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Abstract

The surface electromyogram (EMG) is used to infer the neural drive sent by the
central nervous system to the muscles by associating its amplitude to the strength
of the neural activation. In addition, the surface EMG is adopted in the design of
technologies for motor rehabilitation with the aim to restore the lost limb function-
ality of amputees. In this perspective, it is possible to translate this biologic signal
into commands for controlling intuitively the prosthetic device.

Since the surface EMG amplitude constitutes a poor indicator of the neural in-
formation, more advanced methods were developed such as the high-density surface
EMG signal decomposition. With this work, I focused my efforts on understanding
how the central nervous system (CNS) controls the muscle force, by exploiting the
discharge timings of the motor units. This might help to lay the foundations for
an innovative human-machine interface directly based on the spinal cord circuitry
information. In this context, the aim of this thesis is to compare the use of the
traditional surface EMG signal versus the offline high-density surface electromyo-
graphy (HDsEMG) signal decomposition. For this study, I used a Graphical User
Interface (GUI )which implement Convolutive Kernel Compensation (CKC). This
graphical tool allows the operator to decompose the EMG signal and to perform a
manual correction of the possible algorithm errors. Thanks to the decomposition
approach, the neural activation sent by the spinal cord to the muscles was explored.

The entire analysis is focus on the activity of the tibialis anterior muscle (TA)
which was recorded by using a grid of 64 electrodes (HDsEMG). In each experiment,
the participants performed 25 isometric ankle dorsiflexion at three different levels
of speed (i.e.%MVC/s). In particular, the study consists of two main part:

1. the investigation of the motor units recruitment and the discharge rates mod-
ulations to understand how the CNS responds to the different conditions,
such as the changing in the contraction speed;

2. the design of two different linear regressor, based on the neural drive and
the EMG envelope respectivelly, to estimate the force of the contraction. In
particular three single linear regressor (SLR) and the global linear regressor
(GLR) were used.



Both the regressions were done considering a time domain feature extracted from
the recording force, i.e. the contractile impulse (IC). This was calculated as the
integral of the force along time. Thus for both the EMG envelope and the neu-
ral drive, the regressions were evaluated with the integral of the signals in each
contraction, instead of the signal itself. In order to investigate the performance of
the regressors, the R? value was evaluated and statistically compared among the
different cases.

Even if the results obtained from the two analysis suggest a proportional and
linear control via an offline application, a significant statistical difference was found
only with the moving window. In particular, a higher R? mean values was obtained
with the single linear ND model based regressor (VPStRR? — 0,88 FMCsirp2 —
0,80; VPsrrR2 = 0,87 PMOsinR? = 0,77; NPsirRI= 0,87 PMCsir R2 = 0,79) and

the global ND model-based regressor (V722 R2= 0,81 and "M“5LRR2 = 0,69).
Results suggest that using the HDEMG decomposition similar or even better
performance can be achieved for estimating the contractile force of a muscle. Lim-
its of this work, due to time and facilities constraints, are mainly related to the
numerosity of subjects involved for the analysis. Future development should also

investigate dynamic contractions and different muscles.
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Chapter 1

Surface electromyogram and
recording systems techniques

The main effector of the human musculoskeletal system is the muscle, which enables
all voluntary (e.g. walking, grasping, ...) and involuntary (e.g. hear beating, ...)
movement. These movements are in turn promoted and consequently tuned by
the central and peripheral nervous system through different complex mechanisms.
In this complex scenario, the motor unit (MU) is presented. The motor unit is
considered the smallest functional unit of the neuromuscular system and it is made
up of a a motor neuron and the skeletal muscle fibres innervated by the motor
neuron. The motor neurons are situated in the ventral horn of the spinal cord,
with its cell body and its dendrites, while its axon projects outside of the spinal
cord towards the targeted muscle (Heckman & Enoka, 2012). Motor neuron could
projects its axon on several fibres of a muscle, while a single muscle fibre can be
innervated only by a single motor neuron (see Fig. 1.1).

Motor neuron 1

Motor neuron 2

€

) Motor
Spinal cord neuron 3

Muscle —

/‘ )

Figure 1.1. Representation of three motor neurons and all of their innervated fibers.



1 — Surface electromyogram and recording systems techniques

These anatomical characteristics are extremely important to control and co-
ordinate the muscle contraction, e.g. in terms of force, stiffness and velocity of
movements. The activation of the motor neuron mainly depends on the input re-
ceived. In fact, it is composed by multiple processes, called dendrites, that are
located inside the spinal cord and extend for up to 2 mm from the cell body (Heck-
man & Enoka, 2012). These processes receive several excitatory and inhibitory
synaptic input (see Fig. 1.2) from the cortex, the brainstem and the peripheral
sensory receptors (Binder et al., 1996; Fyffe, 2001). These descending and reflex
inputs determine whether or not a neuron should be active.

Brain (CNS)

' \ ‘ \\t/x
N L

Muscle fibers
h 4b 15

73 1
: / | ' i ]

Spinal cord

(a) (b)

Figure 1.2. 1In (a) the neural integration of excitatory and inhibitory synapses.
In (b) the representation of an AP that travels along the axon to muscle fibers in
order to evoke muscle contraction.

The motor neuron activation is determined by the sum of the depolarizing and
hyperpolarizing inputs. When this sum exceeds the motor neuron specific threshold,
an action potential is generated (AP).

The action potential is generated at the spinal level and it is transmitted through
the axon to the neuromuscular junction where it is transmitted to all of the inner-
vated fibres (Heckman & Enoka, 2004). Each discharge can generate a fiber action
potential, defined as Muscle Fiber Action Potential (MFAP) that propagates in
both fibers directions (see Fig. 1.3(a)). The generation of different AP from all
muscle fibers innervated by the same motor neuron, overlap in time and generate
the motor unit action potential (MUAP) (see Fig. 1.3(a)). Because the motor
neuron fires repetitively to obtain a certain contraction, the ensemble of several fir-
ings generates the motor unit action potential trains (MUAPTSs). The interference
signal recorded with two or more surface electrodes consists of a superposition of
the MUAPTS from all of the MU’s activate and detected by the acquisition systems
(see Fig. 1.3(b)). Thus, the spatial and temporal summation of several MUAPTs
from the recruited MUs represents the electromyogram (EMG) or myoelectric (ME)
signal (Lefever & De Luca, 1982).
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Figure 1.3. In (a) the representation of an individual motor unit with its fibers.
Each motor neuron discharge generates an action potential that travels in both
muscle fibers directions. In (b) is shown the motor unit action potential (MUAP)
that results from the superposition of each muscle fiber action potential (MFAP).

The motor neuron discharges are assimilated to a sequence of electrical pulses
(IPTs) (see Fig. 1.4) directly proportional to the amount of the synaptic inputs sent
to the motor neuron pool (Kernell, 1992). The combination of these IPTs, from
different MUs, is defined as the cumulative spike train (CST) and it is considered
a reliable estimate of the neural drive sent by the spinal cord to all motor units
within the same muscle.

The motor neurons that innervate the same muscle constitute the motor pools
(Burke et al., 1977), but each motor neuron is different from the others in terms of
electrical properties and of the relative amplitudes of the inputs that it receives. A
pool of motor neurons usually comprise about 100 motor neurons for small muscles,
to approximately 1000 motor neurons for large muscles (Heckman & Enoka, 2012).

The muscle fibres are classified in three distinct types. This distinction depends
on their contractile and energetic properties. In particular, it is possible to dis-
criminate between type I, type Ila, type IIx fibers (Heckman & Enoka, 2012). This
discrimination is based on myosin ATPase activity. A second classification is based
on the velocity of the contraction. There are three different type of fibers: type S,
type FR, type FF.
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Figure 1.4. Representation of the neural pulses from the spinal cord to the
muscle. Each colored bars represent the motor units discharge timings. The
orange arrow is the cumulative spike, that is the combination of all disparages.
Adapted from Del Vecchio et al. (2019Db).

The first type of muscle fibres is defined as slow-twitch because of their reduced
contraction speed compared to the fast-twitch fibres (FR and FF) (Heckman &
Enoka, 2012). In addition, it is possible a discrimination according to the fatigabil-
ity, that is the capacity to produce force as a response to a continuous excitation.
According to this, the type S fibers are fatigue resistance thus the MUs characterised
by these fibers are recruited for slow contraction, while the MUs characterised by
FR and FF fibers are recruited for fast contraction because these fibers are fatigue
resistant. Thanks to this differentiation, the CNS can control and modulate the
force that a specific muscle can exert, by recruiting different kind of MUs. The MUs
are recruited orderly according to Henneman'’s size principle (Heckman & Enoka,
2004), that is from the smaller to the larger diameter motor units. In particular, the
CNS regulates the force in two different ways: temporal and spatial recruitment.
The temporal recruitment is based on the discharge rate of the motor unit: the
more force is required the higher is the firing rate. Indeed, the MUs discharge rate
varies from 8 to 5 pulse/s (pps) but it can achieve values up to 100-200 pps during
brief rapid contractions (Heckman & Enoka, 2012; Van Cutsem et al., 1998). The
spatial recruitment regards the recruitment of additional motor units to generate
more force. It is clear now, how the neural command from the CNS tunes the
muscle activity through the motor units. This means that the central information
can be investigated measuring directly the EMG signal. To do this, different tech-
nologies have been developed. One of the most used classification for these systems
divides them in two category: intramuscular electrodes and surface electrodes.

4
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The intramuscular electrodes detect the EMG activity using needles or wires
inserted in the muscles (Duchateau & Enoka, 2011). In this way, the intramuscu-
lar recording is able to follow the electrical potential at the muscle fibres source
(Stoykov et al., 2005). This is quite important since it provides to obtain informa-
tion regarding the physiological properties of MUs and it permits clinical investiga-
tions (Merletti & Farina, 2009) such as the diagnosis of myopathies or diseases of
the a motor neurons. This method of recording is characterized by a high selectivity
since it gives the possibility to directly measure the single motor unit action po-
tentials. On the contrary, the main drawback is represented by its invasiveness. In
addition, with this technology we can monitor only few MUs concurrently (Muceli
et al., 2015). Advances in fabrication allowed to expand the number of concurrently
motor units using non-invasive techniques.

Surface electrodes are the recording systems that allow to acquire the EMG
signals placing the electrodes over the skin. Surface electrodes are distinguished
into single-channel bipolar recording and high-density systems of closely spaced
electrodes (HDsEMG) (H. Blok et al., 2002). The main difference between the
standard single-channel bipolar recording and HDsEMG is in the information that
they provide. A grid of electrodes provides a signal that has two spatial and one
temporal dimension (see Fig. 1.5) with respect to one-dimensional signal given by
the single-channel (Merletti et al., 2008).

= 114

Figure 1.5. High-density surface electromyography (HDSEMG) signals
recorded using a grid of 64 electrodes. The figure shows the evolution over
time and space of motor units action potential given by high density systems.
Adapted from Merletti et al. (2008).
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Despite the HDSEMG provides a spatial sampling because it detects signals in
multiple locations, using the amplitude of the EMG to estimate the neural infor-
mation sent to the muscle may result in a wrong estimation. This is due to the fact
that the EMG amplitude is influenced by several factors as the amplitude cancella-
tion (Keenan et al., 2006), that is the result of the algebric summation of positive
and negative phases of action potentials (Day & Hulliger, 2001). This phenomenon,
underestimates the amplitude of the EMG signal and makes it a poor indicator of
the neural activation (Farina et al., 2010). In addition, the amplitude cancellation
may influence low threshold MUs action potential because they produce smaller
APs (Kallenberg & Hermens, 2006). In this case, the surface EMG signal results
less sensitive to the changes in the activity of low-threshold motor units. Finally the
amplitude cancellation may mask the action potentials waveforms that may change
across conditions, such as during fatiguing contractions. Indeed, in these condi-
tions, different adjustments may be actuated by the central nervous system that
are reflected and thus detectable in AP waveforms (Dimitrova & Dimitrov, 2002).
All of these issues imply that the action potential shape have a significant influence
on the results (Farina et al., 2010). In order to estimate the neural drive sent by
the spinal cord to muscle, the identification of the discharge times is explored.



Chapter 2

Decoding of the motor units
activity: perspective for a new
neural interface

The surface electromyogram (EMG) is used in several studies related to clinical
neurophysiology, rehabilitation research, sport sciences, kinesiology and ergonomics
(Hogrel, 2005). In clinical applications it is the standard method to evaluate neu-
rophysiological characteristics of neuromuscular diseases (Drost et al., 2006). For
instance, by using the HDsEMG, it is possible to conduct fatigue studies in neuro-
muscular disorders, motor neuron diseases (MND) and neuropathies. However, the
use of HDsEMG is also a useful instrument to investigate the interaction between
the neuromuscular and the musculoskeletal systems.

With the aim to understand the human movement, a knowledge of the mecha-
nisms underlying the neural functions is needed. In this perspective the purposes
of this thesis are placed. In particular, the relationship between the spinal motor
neurons activity and the muscle force produced is explored. This study has been
focused on isometric ankle dorsi-flexion contractions performed at different speed
of the contraction, considering one single joint angular position. The decoding of
the a- motor neuron discharges allows an estimation of the contractile impulse to
the muscle. In particular, a simple linear regression is applied both to the motor
unit model-based and EMG model-based. The regressions point out and explore
the difference between the current myoelectric control methods, based on the EMG
amplitude and the perspective for a new human-machine interfacing. The new
human-machine interfacing has the aim to decode the neural signals, to process
them and to extract the the user’s intent (Farina et al., 2017). Nowadays, the hu-
man/machine interface indirectly detects the efferent activity by electrodes placed
on the muscle structures above the amputation; in this way from the surface EMG
signals time-and frequency-domain features are extracted (Kapelner et al., 2018)
for either control or identify sets of predefined movements (Farina et al., 2017).

7
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Because the global EMG is a spatial temporal summation of action potentials,
its amplitude is an approximation of the neural impulse to the effective force muscle
production (Twardowski et al., 2019). Using the neural signal, which means to
identify the occurrences of motor unit action potentials (MUAPs), it would allow
to separate the neural information from the peripheral information (Twardowski
et al., 2019). These, together with the crosstalk and the amplitude cancellation
(De Luca & Merletti, 1988), represent the peripheral contribution that mask the
neural drive. In this way, by decoding the output spike trains of the spinal motor
neurons, it is possible to map the activity of a large number of motor neurons into
a command needed for myocontrol. In addition, the idea to decompose the EMG
signal, allows to investigate the underlying processes of its generation (Kapelner
et al., 2019). Decoding the motor neuron behaviour provides to explore both the
motor unit firing rates and their recruitment which are the natural physiological
mechanisms for controlling force and movement of the limbs (De Luca & Erim,
1994). This new scenario is made possible by the decomposition systems that, from
the interference EMG, recuperate the motor neuron activity and thus the neural
drive to the muscle. The neural drive is a direct estimation of the total spinal cord
activity, which is possible to estimate by the total number of the discharges given
by the identified motor neurons.

In this thesis, the approach used to obtain motor units and their discharges,
is the convolutive blind source separation method (Holobar & Zazula, 2007). This
method considers the multi-channel EMG signals as a convolutive mixture of sources
(Kapelner et al., 2019) (partly correlated) where the mixing process is unknown.
Therefore, it is needed to decompose the EMGs signal blindly (Holobar & Zazula,
2007) in their series of motor unit discharge timings (sources).

In particular, the motor unit discharge timings can be described as a set of
delta functions where the impulse responses of the filters is represented by the
MUAPs (Negro et al., 2016). In this way, each EMG channel sees the series of
motor-neuron discharge timings as a filter version resulting from the motor unit
action potentials (Farina et al., 2017). Each MUAP is a different filter where
the shape is unknown because it is function of space, muscle properties, volume
conductor characteristics and the acquisition system properties (Holobar & Farina,
2014). The aim is to extract the motor unit discharge timings in order to associate
them to each individual motor neurons. What makes the use of the discharge
timings fascinating and new, compared to the extracted time-frequency domain
EMG features, it is the fact that the occurrences are the natural neural code sent
from the spinal cord to the muscle while the neural drive is the result of their
combination. In conclusion, the possibility to study the contribution of the motor
neuron activity opens new avenues both to improve neuro-prosthetic interfaces by
developing a bio-inspired and more flexible control, but also in the understanding
of neuro-mechanical causalities in human movement or in the alterations caused by
impairment (Sartori et al., 2017).



Chapter 3

Materials and methods

Seven healthy volunteers, five males and two females, (men and females aged 20-
28) with no previous history of neuromuscular disorders or lower limb pathology
took part in the study. An informed consent outlining experimental procedures
was signed by all the volunteers before their involvement. sEMG signals were
recorded in the laboratory of University College London (UCL) in June 2018. The
study was approved by the ethical committee of the Bioengineering Department,
University College London (UCL). The experimental investigation was held at Prof.
J. Rothwell’s Physiology and Pathophysiology of Human Motor Control Laboratory.
The data were acquired for a previous master thesis work, with aim to investigate
MRCPs associated with up to three levels of rate of force development (RFD).
Before the experiment, testing procedures and protocols have been explained to
volunteers. Then, baseline measurements were obtained. These have included the
recordings of ankle dorsiflexion forces during maximal and submaximal voluntary
contractions and high-density surface EMG (HDSEMG) recordings from the tibialis
anterior (TA) muscle.

3.1 Experimental procedures

The main task involved the recordings of muscle force and surface HDSEMG signals
from the TA muscle of the dominant leg during isometric contraction performed at
three different levels of speed or rate of force development (REFD). In this study,
the RFD was calculated as the slope of the force time curve (N/s). Then it was
normalized for the maximum voluntary contraction (MVC) (%MVC/s). After the
familiarization session, approximately 5 min, each participant was asked to focus
on the movement of the ankle dorsi-flexion in order to isolate TA activa- tion as
much as possible. Each experimental session started with the collection of three
maximum voluntary contractions (MVC). The peak force achieved were displayed
on a monitor; then the maximal voluntary force (MVF) was defined as the highest
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3 — Materials and methods

force recorded during the MVCs measurements. This value was used as a refer-
ence. Fach participant performed approximately 25 isometric ankle dorsi- flexions,
interspersed with 5s of resting periods. Each trial lasted 15s, overall. In between
different tasks, resting intervals of 5 min were given. The experiments lasted ap-
proximately 40 min. During the submaximal contractions, the volunteers performed
three types of visually assisted dorsi-flexions per protocol reaching a predefined tar-
get value equal to 60% 5% of their MVF and a then back to the resting value. In
each trail, the duration of each phase was varied proportionally (1s, 2s, 3s), thus
the speed to perform the ramp contraction increased (see Fig. 3.1): 20%MVC/s
(‘slow’), 30%MVC/s (‘medium’), 60%MVC/s (‘fast’). Each ramp contraction was
performed at the same ankle joint (one degree of fredoom (DoF')). Visual feedback
guided the participants throughout the experiment (custom-made graphical user
interface (Knud Larsen, SMI, Alborg University)).

60% 5% MVF

Execution
(15, 25, 33)

Preparation (3 s)

W =t —_—— e mee———— 24

0 RHest (~ 5 5)

Figure 3.1. Guided speed protocols.  Speed levels: 20%MVC/s (‘slow’),
30%MVC/s (‘medium’), 60%MVC/s (‘fast’).

3.2 Force signal recording

The experimental set-up comprised a custom-made ankle ergometer (OT Bioelet-
tronica, Turin, Ttaly) that was fixed to an examination table with two adjustable
straps. Each volunteers was seated comfortably on a seat, with the dominant leg se-
cured with straps at the foot, ankle and knee (Del Vecchio et al., 2019a). To record
the force, the hip was flexed at 120° (180° = supine position), the knee extended to
180° (supine position) and the ankle was placed at 100° (90° = perpendicular to the
tibia) of plantar flexion (Del Vecchio et al., 2019a). The foot was positioned under
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3.3 — HDsEMG recording

a custom-made pedal, calibrated load cell (CCT Transducer s.a.s, Turin Italy). The
analogue force signal, recorded from the load cell was amplified (200x) and sam-
pled at 2048 Hz via an external analogue-to-digital converter (EMG-Quattrocento;
OTBioelettronica, Turin, Italy). The force signal was recorded with the software
OThbiolab (OT Bioelettronica) and visual feedback was provided with Labview,
version 8.0 (National Instruments, Austin, TX, USA). During offline analysis, the
force signal was converted to newtons (N), the offset was gravity corrected and it
was low pass filtered (Butterworth, third order, cut-off frequency 20Hz).

3.3 HDsEMG recording

HDsEMG signals were recorded from the TA with one adhesive grid of 64-electrodes
(see Fig. 3.2) (gold-coated; diameter 1 mm; inter electrode distance 8 mm; OT
Bioelettronica) located at the distal portion of the muscle. The skin in the proxim-
ity of the TA muscle was shaved, lightly abraded and cleansed with 70% ethanol,
prior to placing the grid with conductive paste. Then, the perimeter of the muscle
was identified in order to placed the electrodes grid. The adhesive grids was placed
over the muscle using bi-adhesive perforated foam layers (SpesMedica, Battipaglia,
Italy). To optimize the skin-electrode contact the cavities of the adhesive layers was
filled with conductive gel (SpesMedica) (Del Vecchio et al., 2019a). The ground
electrode was dampened with water and it was placed on the styloid process of
the ulna of the arm. Two reference electrodes were positioned on the tuberositas
tibialis and on the medial malleolus of the dominant leg (Del Vecchio et al., 2019a).
The HDSEMG signals were recorded in monopolar derivation (see Fig. 3.3) with
a sampling frequency of 2048 Hz, amplified (150x) and band-pass filtered (10-500
Hz). The analog signals were converted to digital data using a multichannel ampli-
fier with 16-bit resolution (3 dB bandwidth, 10-500 Hz; EMG-Quattrocento; OT
Bioelettronica).

Figure 3.2. Adhesive grid of 64-electrodes.
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Figure 3.3. In (a) sEMGs monopolar recordings. Speed level at 20%MVC/s
(‘slow’). In (b) zooming (dashed rectangle) of one ramp contraction of the en-
tire recording is illustrated. Only one column of the grid of the electrodes is
shown. Fach row, is one single electrode of the grids. Here, it is shown the sEMGs
monopolar recordings for one representative subject.
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3.4 — High-density EMG analysis

3.4 High-density EMG analysis

DEMUSE is the graphical user interface (GUI) (see Fig. 3.4), based on the Convo-
lutive Kernel Compensation (CKC) (Holobar & Zazula, 2007) used in the present
work to obtain the offline HDSEMG signals decomposition. This tool runs in MAT-
LAB environment and it is an automatic signal decomposition algorithm.

| CKC: SUBJIMEDIUM_TODECOMPOSE.mat - BB - - [m] x

Properties  About CKC

S temporal filter: - Hz diff mode
sl e
load results ’

save results remove line interfer.
load MU discharges

save MU firings

decompose stop decomposing

redecompose

CKC inspector

plot signals

batch decompose

plot spectra

plot MU firings plot MU PTs

CRN no sort ~

delete MU

plot MU firing rates plot MUs statistics

animate MUAPs plot MUAPs

plot MUAP trains plot MUAP residual

Figure 3.4. DEMUSE tool window

Before to load the EMGs data, a proper reader defined as CKCreader in form
of MATLAB (.mat) structure was created (see Fig. 3.4). All of the CKCreader
specify the same inputs and output. Then, the sEMGs were loaded and the au-
tomatic algorithm provided to their automatic decomposition; only the number
of decomposition runs (this value was set to 80), the initial offset (this value was
set to 0) and the length of EMG time interval to be decomposed (this value was
set to 111) are specified by the user. In this work the percentage of the EMG
channels to be included into the decomposition was left to the default value (95
%). DEMUSE uses a band-pass filter (Butterworth, 2nd order) to filter the raw
EMG signals with a default cut-off frequencies set to 20 Hz and 500 Hz. In addi-
tion this automatic decomposition tool removes the line interference and it tests
the acquired EMG channels both for the presence of movement artefacts and for
the bad skin-electrode contacts. Thus the button (decompose) provides the EMG
signal decomposition. When the decomposition ends, it is possible to visualize the
results.

Despite DEMUSE is an automatic tool, it allows the manual inspection of the
decomposition results thanks to the button CKC' inspector. The manual user in-
spection consists in the addition or in the deleting of MU discharges but it is also
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3 — Materials and methods

possible to check and to delete MUs which are repeated. Since DEMUSFE calculates
the Pulse-to-Noise Ratio (PNR) metric for each identified motor unit, the accuracy
in motor unit identification was set to 30 dB. Thus, MUs that shown a PNR > 30
dB (Holobar et al., 2014) were stored for further analysis.

The results of the decomposition were plot in MATLAB and they are discussed
in terms of instantaneous discharge patterns, smoothed MU discharge rates and
multichannel MUAPs in Chapter 5.

 UCL TIBIALE.m

IBIALE (£ilepat n, £ile name)

Figure 3.5. The figure shows the CKCreaders structure used in this
project. The electrodes grid was reconstructed, sampling frequency of
sEMG, montage of electrodes, inter-electrode distance, force signal and the
description of the data were defined.

HINEINEERERINIE

Figure 3.6. Upper window: motor unit action potential of the selected MU as it
is detected by all surface electrodes; central window: instantaneous discharge rate
(IDR) including the force as a reference signal (gray line); lower window: train
of MU discharge times. A zoom (dashed rectangle) of three ramps contractions
including their MU discharge times trains is illustrated.
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Chapter 4

Tracking of motor units and
analysis of the neural information

In order to investigate the interaction between the neuromuscular and the mus-
culoskeletal systems, an algorithm to track the same motor units (MUs) across
different %MVCs/s was implemented. The idea to follow the same MU allows to
understand whether the CNS has any preferential motor unit recruitment sequence
to perform the same task across different conditions, i.e. different contraction speed.
In addition, the possibility of identifying the same motor units over different experi-
mental sessions provides new perspectives for studies in neuromuscular adaptations
(Martinez-Valdes et al., 2017) and in the understanding of differences between high
and low threshold MUs in the force control. In this way, the relationship between
force and spinal motor neurons activity is exhaustively explored, taking into ac-
count at the same time how the firing rate of each single motor unit is modulated
(mean discharge rates) and how motor units are recruited by the CNS to achieve
precise and complex movements.

The block diagram in Fig. 4.1 summarizes the processing steps on which the
implemented algorithm is based.
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‘ EMG SIGNAL DECOMPOSITION ‘ — ‘ SPIKE TRIGGERED AVERAGING ‘ E— CROSS-CORRELATION
i i [ 6. = TEAR I Hom )t —kom — 1) | / \
MUs extraction Emestier= \,‘\xc'_'—m,g.y\!rn ;c-p,w
MUAP - —
MUj-y * MUjzqim MU;_y * MUgyf¢
g i i=1 :
L T
*—h MUz * Mltm MUizp % MUy,
[ 1]
] I\ I M MU=y —— MUy, 1
A Y ; ' :
i ] 1
L) L Mz g | MO MU,y Mlize  MUjmum/ | MUizg x MUy
N MU;_; MUj_z o .
e i e Y
W atr S MUse= ! \ /
n o Y '
speed .
MUp=p |- MU j x MU
J€]* k€K+

mMUS FMUs fast
medium speed
speed

Figure 4.1. The surface EMG decomposition provides the number of MUs con-
sidering the three levels of speed ramp contraction. In the diagram s, m, f are
respectively the number of active motor units found for slow, medium and fast
speed of the contraction. Spike triggered averaging (STA) is applied considering
all identified MU (MUj.s, MUj.;n, MUy.f) and it provides, for each MU its pe-
ripheral component (MUAP shepe). To track the same motor unit across different
recordings, the MUAP waveforms were cross-correlated across different recordings.
In particular, J* and K* contain all the j and k¥ MUs associated with the same 1.
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4.1 — Tracking of motor units across different level of force

4.1 Tracking of motor units across different level
of force

With the aim to track the same MU at the three different speeds of contrac-
tion(20 -30 -60 %MVC/s), we calculated the single differentials subtracting ad-
jacent monopolar signals. The resulting signals were band-pass filtered at 20-500
Hz (Butterworth, order 3). HDSEMG signals decomposition provide access to the
discharge times for all MUs identified by blind source separation algorithm based on
deconvolution (CKC). To obtain the motor unit action potentials waveforms, spike
triggered averaging (STA) technique was used. This technique consists in averaging
the segments (40 ms-windows) of each EMG channel around the time occurrences
of the constituent motor unit firings to obtain an averaged MUAP for each EMG
channel of the recording matrix (see Fig. 4.2). MUAP waveforms are used to track

Figure 4.2.  An example of the motor unit action potential shape (MUAP) prop-
agation given by the spike triggered averaging technique.

the same motor unit across different recordings by similarity matching. The simi-
larity across the recordings was computed through cross-correlation analysis. The
cross correlation was calculated using the MATLAB function xzcorr2. This function
returs a 2-D cross-correlation matrix. In signal processing, the cross-correlation is a
measure of the similarity between two waveforms as a function of a time-lag applied
to one of them. In Eq. 4.1 is reported the mathematical expression to calculate
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4 — Tracking of motor units and analysis of the neural information

the cross-correlation between to matrix:

M—-1N-—

Ck,l)=>_ > X(m,n)(H(m—k,n—1)* (4.1)

m=0 n=0

—_

where X (MxN) and H (Px(Q) are the two input signal matrices, while C' is the
output matrix. Since the cross-correlation has its maximum value, C,,,,, when the
two input matrices are aligned, this value is taken as the result of their similarity.
Then the maximum value of the coefficient was normalized to limit its value in the
range between -1 and 1.

Omax
MaxzNorm = (4.2)

VI X(m.n) ]2 H(p,q)

Similar MUs were coupled across pairs of recordings to create a chain of similar
MUs, aiming to concatenate the activity of the same MU across the three different
contractions. To assess a sufficient similarity and guarantee a certain accuracy of
the tracking procedure, a cross-correlation threshold was set (CC > 0.8) (Martinez-
Valdes et al., 2017). MUs were matched considering two recordings at the same
time, e.g. 'Fast’-’Slow” and "Fast’-’Medium’.

To track the same motor units across contractions with different speeds, the
common speed with respect to previous matching was considered (in the example
shown, 'Fast’) (see Fig. 4.1). Thus, the resulting final chain is composed only
by motor units that are present simultaneously in the matching that includes the
common speed. The resulting matching is shown in Table 4.1.

Subject MUs Cross value
1 4 0.84 +0.03
2 4 0.88 +0.04
3 10 0.96 £0.03
4 5 0.93 £0.01
5 12 0.94 £0.03
6 4 0.93 +£0.01
7 3 0.93 £0.04

Table 4.1. Final number of the tracked MUs across contractions spanning at
different %MVC range (20 %MVC/s, 30 %MVC/s, 60 %MVC/s). Mean and
standard deviation for the finding cross-correlation values.

The results show how a high threshold motor unit may be recruited both during
slow and rapid movements. This means that in all contraction speeds investigated
in the present study (20 %MVC/s, 30 %MVC/s, 60 %MVC/s), MUs recruitment

may act with the same mechanism.
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4.2 — MUs recruitment order and discharge rate
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Figure 4.3. In (a) is shown an example of one resulting tracking and in (b)
zooming of four motor unit action potentials inside the dashed box.

The reliability of the current outcome (see Fig. 4.3) is given by the EMG
recording system itself (i.e. HDSEMG) used in the present study. Indeed, Farina
et al. (2008) demonstrated that by using a large number of channels, it is possible
to identify the single MU activity and thus to exclude the possibility that, different
motor units, show identical waveform shapes. Further analysis regarding the neural
information are conducted considering only the tracked MUs.

4.2 MUs recruitment order and discharge rate

The neural information extracted by the decomposition procedure allows to inves-
tigate the neural strategies of control of muscle contractions. The output of the
HDsEMG decomposition procedure is a file containing the number of motor units
identified and the relative discharge timings. The individual discharge timings were
converted to binary spike trains: 0 or 1 were assigned to each sample depending
on the presence/absence of a discharge timing. Since the CKC' inspector output
does not give the MUs in their order of recruitment, but the output is organized
based on the first MU identified, it was necessary to determine the recruitment or-
der. Motor unit recruitment threshold represents the force (N) at which the motor
neuron began to discharge action potentials. Therefore the first discharge timing
and the correspondent level of force were stored for each motor unit within each
contraction and for each participant. Thus, the MUs were ordered from the first
recruited to the last (see Fig. 4.4). MU recruitment was investigated in the same
recording (single trial) and across the trials performed to understand if any change
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4 — Tracking of motor units and analysis of the neural information

in recruitment threshold occurred across contractions at the same speed, and at the
three different velocities, e.g. MU; is always the first recruited. Thus, the num-
ber of all possible recruitment permutations was explored. Permutation defines all
possible ways of arranging members that compose a set considering the specific
order in which the objects will be organized. To find all possible permutation the
MATLAB function perms was used.

The mathematical model that explains the above definition is:

pr = (nf'r), (4.3)

Because in this case n = r, the equation 4.3 became:

P =nl! (4.4)

r

where n represents the MUs and r is the position on the recruitment order.

Because the function perms returns a matrix containing all permutations of
the elements of the input, in P’ there are also groupings that were not present
across the trails performed at the same %MVCs. For this reason, in the output
matrix, only the real recurring groups were found. In this way, it was taken into
account how many times, a certain recruitment order, was presented during the
recording (see Table 5.4: each column is a possible recruitment order. The last row
reports how many times that order characterized the entire recording). Considering
the medium speed of the contraction (see Table 5.4), we observed six recurrent
recruitment sequences and the entire recording is composed by 21 ramps. One
possible recruitment order is represented by the first column of the table which
appears 2 times on 21 ramps, the second possible recruitment order was found 7
times on 21 ramps, ...

RecOrderl RecOrder2 RecOrder3 RecOrder4 RecOrder5 RecOrder6

20 20 20 20 20 20
23 23 6 6 14 14
6 14 23 14 23 6
14 6 14 23 6 23

2/21 7/21 1/21 4/21 4/21 3/21

Table 4.2. Recruitment order/sequence for subject 1 during medium
contractions (30%MVC/s).

It is worth noting that the numbers used to represent the motor unit must be
read not in terms of motor unit recruitment but as simple output of the decompo-
sition procedure (e.g. see Table 5.4: in the first row, the first MU indicated as ’20’
means that it is the twentieth motor unit found by the CKC algorithm).
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4.2 — MUs recruitment order and discharge rate

Finally, the average discharge rate (DR) for each single motor neuron and across
the trials at the different speeds was calculated. The inter-spike interval (ISI) was
calculated as the inverse of the time (ms) elapsed between each pair of consecutive
spikes (Sartori et al., 2017):

1
SL=——~ (4.5)
tC(k+1) — tCk)

where tc;, is the discharge time of the k" spike for the 7** motor neuron. Thus, for
each MUs a vector containing the ISIs was stored to evaluate the mean discharge
rate. To provide a direct measure of the average firing of the active motor neurons,
the vectors containing the ISI were smoothed using a moving average window of
500 samples (Sartori et al., 2017).
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Figure 4.4. Discharge patterns considering three ramp contractions performed at
20%MV/s. Here, 4 MUs are shown (result obtained from the tracking). In (a)
MUs are not organized in their recruitment order, while in (b) the same motor
units are shown ordered according to their relative recruitment threshold.
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Chapter 5

Results and discussion of the
EMG signal decomposition

5.1 Analysis of the CKC inspector results

Starting from the information given by the CKC' inspector output, all graphic results
were plot in MATLAB to observe the MUs properties across the three different
speed of the contraction. On average the algorithm detected more than 10 MUs
per recording (see Table 5.1). Each outcome is presented in three different ways:

1. innervation pulse train (IPT) (see Fig. 5.1(b)), 5.2(b), 5.3(b)) which dis-
plays the train of MU discharge times estimated by the decomposition tech-
nique. Each coloured dot represents a MUAP arrival at the time indicated
on the horizontal coordinate (ms). The right vertical coordinate represents
the instantaneous discharge rates in pulses per second (pps). The left vertical
coordinate reports the number of MUs identified by the algorithm.

2. Smoothed MU discharge rates (see Fig. 5.1(c)), 5.2(c), 5.3(c)) that is the
mean firing rate of the different MUs. Each plots is represented by coloured
lines. The mean firing rate values are reported in pps on the left vertical
coordinate while the horizontal coordinate represents the time of the con-
traction. This kind of plot allows to study the relationships among different
motor units.

3. the motor unit action potential trains (MUAPTS) represented as delta func-
tions (see Fig. 5.1(a)), 5.2(a), 5.3(a)) measured in units of time. Each horizon-
tal strips correspond represents an impulse, that that is a different MUAPT.

In each plot, the grey continuous line represents the output force (N) (see Fig.
5.1, see Fig. 5.2 and see Fig. 5.3). For clarity reason, only the first three ramp
contractions are given for each different level of force and one subject is taken as
representative.
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Subject ID Slow 1s Medium 2s Fast 3s
1 11 23 9
2 13 22 12
3 17 10 15
4 16 16 21
5 13 14 17
6 7 9 5
7 4 5 6

Table 5.1. Number of decomposed motor units per subject.

Each plot is useful to identify the decomposition errors. For example in Fig.
5.1(b)), 5.2(b), 5.3(b) the presence of isolated dots out of range, that is abnor-
mally long or short pulse interval between two occurrences, are indicative of a
missed detection or of a misclassification. In this case, the visual inspection help
to reconstruct the expected pattern based on the previous events observed in all
the monitored motor units. In addition, the representations results may be useful
to understand if the mean firing rate is in its physiological ranges that range be-
tween 20-50 pulse per second (pps) (see Fig. 5.1(c), 5.2(c), 5.3(c)). In particular,
by plotting the results for different speed of the contraction, different firing rates
modulation are represented. For the ramp contraction performed at 20%MVC/s
(slow speed of the contraction) and 30%MVC/s (medium speed of the contraction),
the mean firing rates varies between 15-30 pps (see Fig. 5.1(c), 5.2(c)). On the
contrary, the smoothed instantaneous discharge rates for the ramp contraction per-
formed at 60%MVC/s (fast speed of the contraction) ranging from 40-60 pps (see
Fig. 5.3(c)).

Two other differences are emphasized considering the slow and the fast speed
of the contraction. One of them regards the discharge rates: during rapid ankle
dorsi-flexion movement there is a high initial discharge rate that declines progres-
sively (see Fig. 5.3(b), 5.3(c)) with respect to the contraction performed at slow
speed (see Fig. 5.1(b), 5.1(c)) where the MUs fire progressively. The second ob-
servation regards the number of spike (see Fig. 5.3(a)): during the rapid move-
ments (60%MVC/s) the activated MUs fire less (~ 1-20 times) with respect to the
slow movements (>40 times) (see Fig. 5.1(a)) (Van Cutsem & Duchateau, 2005;
Van Cutsem et al., 1998). These observations underscore both the difference in
MU activation pattern comparing slow and rapid contractions and they show the
different strategies actuated by the CNS to obtain a certain level of force. Thus,
the EMG signal decomposition may be beneficial in research activities interested
in motor unit properties and behaviour and in clinicians studies to asses the state
of the muscles (Mambrito & De Luca, 1984).
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Speed of the contraction at 20%MVC/s.
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5.2 MU recruitment and firing rate properties

The idea to follow the same MU using the spike triggered averaging technique
first and the maximum of the correlation between the MUAP shapes over different
recordings, allows to verify the decomposition accuracy. Indeed, the HDEMG con-
tains the activity of many MUs, thus the possibility to monitor the same MUS over
different condition shows that all of the discharges identified are correctly. This is
demonstrated by the decomposition templates (see Fig. 4.2 in Chap. 4) and by the
high mean correlation value (see Table 4.1 in Chapter 4). The results obtained by
the tracking of MUs support the validity of the surface EMG decomposition tech-
nique. Is worth to note that matching the MUs across different trail is appropriate
for the conditions that were tested in this project, that is the isometric contraction.
Indeed, during dynamic conditions the MUAP waveform could change, thus the
feasibility of the tracking may not be reliable (Kapelner et al., 2018).

The recruitment orders, force threshold and mean DRs are investigated us-
ing the tracked MUs. The MUs recruitment orders are investigated in terms of
permutations (see Tables 5.2, 5.3 and 5.4 the results of the permutations for one
representative subject). The results obtained show a preferential recruitment order
across the different trials. This is demonstrated by the ratio between the number
of times that a certain order appears and the total number of ramps (for exam-
ple, as reported in Table 5.2, for subject 1 at slow contraction velocity, the second
recruitment order is mostly represented, indeed it appears 12 times on 19 ramps).
In addition, it is possible to note that the different recruitment order usually vary
for one/two positions (see Table 5.2 where the two recruitment orders are different
for the position held by MU, and MUg). Three possible reasons may justify this
variability of motor unit recruitment sequence:

1. the imperfect automatic decomposition in the spike identification due to the
noise (Farina & Enoka, 2011);

2. the manual processing;

3. the close recruitment thresholds between motor units (see Fig. 5.4 and Fig.
5.5).
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5.2 — MU recruitment and firing rate properties

RecOrderl RecOrder2

5 5

9 9

2 6

6 2
7/19 12/19

Table 5.2.  Recruitment order for subject 1 during slow contractions (20%MVC/s).

RecOrderl RecOrder2 RecOrder3 RecOrder4 RecOrder5 RecOrder6 RecOrder7

6 6 6 6 6 1 5
3 3 4 5 5 5 6
4 5 3 3 4 6 3
5 4 5 4 3 3 4
5/29 5/29 1/29 10/29 5/29 2/29 1/29

Table 5.3.  Recruitment order for subject 1 during fast contractions (60%MVC/s).

RecOrderl RecOrder2 RecOrder3 RecOrder4d RecOrder5 RecOrder6

20 20 20 20 20 20
23 23 6 6 14 14
6 14 23 14 23 6
14 6 14 23 6 23

2/21 7/21 1/21 4/21 4/21 3/21

Table 5.4. Recruitment order for subject 1 during medium contractions (30%MVC/s).
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MUs
w

=

Time(s)

()

MUs

Figure 5.4. 20%MVC/s in (a), 30%MVC/s in (b) and 60%MVC/s in (c). Results
for one representative subject.
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5 — Results and discussion of the EMG signal decomposition

The percentage of force at which motor units were recruited provides informa-
tion regarding motor unit recruitment in contractions of different speed (see Table
5.5). We observed that MUs recruitment threshold decreased with the increase in
the speed of contraction and our findings were in agreement with previous reports
(Masakado et al., 1995).

Subject ID Slow 3s Fast 1s
S1 31%MVC 28%MVC
52 33%MVC 31%MVC
S3 25%MVC 31%MVC
S4 36%MVC 30%MVC
SH 29%MVC 28%MVC
S6 31%MVC 28%MVC
ST 31%MVC 31%MVC

Table 5.5.  Average motor unit recruitment threshold (%MVC) per subject. Only
2 participants out of 7 showed an higher recruitment threshold in fast compared
to slow contractions (highlighted).

The results achieved for the mean DRs modulations (see Fig. 5.6) are in ac-
cordance to the "onion skin' theory (De Luca & Hostage, 2010). Indeed, the mean
DR of the earlier recruited MUs (low threshold) was always higher than those of
the high threshold motor units (Masakado et al., 1995). According to Henneman'’s
size principle, the latest recruited MUs are more fatigable; thus considering their
lower firing rate some benefits may be to help to maintain a sustained contraction
limiting fatigue, to contribute in finer muscle force control or to provide a greater
force if it is needed (De Luca & Contessa, 2012). Furthermore, the lower firing rate
might depend on the fact that the later recruited MUs are closer to the end of the
contraction, thus they receive a smaller excitation drive and the neural commands
may diminish (Hu et al., 2014).

Tracking the individual motor units over time and over different conditions,
can provide observations regards the MUs properties. In particular, it is possible
to observe the behaviour of the same MU when it is recruited for slow and high
level of force. Indeed, the different properties shown (i.e. the mean discharge
rates) illustrate how the CNS may recruit the same MU in different speed of the
contraction, but it modulates and changes both the MUs discharge rates and the
threshold of the force recruitment.
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Figure 5.6. Mean firing rate across the trials considering the three speed
of the contraction. In (a) slow speed, in (b) medium speed and in (c) fast
speed of the contraction. Results for one representative subject. The MUs
are indicated as 1, 2, 3 and 4.
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Chapter 6

Contractile impulse estimation

Based on the results obtained in Chapter 5 regards the force control, in this chap-
ter are designed different force estimators using two models. The estimators are
designed considering all the MUs identified by the decomposition algorithm (see
Table 5.1, Chapter 5). This choose depends by two main reason:

1. a priori we do not know how many and which MUs will be recruited in the
muscle contraction, thus we can not used only the tracked MUs;

2. all the information extracted by the decomposition are an useful mean to infer
the neural drive to the muscle, thus to obtained a good force estimator.

In order to estimate the force expressed by the muscle during the ankle dorsi-
flexion the linear regressions were designed. Starting from the EMG signal, two
different approaches have been investigated: the first based on the summation
of discrete single motor neuron spike trains (neural drive), the second based on
the EMG envelope (global EMG feature) extracted from the HDEMG. Both the
regressions were done considering a time domain feature extracted from the record-
ing force, e.g. the contractile impulse (IC). This was calculated as the integral
of the force along time. Thus both for the EMG envelope and the neural drive
(ND), the regressions were evaluated with the integral of the signals in each con-
traction, instead of the signal itself. The whole process is graphically summarized
in Fig. 6.1 and described in detail in the next sections. In particular, the three
signals were processed separately, then the two regressions were evaluated and their
performances were compared. The regressions were determined both considering
the measured force for each different speed of the contraction (three different re-
gressions) and the global force resulting by their grouping. In this way, the two
different regression models allowed to study the single effects and the total one in
the force estimation. The performances obtained in the IC estimation from the ND
and EMG model-based, were compared with the aim to find the best estimator. In
this work, the IC was intended as a parameter to estimate the ability of a subject
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6 — Contractile impulse estimation

to generate his maximal force considering different conditions, as the variation of
the speed during limb movements. The integral of the ND represents the changes
in the motor neuron discharge rates and/or in the MU recruitments during a cer-
tain activity, while, the integral of the EMG envelope reflects the changes in its
amplitude.

HDEMG signal decomposition
Cumulative Spike Train
Neural Drive

Feature: integral of the Neural drive in time l
Linear regression
PCA
~ Filtering
Envelope

Feature: integral of the EMG envelope in time

Linear regression

_ Ankle dorsi-flexion force recording |

Feature: contractile Impulse |

Figure 6.1. Block diagram of the processing steps for each of the three signal:
force, emg envelope and ND. Figure in the left of the block diagram is adapted
from (Sartori et al., 2017)

6.1 Motor neuron decoding and Neural Drive ex-
traction

The information extracted by the convolutive blind source separation algorithm
(described in Chapter 3) provides the motor neuron activity in the time domain
(individual spike discharge trains). To differentiate the periods of motor neurons
activity from no activity, each single spike trains was converted in a binary sequence
of zeros and ones. In particular, to each sample was assigned 0 or 1 depending on
whether or not the sample marked an action potential. Then, the cumulative spike
train (CST), was evaluated as the sum of the single spike trains for all motor units
(see Fig. 6.3). The CST is obtained by combining together the single discrete
spike trains, where each spike in it is marked as 1; in each time instant the CST is
the sum of motor units that are simultaneously active (see Eq. 6.1). The relation
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6.1 — Motor neuron decoding and Neural Drive extraction

between the input received by each motor neuron j-th in a pool N and the resulting
value of cumulative at time i-th is modelled as:

cst(i) = ; MU, (i) (6.1)

where MU;(i) assumes 0 or 1 depending on whether or not the MU ;% at time ™"

was active. In this way, the CST is a discrete dimensionless signal in time. The
resulting CST is a direct estimation of the total activities of motor neurons that
share a common input, defined as effective neural drive (Farina et al., 2014). Since
the motor unit discharge timings can be mathematically described as a set of delta
functions, the resulting CST is an impulse function too, with its maximum value
equal to the sum of all identified motor units (see Fig. 6.4(a)).

To limit its value in a range between 0 and 1, the CST was normalized on the
number of MUs that could fire at the same time. In this way, the CST indicates
the percentage of MUs concurrently active. After the normalization, the discrete
CST was filtered with low-pass filter at 2 Hz (Butterworth, 6rd order) to obtain a
continuous signal along the time and evaluate the integral on a specific interval (see
Fig. 6.4(b)). This filter was realized using the MATLAB function Butter in order
to find the transfer function coefficients (B,A). The filtering is executed using the
MATLAB function filtfilt) (see Fig. 6.1).
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0 0.2 0.4 0.6 0.8 1
Normalized Frequency (xm rad/sample)

Figure 6.2. Mask of the low-pass filter. The cut off frequencies is normalized
between 0 and 1, where 1 corresponds to the Nyquist rate-half the sample rate.
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Figure 6.3. The process to obtain the cumulative spike train (CST).
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Figure 6.4. The cumulative spike train (CST) in (a) and its continuos-smooted
version. Ankle dorsi-flexion performed at 20%MVC/s.
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6 — Contractile impulse estimation

6.2 Global EMG envelope extraction

All the HD-EMG signals recordings described in Chapter 3 were performed in
monopolar derivation. An additional filtering step is added to the interferent HD-
EMGs. Indeed, the SEMG were band filter by the hardware filter at 10-500 Hz (see
Chapter 3). In particular, the signals were band-pass filtered using a zero-phase
filter (Butterworth, 3rd order) with cut-off frequencies 20 Hz and 500 Hz (see Fig.
6.2). This filter was realized using the MATLAB function Butter in order to find
the transfer function coefficients (BEMG,AEMG). The filtering is executed using
the MATLAB function filtfilt) that allows to avoid the phase distortion and the fil-
ter delay. The choice of this bandwidth is in according with Hakonen et al. (2015).
Indeed, the low frequency cut-off removes the movement artefact component (band-
width 5-30 Hz), while the high frequency cut-off removes harmonics components
higher than 500 Hz. According to De Luca et al. (2010), most of the energy of the
EMG signal is limited between 400-500 Hz.
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Figure 6.5. Mask of the band-pass filter. The cut off frequencies is normalized
between 0 and 1, where 1 corresponds to the Nyquist rate-half the sample rate.

Due to the high dimensionality of the HD-EMG, the signals may contains re-
dundant information (Staudenmann et al., 2006), thus the Principal Component
Analysis (PCA) was used to extract the most representative part. In this way, the
principal component that identified the common temporal patterns across large
datasets (HDEMG) (Naik et al., 2016) was extracted using MATLAB function
PCA. This function returns the principal component coefficients and the percent-
age of the total variance explained by each principal component. In this work, the
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6.2 — Global EMG envelope extraction

resulting mean principal components retained respectively 75,42% 72,57% 71,57%
of the original variance for fast, medium and slow speed of the contraction. The
resulting signal was rectified and its linear envelope was extracted with a low-pass
filter (Butterworth second order) with cut-off frequencies at 2 Hz. Then, the ampli-
tude offset of the resulting signal was removed to achieve zero mean and the EMG
amplitude was converted to mV (see Fig. 6.6).

0 20 40 60 80 100 120 140
Time (s)

(a)

1.5

mV

05+

0 20 40 60 80 100 120 140
Time (s)

(b)

Figure 6.6. Trend of raw EMG (orange signal) and its envelope (violet signal) in
(a). EMG envelope in (b). Recording performed at 20%MVC/s.
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6 — Contractile impulse estimation

6.3 Muscular activity onset detection

Before evaluating the regressions, the duration of EMG activity was defined. For
this reason, it was necessary to determine the specific time instant that marked the
beginning and the end of the EMG activity. To detect the on and off timing of the
muscle, a threshold-based method (Hodges & Bui, 1996) was applied. According to
this method, the onset (and offset) of muscle activity was define as the first point
when the EMG signal exceeded T}, p;se:

Thoise = b+ ho (6.2)

where 1 and o represent the mean and the standard deviation of the noise signal
respectively, while h is a parameter to defined the threshold level and it was set to
2 (Tedroff et al., 2006). Thus, it was necessary to defined a noise source to estimate
the mean p and the standard deviation o. Since from the experimental protocol,
each isometric ankle dorsi-flexion was interspersed with 5s of resting periods, it
is possible to consider in this time interval, no muscular activity. Due to the
neuromechanical delay (NMD), defined as the time delay between the rise time
of the motor unit action potentials and the respective force output (Del Vecchio
et al., 2018), the cross correlation between the ND and the force was calculated
using the MATLAB function xzcorr. This function returns a vector with the lags at
which the correlations are computed. Thus the maximum lag is found to aligned
the two signals. In this way, the force and the ND were aligned with respect to
their time delay because at that value the cross-correlation of them is maximum.
On average, the cross correlation was equal to 95% considering all subjects and all
speeds of the contraction. For this reason, it is possible to consider the ND as a
reliable indicator of the muscle activation, thus the onset of the EMG activity on
the ND were evaluated on it. The ND calculated for each speed of the contractions
was plotted and a manual selection of a time interval with no EMG activity, was
performed. In these, the time interval between two ramp contractions was defined
as the noise interval. The results of the onset and offset detection are shown in Fig.
6.7.

6.4 Linear regressions

The shape similarity shown in Fig. 6.7 between the force (orange lines) and the
ND (red lines) generated suggested a high relationship between the two signals.
According to the experimental protocol described in Chapter 3, the participants
in the experiment performed several ramp contractions (~ 25), at three different
speeds, with a ramp duration of 3s (slow speed), 2s (medium speed), and 1s (high
speed). Thanks to this, it was possible to observe the manifestation of the muscle
strength in different time intervals. In these interval the ICs were calculated as
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5 10 15 20

Time (s)
Figure 6.7. Results of onset-offset detection using the threshold-based method.
Six ramp contractions, normalized to their maximum value, are illustrated: in
blue the EMG envelope, in red the neural drive and in orange the recorded ankle
dorsiflexion force. In violet the windows of the onset/offset muscular activity.

the area under the measured force signal, i.e. the time integral of the force. In
order to investigate the relationship between the IC and both the ND and the
EMG, the integrals of the signals in each contraction were calculated. This was
done considering the three single linear regressions (SLR) corresponding to each
speed of the contraction (see Fig. 6.9) and one single global regression (GLR),
where the three forces were put together (see Fig. 6.10). This double analysis, the
single regressions and the global regression, are due to the fact that in the event of
implementing a controller able to control the force, such as in myoelectric prosthesis,
the speed of the contraction is not known a priori. It means that, it is not possible
to decide what type of regressor works better among the three available. For this
reason, a global regressor is designed and its performance is tested. It is clear that
in this way, we are going to lose important informations on our system (velocity
contraction), which may provide a more accurate control. On the other hand, a
global regressor would be suitable for more general situations and representing a
fair trade-off among the three conditions. To obtain the polynomial coefficients for
the regressions the MATLAB function polyfit was used. These coefficients were are
used in a second function polyval to evaluate the linear regression.

Finally, considering the case of using this force estimation for a myolectric con-
trol, an important drawback rises up: the time delay. In fact, according to the
regressor presented above, the force estimation needs at least 1 second (considering
the fast contraction) of contraction for evaluating the respective force. This delay
severely increases for medium and slow contractions, up to 3 seconds. An efficient
solution to this is to consider a time window (Farrell & Weir, 2008). In this work, a
time window of 200 ms was used. Also for this solution, the analysis was conducted
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6 — Contractile impulse estimation

formulating both a velocity custom linear regressor (see Fig. 7.7) and a global one
(see Fig. 7.9).
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Figure 6.8. An example of the regressions designed. The coordinates of each dot
on the graph are represented by the time integral calculated under the force curve
and the curve of the neural drive (the same description for the EMG envelope).
Here, the ramp of 3s (slow speed) is shown.
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Figure 6.9. In (a) the ND model-based estimator, in (b) the EMG envelope mod-
el-based estimator. Two examples of the regressions used to estimate the con-
tractile impulse for one representative subject. In (a) and (b) the three single
regressions are depicted in different colours: slow speed in yellow, medium speed
in red and fast speed in blue.
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Figure 6.11. In (a) ND model-based estimator, in (b) EMG envelope model-based
estimator. Two examples of the regressions used to estimate the contractile impulse
for one representative subject considering a moving window of 200ms. In (a) and
(b) the three single regressions are depicted in different colours: slow speed in
yellow, medium speed in red and fast speed in blue.

6.5 Statistical analysis

To quantify the performance of the regressions, the R? value has been use. R? was
defined as:

SSE Sy £

RP=1-—"—_=1-—==2 JU
SST i1 (Y — 9)?

(6.3)

SSE (sum of squared errors of prediction) is the sum of the squared residuals and
SST (total sum of squares) is the sum of the squared residual from the mean ob-
served value (¢) and it is proportional to the variance. The residuals are calculated
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Figure 6.12. Global linear regressor. In (a) ND model-based, in (b)EMG
envelope model-based.

as the difference between the force value measured during each task of the ankle
dorsi-flexion (y), and the force estimated with the specific linear regressor (f).

Since the population mean and standard deviation were unknown, the Lilliefors
test was performed to assess if the R? values came from a standard normal distri-
bution. Once the normality has been verify, a parametric paired t- test was used
to statistically compared R? values. The significance level for all statistical com-
parisons was set at p value < 0.05. The statistical analysis was performed to asses
the statistical difference between all R? values obtained from the 7 subjects. In
particular, between the ND model-based linear regressor and the EMG envelope
model-based linear regressor the R? values statistically compared were:

1. MPsinpg? . and PMEstRR2 o that are the results of the single force esti-
mations. The superscripts SLR, ND or EMG indicate the SLR models consid-
ering the ND and the EMG model-based. Since the regressions are designed
considering both the whole contraction and the moving window, the subscript
w indicates the whole contraction while f, m and s indicate respectively fast,
medium and slow.

2. NPstnp?, pand PMOSLRR?  that are the results of the single force esti-
mations considering the moving window (the subscript w). The superscripts
SLR, ND and EMG indicate the SLR models considering the ND and the
EMG model-based. Since the regressions are designed considering both the
whole contraction and the moving window, the subscript mw indicates the
moving window. The subscripts f, m and s indicate respectively fast, medium
and slow.
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6.5 — Statistical analysis

3. N ng] and EMgR; are the results of the global force estimation. The sub-
script ¢ indicates the GLR model for the ND or the EMG envelope model-
based (superscripts ND and EMG), while the subscript w indicates the whole
contraction.

ND EMG - -
4. B2 and 7 R are the results of the global force estimation. The subscript

g indicates the GLR model for the ND or the EMG model-based (superscripts
ND and EMG), while the subscript mw indicates the moving window.

5. NPeLr 2 Jmy ¢ and EM G%{E)Rg /m, ¢ are the results of the estimations conducted
by the global regressor on each individual force. The subscript GLR indicates
the global model which estimates respectively the force of the contraction
performed at fast (subscript f), medium (subscript m) and slow (subscript
s). The subscript mw indicates the moving window.

A further statistical analysis was done considering separately the ND and the EMG
envelope model-based. In this case, the statistical analysis was done comparing the
NbsrrR?, ¢ with respect to YPGERR2, . The same statistical comparison for the
EMG envelope model-based "M@StiR? . with respect to "M9GLrR?, . In this
way it is assessed the statistical difference within the same model.
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Chapter 7

Results and discussion

As presented in Chapter 6, the paired t-test was used to compare the statistical
difference between the ND model-based and the EMG envelope model based. With
the aim to help the reader and for a clearer discussion, the following nomenclature
for the R? has been use in this chapter (also summarized in Fig. 7):

ND/EMGgrr/GLR 12

In particular, the design of the SLRs were done considering both the whole
contraction (subscript w) and the moving window (subscript mw). Thus the first
statistical comparison will be between " /%gRg Jmy g and g MwG/iigRE Jmyg- A further
statistical analysis will regard the GLRs, in particular the comparison between

NDRQ and EMGRZ
w/mw*lg w/mw*tg:

In addition the last analysis will measure the performance of the global regressor
in the IC estimations associated to slow, medium and fast speed of the contraction.
Thus, the paired t-test was applied to assess the statistical differences between the

NDGrﬁgRi/m/f and the EMGG;LgRg/m/f.
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SINGLE LINEAR REGRESSOR
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Figure 7.1. The block diagram summarize the R? values calculated to asses the
performance of the designed regressor. Meaning of pedices and apices are the
following: the left subscripts mw and w indicate respectively whole contraction
and moving window; the right subscripts s, m and f indicate respectively slow,
medium and fast speed of the contraction, The subscript on the left GLR and
SRL indicate respectively the global and single linear regressor; finally the su-
perscripts ND and FMG indicate respectively the neural drive and the EMG
envelope to underlay the model used.
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The first analysis of the results considers the SLRs in order to show the effects that
the different speeds have in the IC estimations (see Fig. 7.2 and 7.3). To quantify
the performance of the regressions, the R? value was calculated. A strong positive
association is found both for the ND and the EMG envelope model-based (see Tables
7.1). The mean R? values were always higher for the ND model-based (VPs:2R? —=
0,56 vs PMGsrn R2 = 0,47, VPsrRR2 = 0,50 vs PMOstRR2 = 0,28; VPsrERY = 0,50
Vs EMGSLgR% = 0,53). Indeed, the slope of the regressions obtained between IC
and the EMG envelope model based (see Fig. 7.3) do not differ significantly from
0; that is particularly evident considering the medium and the fast speed of the
contraction (see Fig. 7.3 red and blue regressions). This indicates the absence of
a linear relationship (e.g. see in Table 7.1 the values of #M“stk R2 and #M GSLngc
reported for subject 1 and 2).
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Figure 7.2. Two examples of the regressions for the ND model-based. The regres-
sions for the three speed of the contraction are depicted in different colours: slow
speed in yellow, medium speed in red and fast speed in blue. The results shown
are for two representative subjects.

To assess the statistical difference between the two models, the parametric
paired t- test was used to statistically compared the R? values for each SLR among
the 7 subjects. No statistical differences have been found between the EMG enve-
lope model-based and the ND model-based (p > 0.05) (see Fig.7.4).

The relationships between IC and ND (see Fig. 7.2) show a clear discrimination
between the levels of the speed and thus between the levels of force. This observa-
tion suggests that the three SLRs can be distributed along a single linear regressor,
i.e. the GLR discussed in the next paragraph. Instead, from the relationships
between IC and the EMG envelope these discriminations are not so evident. In
particular, a complete overlap between the slow and the medium speed contraction
is shown (in Fig. 7.3(b) represented by the regressions in yellow and in red). This
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Two examples of the regressions for the EMGe envelope model-based

The regressions for the three speed of the contraction are depicted in different
colours: slow speed in yellow, medium speed in red and fast speed in blue. The
results shown are for two representative subjects.

Table 7.1.
regression. Values per subject.

R? considering the entire ramp contraction for each single linear

ND EMG envelope

Subj NPsirRp2 NDsirp2 NDSLzR% Subj PMGsirp2 EMGsirp2 EMGSLIJER?

1 0,62 0,81 0,54 1 0,22 0 0,56

2 0,51 0,83 0,67 2 0,23 0 0,55

3 0,59 0,53 0,69 3 0,68 0,43 0,61

4 0,45 0,67 0,33 4 0,74 0,43 0,73

5 0,83 0,18 0,43 5 0,63 0,36 0,43

6 0,74 0,54 0,51 6 0,22 0,34 0,47

7 0,16 0,24 0,30 7 0,47 0,37 0,32
Mean 0,56 0,50 0,50 Mean 0,46 0,28 0,53

finding may be attributed to the amplitude cancellation that occurs when the posi-
tive and the negative phases of different MUAPs overlap and summate destructively
(Boe et al., 2008). Thus limits the possibility to understand the effects produced
on the muscles activation considering the different speed of the contraction.
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ND p2 EMG p2
7.2 TR, versus "7 R

The design of the GLRs are due to the fact that in the event of implementing a
controller able to control the force, the speed of the contraction is not known a
priori. This means that, it is not possible to decide what type of regressor works
better among the three available (see Fig. 7.5). A higher value of R? is obtained
for the ND model-based ") R? = 0,75 and “"$ R? = 0,59) although no statistical
difference has been found (t test, p>0.05) (see Fig. 7.6).
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Figure 7.5. In (a) total regressor based on 7.2 (a). In (b) total regressor
based on 7.3 (a).
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Figure 7.6. Boxplots showing the ranges of R? obtained with the global regressor
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73 SyﬁgRE/m/f versus %gRi/m/f

NDgrr 2 EMGgrr p2
7.3 s ) p versus B ) 1
Considering the case of using these force estimators for a myolectric control, the
drawback due to the time delay (see Chapter 6) can be overcame considering a
moving window of 200 ms. Thus, three SLRs are designed for the ND and the
EMG envelope model-based (see Fig. 7.7).

Impulse (N*s)

0 0.5 1 1.5 2 25 0 05 1 15
NeuralDrive(AU.) 103 NeuralDrive(AU.) %1072

() (b)

60

Impulse (N*s)
Impulse(N*s)

0.1 0.2 03 0.4 05 0.6 0. 0 0.1 0.2 0.3 0.4 0.5 0.6

EMG (mV*s) EMG (mV*s)
(c) (d)

Figure 7.7. Four examples of the regressions used to estimate the contractile
impulse. In (a) and (b) the ND model-based; in (c¢) and (d) the EMG envelope
model-based. The regressions for the three speed of the contraction are depicted
in different colours: slow speed in yellow, medium speed in red and fast speed in
blue. The results shown are for two representative subjects.
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The mean R? values were always higher for the ND model-based (VPSLER2

= 0,88 vs PMOsInR2 = 0.80; VPSLRRZ = 0,87 vs PMOsIRRZ = 0,77; MPsLrRA=
0,87 vs EMGS;%R} = 0,79). In this case, these observations show a significant
statistical difference (p < 0.05) obtained comparing the two models in th three

different conditions (i.e. slow, fast, medium and global) (see Fig. 7.8).

Table 7.2.  R? considering 200ms window. Values per subject.

ND EMG envelope
Subj ANPsinp2 NPsinp2 o NDsinp2 Subj FMCsrrp2 EMGsinpz - EMGsin g2
1 0,91 0,95 0,90 1 0,74 0,81 0,85
2 0,90 0,95 0,90 2 0,75 0,80 0,82
3 0,87 0,82 0,85 3 0,84 0,75 0,78
4 0,93 0,91 0,92 4 0,87 0,73 0,74
5 0,93 0,87 0,86 5 0,83 0,80 0,79
6 0,81 0,86 0,82 6 0,71 0,73 0,72
7 0,78 0,72 0,84 7 0,85 0,74 0,79
Mean 0,88 0,87 0,87 Mean 0,80 0,77 0,79

In this way, the higher R? mean value obtained with the ND model-based as-
sumes statistical significance. Indeed, the ND model-based is more sensitive to
the small changes in the IC considering the low speed of the contraction (see Fig.
7.7(a) and (b) regressions in the yellow) with respect to the EMG envelope model
based. Indeed, the increasing in IC ~ 5-15 Ns are not follow by a correspondent
increase in EMG envelope (~ 0 mVs) (see Fig. 7.7(c) and (d) regressions in yel-
low and red represent respectively the contractions performed at slow and medium
speed (20%MVC/s, 30%MVC/s)). These results can be explained considering the
low-threshold motor units recruited for slow levels of the force. These MUs produce
smaller surface action potentials with respect to the high threshold MUs; thus their
effect is more reduced by the amplitude cancellation.

56



7.3 - NDS,,LL{';RQ/m/f versus

S

EMGsLr
me

2
s/m/f

R2

Speed: MEDIUM

Speed: SLOW g
e i 0.95 4 .
| *
0.9 1
0.9r
s ‘ Bl | 0.85
! | ~N
— 1 m 1
) ﬁ | . 3 ]
0.75 | 075" 1
| .
pr= S 0>77
ND EMG ENVELOPE ND EMG ENVELOPE
(a) (b)
Speed: FAST
0.95| * |
09} |
085 ' 1
o~
id
|
08f i
P
0.75 g
i
-
07t ‘ |
ND EMG ENVELOPE
()
Figure 7.8. Boxplots showing the ranges of R? obtained with the single linear
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value < 0.05 while ** indicates a p value < 0.01.
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ND p2 EMG p2
7.4 LR, versus "7 R

The GLRs (see Fig. 7.9) performance were measured in term of R?. A higher value
of R? is obtained from the ND model-based (Y2 R?= 0,81 and #“R? = 0,69) and
a significant statistical differences (p < 0.05) is founded between the two models
(see Fig. 7.10).
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Figure 7.9. In (a) the global regressor obtained with the ND model-based; in (b)
the global regressor obtained with the EMG envelope model-based.
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Figure 7.10. Boxplot shows the ranges of R? obtained with the global re-
gressor. According to the convention symbol used in statistic, ** indicates
a p value < 0.01.
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7.5 Statistical analysis: ND %{jR? Jm/f VErsus EM G%{ER? m)f

In the last analysis the YPcLrR2 myg and EMGaLr 2 mys were calculated. This
means to measure how each independent variable (IC slow, IC medium, IC fast) is
estimated by the global estimator. Thus, the paired t-test was applied to assess the
statistical differences between the two model. A positive association, in terms of
R? is found both for the ND and the EMG envelope model-based (see Tables 7.3).
Higher R? mean values are obtained from the ND model-based (NP6t R2 = 0,77

vs PMGernp2 — 0,6; YPornR2 = 0,82 vs PMOernp2 = (.72, NPILRRE = 0.77 vs

EMGeLrp2 s = 0.68). In particular, a significant statistical difference is observed
by comparing the VP6LE R? versus FMEcLrp2 and NPeLr 2 yergus FMCYcLrp2 .

while there is no significant statistical difference between G,ﬁfijfc and #M GG,ﬁijfc
(see Tables 7.11).

Table 7.3. R? considering the estimation of the global model for each differ-
ent speed. Values per subject.

ND EMG
Subj MPernpg? NbPernp2  NPeinpl Subj FMCGernp2 EMGeinp2 - EMGernp2
1 0,89 0,90 0,86 1 0,46 0,71 0,69
2 0,89 0,91 0,82 2 0,46 0,68 0,59
3 0,79 0,81 0,82 3 0,65 0,73 0,69
4 0,90 0,76 0,63 4 0,67 0,73 0,63
5 0,87 0,85 0,87 5 0,70 0,74 0,78
6 0,32 0,79 0,99 6 0,48 0,70 0,62
7 0,74 0,71 0,83 7 0,75 0,74 0,77
Mean 0,77 0,82 0,77 Mean 0,60 0,72 0,68

Finally, a paired t-test was applied to assess the differences in performance inside
the same model. This means to compare the estimation of the force, at a certain
speed of the contraction, both using the single SLR and the GLR (see Tables 7.4 and
7.5). A higher R? mean values is reported for the SLRs based on the EMG envelope
(EMPstr B2 — (080 vs PMCPcLrR2 — ()6, EMCstr g2 — () 77 vg PMCGeLrp2  — () 72,
EMGS,Q{ZR?C = 0,79 vs “M G%SR? = 0.68) and a significant statistical differences is
obtained comparing the different R? mean values (see Fig. 7.12). On the contrary,

considering the ND model-based no significant statistical difference in shown (see
Fig. 7.13).
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Table 7.4. R? considering 200ms window. Values per subject. Table on the left
indicates the R? for the each SLRs, while the table on the right indicates the R?
obtained estimating each single force by the GLR.

ND ND
Subj NPsirp? NDsrp2  NDsiRpRS Subj NParmpz Nbarmp? o NDoLkps
1 0,91 0,95 0,90 1 0,89 0,90 0,86
2 0,90 0,95 0,90 2 0,89 0,91 0,82
3 0,87 0,82 0,85 3 0,79 0,81 0,82
4 0,93 0,91 0,92 4 0,90 0,76 0,63
5 0,93 0,87 0,86 5 0,87 0,85 0,87
6 0,81 0,86 0,82 6 0,32 0,79 0,59
7 0,78 0,72 0,84 7 0,74 0,71 0,83
Mean 0,88 0,87 0,87 Mean 0,77 0,82 0,77

Table 7.5. R? considering 200ms window. Values per subject. Table on the left
indicates the R? for the each SLRs, while the table on the right indicates the R?
obtained estimating each single force by the GLR.

EMG envelope EMG envelope

Subj PMGsirp2 EMGsirp2  EMGsir Rfc Subj PMGarrp? BMGeirpe  EMGeir Rfc

1 0,74 0,81 0,85 1 0,46 0,71 0,69

2 0,75 0,80 0,82 2 0,46 0,68 0,59

3 0,84 0,75 0,78 3 0,65 0,73 0,69

4 0,87 0,73 0,74 4 0,67 0,73 0,63

5 0,83 0,80 0,79 5 0,70 0,74 0,78

6 0,71 0,73 0,72 6 0,48 0,70 0,62

7 0,85 0,74 0,79 7 0,75 0,74 0,77
Mean 0,80 0,77 0,79 Mean 0,60 0,72 0,68
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7 — Results and discussion

This is an important results, since we can use the ND global linear regressor
to estimate different levels of force at different speed, with a fair trade-off among
the three conditions. In fact, with the EMG SLR model based, we had better
performance in each condition with respect to the EMG global linear regressor.
While, considering the ND global linear regressor, no statistical difference is shown.
This, making the ND global linear regressor more suitable in unknown velocity
condition.
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Figure 7.12. Boxplots showing the ranges of R? obtained with the global regressor
and the single linear regressions using the EMG model-based.
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Chapter 8

Conclusion and future
developments

The investigations undertaken in this project range from the research in motor
neuroscience to the possible technology applications in the field of motor rehabil-
itation. In particular, the understanding of the motor unit behaviour, thanks to
the surface EMG decomposition, allows both to explore the motor neurons activity
and to extract the neural drive to muscles. Indeed, in the perspective of advancing
technologies based on the neural feature as the smoothed cumulative spike timings
a knowledge of the neuromechanical principles underlying the neural functions is
needed. In this view, the development of a human-machine interfaces for robotic
limbs and exoskeletons is possible. For this purpose, the offline high-density EMG
signals decomposition is used in this work to understand the basis of the neuro-
physiology of movement. The feasibility to estimate the muscle force in terms of
contractile impulse using the neural drive model-base is demonstrated by the higher
R? values with respect to the EMG envelope model-based. The two different force
estimators are compared considering single linear regression (based on different ve-
locities) and the global linear regressor, evaluating the performance along all the
time contraction and in a time window of 200 ms. The choose to estimate the sin-
gle forces allowed to test the addresses of the motor units in specific condition and
thus the capability to predict the force output. At the same time, considering the
event of a prosthetic implementation, the huma-machine interface should overcome
challenges as the time delay or the possibility to estimate different level of force
with a global estimator producing low estimation errors. The outcomes show how
using a time window of 200 ms the ND model-based estimator provides accurate
information for different levels of contraction speed, in particular the reliability is
obtained considering the small increases of force. This is an important achievement
which can be reached by using the EMG envelope. In fact, by using the last, the
contribution of the low threshold motor unit may be lost because of the very low
intensity of the action potential. In this way, the estimation of low level forces
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8 — Conclusion and future developments

may be incorrect. On the contrary the MUs spike activity provide the drive signals
that can replicate the limb movement in a proportional way. The proportionality
is given by the high sensibility to different force levels and in the the possibility to
associated the neural occurrences to a specific task. This last observation includes
to test the the force estimation in different degree of freedom (DoF) (Kapelner
et al., 2018).

Unfortunately, constraints on time and facilities limited both the number and
the different ankle dorsi-flexion joint angular positions that could be tested in this
work. Indeed, starting from this results it may be possible to test the decomposition
including the motion capture system at different ankle joint arrangements and
with regression methods to estimate the joint kinematics. Finally, the presented
results are limited to an offline analysis and to the stationary conditions (isometric
contraction). A further developments could explore the on line decomposition and
dynamic contraction.
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