated as 

a distribution whose Kurtosis was calculated. First the PSD was estimated using Welch’s 

estimator, and then normalized by the total power according to: 

 Φ̃𝑥𝑥(𝑓𝑚) =
Φ𝑥𝑥(𝑓𝑚)

∑ Φ𝑥𝑥(𝑓𝑚)𝑀
𝑚=1

 3-3 

where 𝑀 is the length of the PSD, 𝑓𝑚 is the frequency of the 𝑚th component in the PSD 

and Φ𝑥𝑥(𝑓𝑚) is the magnitude of PSD at frequency 𝑓𝑚. Then the bandlimited PSD 

Φ̂𝑥𝑥(𝑓𝑚) was obtained through truncating Φ𝑥𝑥(𝑓𝑚) to twice the corresponding MF. 

Finally, KUR was calculated using the Pearson moment (Fiori & Zenga, 2009) since it is 

commonly-used and easy to implement. This moment defines Kurtosis as: 

 𝐾𝑈𝑅 =
E[(𝑥 − 𝜇)4]

𝜎4
 3-4 

where 𝑥 is a random variable with 𝜇 as its mean, and 𝜎2 as its variance. Accordingly, for 

a distribution given by Φ̂𝑥𝑥, its mean 𝜇 is the mean frequency given by Equation 3-1 and 

its variance is given by: 

 𝜎2 = E[(𝑥 − 𝜇)2] = ∑ (𝑓𝑚 − 𝜇)2Φ̂𝑥𝑥(𝑓𝑚)

𝑀′

𝑚=1

 3-5 

The numerator of Equation 3-4 is thus 

 E[(𝑥 − 𝜇)4] = ∑ (𝑓𝑚 − 𝜇)4Φ̂𝑥𝑥(𝑓𝑚)

𝑀′

𝑚=1

 3-6 

where 𝑀′ is the length of the bandlimited PSD. 
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4.  The band power ratio (BPR) is a ratio of power above and below a threshold 

frequency 𝑓TH. For this work, the PSD was calculated using Welch’s estimator and the 

threshold was set to 𝑓TH = 110Hz. This threshold was chosen based on observations 

made by Beck et al. (2009) while examining the influence of electrode placement over 

IZs on low vs. high bands of the SEMG frequency spectrum. 

5.  The absolute area of a normalized action potential (AANAP) is the area under the 

absolute value of an averaged motor unit action potential (AMUP) waveform obtained 

from normalized SEMG recordings using a spike-triggered ensemble averaging scheme 

proposed by Lang et al. (1971) and slightly modified by Viitasalo and Komi (1975). To 

extract an AMUP, spike peaks were first located in the SEMG segment that was 

normalized by its maximum value. The normalization of SEMG recordings by their 

respective maximum values makes AMUP waveforms comparable across channels. Spike 

peaks were found by locating the local maximums for all sections of the signal that were 

above a threshold in normalized absolute amplitude set to 𝐴𝑡ℎ = 0.5, and at least 10ms 

(30 samples) away from any other peaks. For the 𝑀 spikes identified, individual 

waveforms were extracted taking 20.3ms centered around each peak (30 samples on each 

side of the peak sample). An ensemble average was taken across the 𝑀 individual 

waveforms resulting in an AMUP waveform of 20.3ms for each channel. Then the 

AANAP values were obtained as the area under absolute values of these waveforms. 

3.2-3 Data Analysis 

With features calculated for each channel, and all channels near the IZs/tendon regions 

identified by experts, an analysis was conducted to compare performance of the features 
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as a signal quality index. Two performance metrics were used, both based on measuring a 

feature’s ability to distinguish between LQ and HQ channels. 

First, a clustering analysis technique was used to quantify the separability of feature 

values from LQ and HQ channels (labeled according to expert evaluation). This 

technique, known as a silhouette analysis, is widely used in data mining applications to 

determine the number of clusters in a data set when applying the K-means clustering 

algorithm (Kaufman & Rousseeuw, 1990). First, a silhouette value for each feature value 

𝑖 in the HQ cluster was calculated according to 

 𝑠(𝑖) =
𝐿𝑄(𝑖) − 𝐻𝑄(𝑖)

max{𝐿𝑄(𝑖), 𝐻𝑄(𝑖)}
 3-7 

where 𝐻𝑄(𝑖) is the average distance of 𝑖 to all other samples in 𝐻𝑄 and 𝐿𝑄(𝑖) is the 

average distance of 𝑖 to all the samples in 𝐿𝑄. Since feature values are 1-dimensional, 

distance is simply calculated as the absolute difference between two values. Then the 

silhouette values for each element were averaged to obtain the measure of separability, 𝑆, 

for the feature. This metric varies between -1 to 1 and values closer to 1 indicate samples 

in 𝐻𝑄 are much closer to their own cluster than they are to values in 𝐿𝑄.  This measure of 

separability was calculated for each feature across all subjects. 

Next, a threshold was set for each feature that aimed to separate HQ channels from LQ 

channels.  Channels that yielded feature values on one side of the threshold were 

classified as HQ channels according to that feature, while channels that yielded feature 

values on the other side were classified as LQ channels. The threshold was set to 

maximize overall classification accuracy using the results of expert evaluation as true 

classes (i.e. labels). Accuracy was quantified as a percentage of channels correctly 
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categorized by the threshold as either HQ or LQ, assuming the expert classifications to be 

100% accurate. For comparison purposes, accuracies were also broken down in terms of 

LQ as affected by IZs vs tendon regions. From an application perspective, it is more 

consequential to keep data from LQ channels than it is to discard data from HQ channels, 

so a measure of how many of the channels classified by each feature as HQ were wrongly 

classified is also useful; thus the misclassification rate of HQ channels by feature is also 

reported, calculated as: 

 𝜀𝐻𝑄 =
𝑛𝐻𝑄,𝑤𝑟𝑜𝑛𝑔

𝑛𝐻𝑄,𝑡𝑜𝑡𝑎𝑙
 3-8 

where 𝑛𝐻𝑄,𝑡𝑜𝑡𝑎𝑙 is the total number of channels classified as HQ with the set threshold and 

𝑛𝐻𝑄,𝑤𝑟𝑜𝑛𝑔 is the number of channels among them that were wrongly classified as HQ. 

3.3 Results 

3.3-1 Expert Evaluation of Channel Quality 

Figure 3-3 depicts the set of cross-correlation plots for adjacent channels of Subject 4. 

Conduction velocity (CV), cross-power (peak), and individual channel RMS powers are 

all indicated in the plot. Threshold values are also indicated which represent 15% of the 

mean of the RMS powers from the individual channels. Expert evaluators used these 

parameters collectively as a guide in classifying LQ and HQ channels. In classifying HQ 

channels, experts looked for reasonable CV values (ranging from 3-7 m/s), symmetry in 

the cross-correlation, a cross-power greater than the mean power threshold, and also took 

into consideration CV sign changes, and locations of the channel. In the example 

depicted, channel 4 was identified as an IZ-affected LQ channel and channel 7 was 

identified as a tendon-affected LQ channel. While the locations and values varied from 
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subject-to-subject, the trends delineated in Figure 3-3 are representative across the data 

set. 

 
Figure 3-3: Cross-correlation plots for channels from Subject 4 that were used in expert evaluation. The CV 
estimates based on cross-correlation are shown on the left. The peak value of each cross-correlation plot (cross 
power) is shown and compared to a threshold, which is calculated as 15% the mean between the individual powers 
(shown on the right in boxes) of the two channels included in the cross-correlation. 
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Table 3-1 delineates the results of channel quality evaluation conducted by the three 

experts, greyscale-coded with lighter grey indicating channels affected by IZs and darker 

grey indicating channels affected by tendons. Of the 70 channels analyzed, 45 were 

classified as HQ channels while 13 were considered LQ channels affected by IZs and the 

remaining 12 were considered LQ channels affected by tendons. 

Subject Channel 1 Channel 2 Channel 3 Channel 4 Channel 5 Channel 6 Channel 7 

1 Tendon HQ HQ IZ HQ HQ HQ 

2 Tendon HQ HQ IZ HQ HQ Tendon 

3 Tendon HQ HQ IZ IZ HQ HQ 

4 HQ HQ HQ IZ HQ HQ Tendon 

5 Tendon HQ HQ IZ IZ HQ HQ 

6 Tendon Tendon HQ HQ HQ IZ HQ 

7 HQ HQ HQ IZ HQ HQ HQ 

8 Tendon HQ HQ HQ IZ HQ HQ 

9 Tendon HQ HQ HQ IZ HQ HQ 

10 Tendon HQ HQ IZ IZ HQ Tendon 
Table 3-1: Channel quality expert evaluation results, with channels affected by IZ marked in lighter grey, tendon 
regions in darker grey and those unaffected by either (HQ channels) in white. 

3.3-2 Performance of SEMG Features 

Examples of power spectral estimates and AMUPs taken from an LQ channel (Subject 4, 

channel 4), and an HQ channel (Subject 4, channel 5) are shown in Figure 3-4 and Figure 

3-5. Differences between HQ and LQ channels as shown in the figures are representative 

of the dataset in general. 

In the example shown in Figure 3-4, corner frequencies and mean frequency are indicated 

on the PSD obtained using Burg’s method. The PSD obtained from the HQ channel 

demonstrates lower MF and bandwidth, and higher Kurtosis compared to the LQ channel. 

It also demonstrates a difference in area on each side of 𝑓TH which leads to lower BPR 

values for HQ channels. In the example shown in Figure 3-5, the AMUP obtained from 

the HQ channel (solid line) has a wider centre lobe and higher amplitude over the last 20 

samples compared to the LQ channel (dashed line). In some cases an HQ channel may 
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also demonstrate higher amplitude in the first 20 samples. These observations are 

captured by the area under the waveforms and thus result in higher AANAP values for 

HQ channels compared to LQ channels. 

 
Figure 3-4: PSD estimates for channel 5 (HQ) and 4 (LQ) of Subject 4 using Welch’s method with 0.67s Hamming 
windows and 50% overlap and Burg’s method with a 12-order autoregressive model, scaled by the maximum 
amplitude in the Burg’s PSD of each channel. The values of corner frequencies (-3dB), bandwidths, mean 
frequencies and 110Hz (𝒇𝐓𝐇 of BPR) are indicated. 

 
Figure 3-5: Absolute AMUP waveforms for channel 5 (HQ) and 4 (LQ) of Subject 4. The AANAP values were obtained 
as the area under these waveforms. 

Table 3-2 to Table 3-6 delineate features values across all subjects and channels. For 

readability, channels which were classified as HQ by expert evaluation are highlighted in 
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yellow, and the channels which were classified as HQ based on feature value are bolded. 

For visual clarity, feature values are also plotted in Figure 3-6 to Figure 3-10. Accuracy 

and separability metrics are summarized in Table 3-7 and Table 3-8 respectively. 

Table 3-2 delineates MF values across all subjects and channels. A threshold of 70Hz 

yielded the best overall classification accuracy at 75.7%. With the threshold set, MF 

correctly classified 33 of the 45 (73.3%) HQ channels (<70Hz) but 5 out of the 38 

(13.2%) classified HQ channels were misclassified (4 of which were channels affected by 

tendons). Correspondingly, 12 out of 13 (92.3%) LQ channels affected by IZs and 8 out 

of 12 (66.7%) LQ channels affected by tendons were correctly classified. 

Subject Channel 1 Channel 2 Channel 3 Channel 4 Channel 5 Channel 6 Channel 7 

1 91.1 70.1 59.1 77.0 77.7 58.0 59.2 

2 75.6 85.0 71.0 75.2 76.7 67.9 82.2 

3 55.2 49.1 50.3 70.1 57.8 45.5 55.1 

4 81.1 64.7 68.5 79.7 63.7 60.9 71.6 

5 73.2 78.6 58.1 83.8 81.1 56.8 62.9 

6 65.8 63.5 66.7 62.5 68.8 81.3 60.1 

7 64.4 56.1 68.0 86.9 62.6 62.1 60.7 

8 55.1 66.8 54.6 67.5 77.4 58.2 56.9 

9 78.5 82.4 62.8 81.6 112.4 67.5 62.6 

10 84.4 83.3 94.4 96.6 106.5 105.3 79.7 
Table 3-2: MF estimates from all subjects and all channels with HQ channels according to expert evaluation marked 
in grey and HQ channels according to the feature values and the set threshold (<70Hz) bolded. 

  
(a) (b) 

Figure 3-6: a) Scatter plot b) mean and standard deviation of MF estimates from all subjects grouped by reference 
channel location. 
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Table 3-3 delineates NBW values across all subjects and channels. A threshold of 0.9 

yielded the best overall classification accuracy at 72.9%. With the threshold set, NBW 

correctly classified 38 of the 45 (84.4%) HQ channels (<0.9) but 12 out of the 50 (24%) 

classified HQ channels were misclassified (8 of which were channels affected by 

tendons). Correspondingly, 9 out of 13 (69.2%) LQ channels affected by IZs and 4 out of 

12 (33.3%) LQ channels affected by tendons were correctly classified. 

Subject Channel 1 Channel 2 Channel 3 Channel 4 Channel 5 Channel 6 Channel 7 

1 1.010 1.423 1.012 1.716 0.850 0.702 0.893 

2 0.782 0.673 0.510 1.126 0.557 0.637 0.830 

3 0.662 0.522 0.437 1.449 1.471 0.719 1.043 

4 0.663 0.539 0.733 1.320 0.685 0.690 0.899 

5 1.023 0.820 0.631 1.265 0.713 0.568 0.783 

6 0.516 0.352 0.371 0.344 0.489 1.074 0.393 

7 0.548 0.295 0.573 0.917 0.267 0.543 0.550 

8 1.090 0.670 0.617 0.906 1.041 0.398 0.833 

9 0.909 0.867 0.886 0.973 0.716 0.581 1.000 

10 0.587 0.453 0.664 0.541 0.757 0.920 0.636 
Table 3-3: NBW estimates from all subjects and all channels with HQ channels according to expert evaluation 
marked in grey and HQ channels according to the feature values and the set threshold (<0.9) bolded. 

  
(a) (b) 

Figure 3-7: a) Scatter plot b) mean and standard deviation of NBW estimates from all subjects grouped by reference 
channel location. 
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Table 3-4 delineates KUR values across all subjects and channels. A threshold of 2.4 

yielded the best overall classification accuracy at 74.3%. With the threshold set, KUR 

correctly classified 32 of the 45 (71.1%) HQ channels (>2.4) but 5 out of the 37 (13.5%) 

classified HQ channels were misclassified (4 of which were channels affected by 

tendons). Correspondingly, 12 out of 13 (92.3%) LQ channels affected by IZs and 8 out 

of 12 (66.7%) LQ channels affected by tendons were correctly classified. 

Subject Channel 1 Channel 2 Channel 3 Channel 4 Channel 5 Channel 6 Channel 7 

1 1.99 2.25 2.51 1.83 2.33 2.81 2.61 

2 2.11 2.29 2.60 2.12 2.57 2.78 2.22 

3 2.44 2.61 2.47 2.01 2.24 2.92 2.30 

4 2.61 2.58 2.54 2.02 2.47 2.45 2.34 

5 2.33 2.16 2.54 1.86 2.36 2.67 2.39 

6 3.16 3.43 3.55 3.65 3.25 2.12 3.47 

7 3.34 4.19 2.96 1.90 3.63 3.27 2.92 

8 2.27 2.25 2.54 2.20 2.06 2.57 2.50 

9 2.39 2.23 2.28 2.18 2.27 2.61 2.30 

10 2.71 3.03 2.52 2.68 2.33 2.17 2.28 
Table 3-4: KUR estimates from all subjects and all channels with HQ channels according to expert evaluation 
marked in grey and HQ channels according to the feature values and the set threshold (>2.4) bolded. 

  
(a) (b) 

Figure 3-8: a) Scatter plot b) mean and standard deviation of KUR estimates from all subjects grouped by reference 
channel location. 
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Table 3-5 delineates BPR values across all subjects and channels. A threshold of 0.15 

yielded the best overall classification accuracy at 77.1%. With the threshold set, BPR 

correctly classified 34 of the 45 (75.6%) HQ channels (<0.15) but 5 out of the 39 (12.8%) 

classified HQ channels were misclassified (4 of which were channels affected by 

tendons). Correspondingly, 12 out of 13 (92.3%) LQ channels affected by IZs and 8 out 

of 12 (66.7%) LQ channels affected by tendons were correctly classified. 

Subject Channel 1 Channel 2 Channel 3 Channel 4 Channel 5 Channel 6 Channel 7 

1 0.298 0.166 0.080 0.286 0.196 0.054 0.096 

2 0.160 0.236 0.091 0.199 0.153 0.092 0.260 

3 0.060 0.027 0.019 0.169 0.099 0.018 0.081 

4 0.177 0.062 0.123 0.241 0.079 0.064 0.154 

5 0.169 0.240 0.043 0.348 0.238 0.033 0.102 

6 0.077 0.043 0.072 0.033 0.097 0.242 0.041 

7 0.087 0.025 0.106 0.312 0.022 0.071 0.066 

8 0.078 0.096 0.023 0.129 0.240 0.018 0.050 

9 0.204 0.272 0.083 0.273 0.787 0.071 0.077 

10 0.212 0.168 0.389 0.378 0.633 0.565 0.170 
Table 3-5: BPR estimates from all subjects and all channels with HQ channels according to expert evaluation 
marked in grey and HQ channels according to the feature values and the set threshold (<0.15) bolded. 

  
(a) (b) 

Figure 3-9: a) Scatter plot b) mean and standard deviation of BPR estimates from all subjects grouped by reference 
channel location. 
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Table 3-6 delineates AANAP values across all subjects and channels. A threshold of 16 

yielded the best overall classification accuracy at 80%. With the threshold set, AANAP 

correctly classified 36 of the 45 (80%) HQ channels (>16) but 5 out of the 41 classified 

HQ channels were misclassified (all of which were channels affected by tendons). 

Correspondingly, 13 out of 13 (100%) LQ channels affected by IZs and 7 out of 12 

(58.3%) LQ channels affected by tendons were correctly classified. 

Subject Channel 1 Channel 2 Channel 3 Channel 4 Channel 5 Channel 6 Channel 7 

1 14.2 15.9 16.9 12.2 14.0 18.5 17.6 

2 15.5 16.8 17.4 15.5 16.4 17.2 16.5 

3 17.6 18.7 20.4 12.4 15.5 19.0 18.0 

4 15.9 17.6 16.6 14.5 17.4 18.7 15.9 

5 15.1 14.7 18.2 13.3 14.1 19.3 16.8 

6 17.4 18.8 19.6 18.5 14.0 13.6 18.6 

7 17.6 20.1 17.0 14.1 22.1 18.5 16.5 

8 17.1 17.1 19.1 18.3 15.5 19.5 17.5 

9 15.7 16.2 17.5 14.2 11.8 18.0 16.3 

10 14.8 15.9 13.5 14.5 12.1 13.7 14.9 
Table 3-6: AANAP estimates from all subjects and all channels with HQ channels according to expert evaluation 
marked in grey and HQ channels according to the feature values and the set threshold (>16) bolded. 

  
(a) (b) 

Figure 3-10: a) Scatter plot b) mean and standard deviation of AANAP estimates from all subjects grouped by 
reference channel location. 
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Features 

Accuracy of Classification Misclassification 

Rate of HQ 

Channels 
Overall 

HQ 

Channels 

LQ 

Channels 

IZ-

affected 

Tendon-

affected 

MF 75.7% 73.3% 80% 92.3% 66.7% 13.2% 

NBW 72.9% 84.4% 52% 69.2% 33.3% 24.0% 

KUR 74.3% 71.1% 80% 92.3% 66.7% 13.5% 

BPR 77.1% 75.6% 80% 92.3% 66.7% 12.8% 

AANAP 80.0% 80.0% 80% 100% 58.3% 12.2% 
Table 3-7: Accuracy of the tested features in classifying electrode location quality and the misclassification rate of 
HQ channels. 

Features 
Silhouette Separability 

HQ to LQ Channels HQ to IZ-affected HQ to Tendon-affected 

MF 0.251 0.328 0.114 

NBW 0.295 0.422 0.047 

KUR 0.011 0.043 -0.041 

BPR 0.408 0.528 0.099 

AANAP 0.249 0.363 0.004 
Table 3-8: Silhouette separability of the tested features for different expert evaluated electrode locations. 

3.4 Discussion 

Based on the results, MF, BPR and AANAP demonstrated better performance when 

considering accuracy, rate of misclassified HQ channels and silhouette values 

collectively, compared to NBW and KUR. Specifically, NBW demonstrated a lower 

accuracy in identifying LQ channels, and as a result yielded a rate of misclassified HQ 

channels that was almost twice that of MF, BPR or AANAP. Thus, while NBW yielded 

the highest capacity for identifying HQ channels, it did this at the expense of missing 

many LQ channels. If NBW was used in practice, it would increase the risk of using LQ 

channels in analysis compared to other indices, so this feature is not recommended for 

use as a signal quality index. KUR illustrated low accuracy in classifying HQ channels 

compared to MF, BPR and AANAP. KUR also has the lowest silhouette value from HQ 

to LQ channels. As such, KUR would also increase the risk of using LQ channels in 

analysis compared to other indices, so this feature is also not recommended for use as a 

signal quality index. 



 

 - 66 -  

Among the three better-performing features (MF, BPR and AANAP), BPR had the best 

separability from HQ to LQ channels while AANAP yielded a slightly better accuracy in 

classifying HQ channels and a slightly lower rate of misclassified HQ channels. All three 

features yielded high overall classification accuracy and low misclassification rate of HQ 

channels, indicating that these features have potential as a signal quality index. In this 

work, when these three feature values indicated a recording as HQ, the recording was 

actually HQ in over 85% of the cases. 

There are a few limitations which suggest proceeding cautiously in recommending MF, 

BPR and AANAP as signal quality indices. First, all features demonstrated better 

accuracy and separability for classifying IZ-affected LQ channels compared to tendon-

affected ones. Limiting the scope of a signal quality index to detecting IZ-affected areas 

only, would improve its reliability. It may be prudent therefore, to avoid tendon areas 

altogether when possible, through judicious placement of electrodes away from the ends 

of the muscle. Then using a signal quality index, any channels identified within the IZ 

can be removed from use. 

Second, the relatively large interelectrode distance used in this work resulted in a high 

ratio of channels placed in locations marginally affected by IZ or tendon regions. A 

smaller electrode spacing and measures for handling marginally-affected channels should 

allow for more accurate results of expert evaluation and possibly change performances of 

the evaluated features. 

Third, between-subject variability in muscle physiology can cause feature values to also 

be highly variable, thus reducing the reliability of indices. Even in this small sample size 
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of 10, one subject (see feature values for Subject 10) stood out among the others, having 

markedly higher MF values, leading to higher BPR, and lower kurtosis and AANAP. 

Also, only bicep brachii was tested in this work, a muscle which is known to have well 

constrained IZ, and relatively parallel fibre structure (Barbero, et al., 2012). Other 

muscles may have more dispersed IZ, and varying degrees of parallelization, and 

pennation. All of these factors may make it impossible to identify even a muscle-specific 

threshold for a reliable signal quality index. Further testing on different muscles and a 

larger samples size is recommended, and perhaps a more complex fuzzy clustering 

approach could be used to overcome some of the suggested limitations. 

3.5 Conclusions 

In this work, five features were tested on MVC recordings collected from 10 subjects 

using a 7-channel linear electrode array with 20mm interelectrode distance for their 

ability to classify LQ channels due to proximity to IZs and tendons with simple 

thresholding. Features MF, BPR and AANAP demonstrated promising results in 

classifying LQ channels, especially the IZ-affected ones. They may be used to assist in 

avoiding locations affected by IZs in single-channel SEMG applications by first 

collecting a 3-second MVC recording from the subject, calculating MF, BPR or AANAP, 

and comparing the value to the corresponding threshold. Thresholds for each of these 

features have been established for the biceps brachii in this work; however, further work 

is warranted to more accurately ascertain these thresholds, to determine the thresholds for 

other muscles, and in general to verify the reliability of the features as a signal quality 

index across a more diverse subject pool. 
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CHAPTER 4 CONCLUSION 

The primary purpose of this work was to provide insight into the variability of SEMG 

features.  In particular, MF and MAV were examined and their baseline, within-trial, and 

between-trial variability was reported using CoV. Then variability across electrode 

locations and subjects was examined for a variety of features, with the aim to identify a 

feature whose variability across location could be exploited to avoid low quality 

measurements resulting from poorly-positioned electrodes. 

Given the purpose of this work, the first objective was to establish baseline variability in 

MF and MAV due solely to sampling error. With all sources of variability controlled in 

simulation, the baseline variability for 1-second segments was 2.96% for MF and 4.40% 

for MAV. These values provide guidance for what to expect in measurements for 

stationary SEMG signals. Any observed variability higher than these values indicates the 

existence of non-stationarities in the signals being measured.  However, it is important to 

remember that baseline variability decreases as segment length increases. 

During the generation of SEMG signals, the physiological parameters associated with the 

corresponding muscle have influence on feature values. The second objective of this 

work was to determine the significance of parameter influence on MF and MAV through 

a sensitivity analysis conducted in simulation. Results of the sensitivity analysis indicate 

that both MF and MAV are considerably affected by changes in average fibre depth and 

conduction velocity, in a way that both features decrease when fibre depth increases and 

increase when conduction velocity increases. MAV also increases with increasing 

number of motor units while MF does not. This kind of sensitivity analysis can be applied 
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to any SEMG feature and is useful in helping to explain higher-than-baseline variability 

observed in measurements. 

The third objective for this work was to infer the varying physiological parameters 

present during two in vivo protocols – within-trial and between-trial tests – using 

information gained from achieving objectives 1 and 2. During the within-trial test that 

represented an attempt to match simulation conditions, variability in MF (3.18%) was 

similar to its baseline value, while variability in MAV (12.00%) was much higher than its 

baseline value.  The higher-than-baseline variability in MAV is an interesting result, 

given that the activity protocol used to elicit contractions during measurement ensured 

that subjects remained stationary (joint angle varied less than 1 degree) while holding a 

movable weight, thus ensuring constant force and position.  These are the conditions 

generally accepted in SEMG analysis to ensure stationarity in the signals being measured, 

yet the results from this work indicate that this assertion may not be completely valid.  

This could be a significant finding for experimentation when stationarity in the signal is 

important.  The fact that MAV was affected but MF was not, suggests that constant-force, 

constant-position contractions are driven by a recruitment pattern which charges and 

discharges a variable number of motor units, but from a pool of units with similar depths 

and CVs.  The between-trial test introduced the effect of restarting a contraction from 

rest. Under these conditions variability increased in both MF and MAV compared to 

baseline and even compared to within-trial values (to 4.08% and 14.83% respectively).  

Since both variables indicated higher-than-baseline values under these conditions, it is 

likely that contractions which start from rest are not constrained to recruit units from a 

pool with similar depths and/or CVs.  The findings related to objective 3 provide useful 
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insights to future studies that use SEMG features.  For example, for studies that track 

muscle state with SEMG features, such as tracking fatigue with MF or tracking force 

with MAV (Merletti, et al., 2016), the reported variability in this work provides guidance 

for what to expect in measurements even when the state of interest is not changing. 

Reported findings can also be used to improve simulation models like the one used in this 

work.  The current version of MyoSim does not account for variable recruitment during a 

contraction, nor does it allow user control of recruitment patterns beyond specifying 

ranges for random selection of motor units.  The reported variability values and the 

observed sensitivities from this work could be used to build in recruitment schemes 

which more accurately model within-trial and between-trial conditions. This could have 

significant impact on analysis strategies which compare simulated and measured data 

sets, like the one proposed by Phillips (2016), which attempted to compare measured data 

with simulated data as a way to check for noise contamination. 

A few limitations exist in the achievement of objectives 1 through 3.  First, only two 

features (MF and MAV) and two contraction levels (15% and 25% MVC) were included 

in the analysis.  More features and more contractions levels should be investigated in 

future work to obtain more generalized results. Providing the kind of information 

presented in this work for additional features could have the added benefit of narrowing 

in on physiological changes during measurement, since different features may exhibit 

different sensitivity profiles. Also, this work reported on 1-second segments, but showed 

that variability is segment-length-dependent.  Since many control strategies aim to use 

very short segment lengths (160ms) (Robertson, et al., 2018), re-analysis at lengths in this 

order might be useful. 



 

 - 73 -  

The fourth objective for this work was to search for a SEMG feature that could clearly 

separate data collected from electrode locations close to IZs and tendon regions (low-

quality locations) from data collected away from those regions (high-quality locations). 

To establish a separation threshold that would be valid for all subjects, variability in the 

feature across locations would have to be sufficiently greater than variability across 

subjects.  Three features demonstrated promising performance by correctly identifying 

>80% of all low-quality locations, and >90% of IZ-affected low-quality locations. These 

features were MF, BPR, and AANAP with threshold values set to 70Hz, 0.15 and 16 

respectively. 

The findings related to objective 4 can provide guidance for placing electrodes in a high 

quality location during SEMG measurement when only a single channel is available.  

However, more work should be done to validate the reliability of the reported thresholds, 

and the utility of the approach more generally.  To do so, a larger subject pool should be 

observed, along with different muscle groups.  It is likely that utility will be restricted to 

muscles with a high degree of fibre parallelization (low pennation).  Finally, it is 

recommended that in future studies, an inter-electrode distance less than 5mm is used, to 

improve spatial resolution between high-quality and low-quality locations 

The results of this work provide researchers and clinicians with additional understanding 

about SEMG feature variability and guidance for what to expect under baseline, within-

trial and between-trial conditions. This can be useful for setting up SEMG measurement 

devices or for tuning SEMG-based assistive devices. The work also provides insight into 

factors contributing to the variability in each of these conditions, in hopes to enable better 

data interpretation and/or data acquisition protocol designs.
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APPENDIX A:  Detailed Results for Chapter 2 

The mean, standard deviation (SD) and coefficient of variation (CoV) presented below 

were calculated across quantity values estimated from 1-second segments of a specific 

recording. Recall that the theoretical CoV (T. CoV) of MAV of a recording is calculated 

using Equation 2-4 based on the statistical bandwidth 𝐵𝑆 estimated from the recording 

while the CoV is the ratio of SD to mean across the 1-second segments of the recording. 

The conduction velocity (CV) estimates were obtained using the time delay of the 

maximum cross-correlation and the inter-electrode distance. The SD of elbow angle was 

obtained from elbow angle values recorded by a potentiometer that turned with the disc 

apparatus used to perform the tests. 
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A.1. Results from Simulated Data 

Each simulated data is 100 second in length, resulting in 100 1-second segments and thus 

100 estimates for each quantity. These 22 recordings were simulated with CV, average 

fibre depth NMU and fibre geometry varied to have their PSD (power spectral density) 

estimates matched with those of the within-trial records, at an energy-normalized mean 

absolute error of 7.5 × 10−3 or less. 

Records Mean Frequency Mean Absolute Value 

MVC 

matched 

Subject  

matched 

Mean SD CoV Mean SD CoV T. CoV 

(Hz) (%) (µV) (%) 

25% 1 78.07 2.36 3.03 76.91 3.65 4.75 4.64 

 2 76.41 2.32 3.03 141.42 5.88 4.16 4.67 

 3 74.52 2.21 2.97 82.69 3.23 3.91 4.91 

 4 86.18 2.35 2.73 92.54 4.55 4.91 4.52 

 5 94.16 2.15 2.29 119.86 5.57 4.65 4.32 

 6 67.54 2.33 3.45 27.00 1.23 4.57 5.05 

 7 74.07 2.31 3.12 90.84 4.10 4.52 4.79 

 8 77.58 2.78 3.58 39.57 1.77 4.48 4.72 

 9 78.60 2.07 2.64 54.99 2.60 4.74 4.70 

 10 76.37 2.40 3.14 32.74 1.42 4.32 4.67 

 11 85.34 2.13 2.49 80.71 3.47 4.29 4.50 

15% 1 82.37 2.31 2.80 42.63 2.00 4.69 4.60 

 2 79.31 2.66 3.36 68.41 3.06 4.47 4.70 

 3 73.00 2.24 3.06 57.77 2.58 4.46 4.86 

 4 87.37 2.26 2.58 62.21 2.66 4.27 4.48 

 5 88.56 2.56 2.89 62.24 2.77 4.46 4.45 

 6 64.11 2.27 3.55 14.84 0.67 4.55 5.17 

 7 75.38 2.33 3.09 25.15 1.18 4.69 4.80 

 8 85.71 2.32 2.70 22.25 0.91 4.09 4.46 

 9 83.26 2.37 2.85 27.90 1.08 3.87 4.55 

 10 84.62 2.21 2.61 24.62 0.90 3.66 4.45 

 11 75.51 2.38 3.16 25.95 1.09 4.19 4.75 

Average across records 79.46 2.33 2.96 57.87 2.56 4.40 4.67 

SD across records 7.10 0.16 0.34 33.90 1.52 0.32 0.21 
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A.2. Results from Within-trial Records 

Each within-trial record is 15 seconds in length, resulting in 15 1-second segments and 

thus 15 estimates for each quantity. Each of these 22 records was collected from the bicep 

brachii muscle during a single isometric/isotonic contraction at 15% or 25% MVC. 

Subject 
MVC Load 

MF MAV CV SD of 

Elbow 

Angle 
Mean CoV Mean CoV Mean CoV 

(lb) (Hz) (%) (µV) (%) (m/s) (%) (degree) 

1 33 
8 78.6 2.30 83.1 20.16 6.25 5.09 1.79 

4.5 78.6 3.01 43.6 14.32 5.56 7.39 0.23 

2 25 
5 78.7 3.32 134.1 9.71 7.14 6.34 0.20 

3.5 79.5 2.76 79.1 11.26 5.56 9.53 0.59 

3 27 
6.5 69.4 4.12 80.9 10.16 4.17 4.50 0.14 

4 70.7 2.92 55.4 7.30 3.85 4.22 0.12 

4 48 
12 85.4 3.62 88.7 23.47 4.17 2.12 0.21 

7 87.9 2.30 66.4 9.44 4.17 2.21 0.38 

5 37 
9 92.9 2.97 119.3 16.54 5.00 5.09 0.71 

5.5 92.7 3.98 65.6 20.23 4.55 4.88 0.54 

6 37 
9 68.5 3.03 26.1 10.59 4.55 5.52 0.11 

5.5 68.5 3.25 13.2 5.54 4.17 7.47 0.08 

7 30 
7.5 73.8 3.85 93.6 13.27 4.17 2.71 0.14 

4.5 73.4 3.04 26.9 10.94 4.55 7.70 0.11 

8 40 
10 80.4 2.40 42.4 8.59 5.00 6.63 0.91 

6 82.8 2.80 22.4 6.85 4.55 3.45 0.26 

9 40 
10 79.7 2.61 54.5 17.10 5.56 3.52 0.39 

6 87.9 2.46 25.0 10.00 5.56 6.34 0.72 

10 40 
10 75.5 5.99 35.4 13.20 4.42 9.05 0.85 

6 86.9 3.21 25.7 10.51 5.00 9.31 0.11 

11 36 
8 84.0 2.86 88.9 6.64 5.05 5.35 0.08 

4.5 80.1 3.17 23.3 8.08 5.21 7.66 0.12 

Mean across 

records 
  79.8 3.18 58.8 12.00 5.02 5.82 0.37 

SD across 

records 
  7.3 0.81 33.8 4.84 0.85 2.15 0.40 
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A.3. Results from Between-trial Records 

Each within-trial record is 15 second in length, resulting in 15 1-second segments and 

thus 15 estimates for each quantity. Each of these 22 records contains 15 1-second 

segments, which were extracted from the middle of 15 5-second isometric/isotonic 

contractions in the same session, with 60-second rests enforced between contractions, 

from the bicep brachii muscle, at 15% or 25% MVC. 

Subject 
MVC Load 

MF MAV CV SD of 

Elbow 

Angle 
Mean CoV Mean CoV Mean CoV 

(lb) (Hz) (%) (µV) (%) (m/s) (%) (degree) 

1 33 
8 96.5 2.37 31.0 12.71 8.33 7.20 2.76 

4.5 104.6 4.48 23.9 12.94 4.55 113.46 2.80 

2 25 
5 75.9 4.43 143.9 12.57 7.14 16.27 0.15 

3.5 74.1 4.03 95.7 17.29 5.56 9.91 0.59 

3 27 
6.5 67.1 4.61 61.6 11.97 7.14 26.34 1.39 

4 74.3 4.16 40.7 27.02 3.57 4.23 0.12 

4 48 
12 82.8 4.74 107.2 11.09 4.55 4.05 0.52 

7 88.8 4.21 56.5 12.08 4.35 3.80 0.42 

5 37 
9 96.3 4.41 116.9 16.66 5.56 11.15 0.71 

5.5 93.0 3.72 68.9 27.02 5.00 21.76 0.87 

6 37 
9 71.5 3.16 25.0 12.87 4.55 4.11 0.15 

5.5 71.5 2.93 21.0 7.76 4.17 4.61 0.19 

7 30 
7.5 75.0 3.99 61.9 10.55 4.17 6.64 0.14 

4.5 70.9 5.84 29.2 15.03 3.85 7.78 0.21 

8 40 
10 81.3 4.24 51.0 12.74 8.33 16.18 0.41 

6 81.6 4.51 26.3 18.38 3.85 80.82 0.71 

9 40 
10 79.2 8.17 75.4 32.23 3.57 8.01 0.77 

6 74.1 10.75 23.3 29.46 3.33 44.24 0.72 

10 40 
10 93.2 7.34 35.4 13.20 5.00 11.23 1.85 

6 90.0 4.44 25.7 10.51 5.56 8.96 1.58 

11 36 
8 84.8 3.85 81.8 12.91 4.55 6.31 0.39 

4.5 80.8 4.23 41.0 10.93 4.55 5.63 0.25 

Mean across 

records 
  80.9 4.67 59.2 15.66 5.01 17.96 0.82 

SD across 

records 
  10.5 1.79 35.4 6.66 1.40 26.50 0.76 
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