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Summary

Surface electromyography (sEMG) uses electrodes applied on the skin to capture
the electrical activity of the muscles. One of its most common applications over
the last decades has been myoelectric control: this electrical activity results in a
signal that can be decoded and used as input for the control of an assisting device
(e.g. prosthesis, orthosis, exoskeleton). The broader goal of the project to which
this thesis belongs is the single-degree-of-freedom (1-DoF') myoelectric control of
a hand orthosis for patients with spinal cord injury (SCI) causing impairment to
their hands: capturing the residual activity of the forearm muscles, understanding
whether the user wants to open or close the hand, and using that information to
drive the orthosis actuation. The present thesis focuses on the decoding side of that
pipeline: the design and experimental validation of an algorithm that, given the
live forearm sEMG, reliably detects open—close intent while robustly suppressing
false activations caused by non-target movements, all across a representative range
of arm postures.

Despite many approaches in the literature reporting high accuracies, some of the
persistent robustness challenges remain the limb-position effects — the alteration
of the sEMG signal when the arm moves away from the calibration posture, causing
instabilities and missed detections — and the false activations caused by non-target
movements typical of Activities of Daily Living (ADL), such as wrist and arm
movements. Most proposed solutions rely on inertial sensor fusion or large datasets
for Al based frameworks; this work addresses both problems using only sEMG
data, by adapting the Dynamic Time Warping algorithm with a runtime spatial
correction (Spatial DTW) to a state machine framework, requiring a calibration
of less than 15 minutes. Each subject recorded four templates per arm position
for each of the two target gestures (closing and opening the hand) across the ADL
positions. At inference time, the state machine uses the Spatial DTW to compute
the distance between the real-time sEMG and the set of templates of the opposite
class to the current state. If the distance goes below a per-subject threshold, then
the change of state is triggered.

We validated the algorithm across ten most common ADL arm positions on 16
healthy subjects achieving a 98.4 % correct detection rate, 98.6 % rejection of pure
wrist movements and 97.4 % rejection of false positives during ADL movements of
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the arm (cohort F1 score = 98.8 %). As pilot studies, two subjects were retested
one week later with the same calibration data showing minimal performance drift
(F1=99.4 % vs 99.8 % in their original session), while two SCI patients achieved
89.3 % correct detection rate (F1 score = 94.3 %). These results demonstrate that
Spatial DTW can robustly control a state-machine, triggering state changes only in
the presence of the target movement while ignoring everything else regardless of the
arm position, suggesting Spatial DTW as a viable candidate for robust myoelectric
control of hand assistive devices.
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Chapter 1

Introduction

This chapter provides the theoretical background necessary to contextualise the
work presented in this thesis. It begins with the neurophysiological basis of elec-
tromyography and its use in myoelectric control, then reviews the state of the art
in Electromyography (EMG)-based hand control with particular attention to the
robustness challenges that motivated this work. The chapter concludes with a de-
scription of the MyoGestic framework in which the algorithm was developed and a
statement of the specific aims of the thesis.

1.1 Neurophysiology and Electromyography

Every voluntary movement we perform physiologically originates in the Central
Nervous System (CNS), in the motor cortex of the brain; here neural commands
are generated and transmitted downward through the spinal cord and the periph-
eral nerves, until they reach the muscles we want to contract (1). These neural
commands take the form of an electrical signal, which results from the electrical
gradient caused by the ionic currents of sodium (Na') and potassium (K*) between
the inside and outside of each cell.

To fully understand the mechanism and where the electricity comes from, it
is necessary to first understand what a neuron is. Neurons are the cells nerves
are made of, and they are specialised in the long-distance transmission of those
currents. Fig. 1.1 shows its anatomical details. At rest, the interior of a neuron
is maintained at approximately —70 mV relative to the extracellular environment;
this value is the resting membrane potential. This voltage is sustained by the se-
lective permeability of the cell membrane to ions and by the continuous work of
the sodium—potassium pump, which actively expels three Na™ ions in exchange for
two KT ions. This asymmetric transport maintains a higher sodium concentra-
tion outside the cell and a higher potassium concentration inside the cell. Since
the membrane at rest is naturally more permeable to KT, potassium slowly leaks
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Introduction

outward due to its concentration gradient, leaving the interior progressively more
negative. This charge stabilises at approximately —70 mV, the resting membrane
potential. When a sufficiently strong excitatory input (in this case coming from
the CNS) depolarises the membrane beyond a threshold, voltage-gated Nat chan-
nels (different from the sodium-potassium pump) open, allowing sodium to rush
into the cell and driving the membrane potential toward positive values, reach-
ing around +40 mV. Shortly after, Na™ channels inactivate, while voltage-gated
K™ channels open, allowing potassium to rush out of the cell, and the membrane
repolarises back toward —70 mV. Because K* channels are slower to close, the
membrane briefly overshoots below —70 mV, producing a hyperpolarisation, before
returning to rest. This whole mechanism is called the action potential, and it is
the basis of the electrical signal propagated from the motor cortex of the brain to
the muscles through the neurons. The temporal and spatial course of the action
potential is shown in Fig. 1.2. Following an action potential, the portion of the
membrane involved enters a refractory period during which it cannot be re-excited.

Dendrite
Axon Terminal

'_'"n.:lm ann Cell

; Myelin Sheath
MNucléus

Figure 1.1. Anatomical structure of a motor neuron. The soma integrates incom-
ing signals at the dendrites; the action potential propagates along the axon, whose
myelin sheath (interrupted at the Nodes of Ranvier) enables saltatory conduction,
until it reaches the axon terminals.

The ionic currents generated by an action potential act as input for the adjacent
parts of the membrane, causing a cascade of other action potentials, meaning its
propagation. The refractory periods ensure the potential propagates in only one
direction. This mechanism is the reason how the action potential travel through the
axon of the neurons. In myelinated motor neurons, this propagation does not occur
continuously along the entire axon membrane; instead, the myelin sheath electri-
cally insulates the axon, forcing the action potential to jump between the Nodes of
Ranvier — the small gaps in the myelin where ion channels are concentrated (shown
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1.2 — Muscle’s Action Potential

0
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————
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)
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0 8 16 24 mm space

Figure 1.2. Time course of the transmembrane potential during an action po-
tential (top) and the underlying Nat and K™ conductances (bottom), from the
Hodgkin-Huxley model (2). A sub-threshold excitation does not trigger firing; once
the excitation threshold is crossed, the rapid rise in Na™ conductance depolarises
the membrane toward +40 mV, after which Na™ inactivation and the slower KT
conductance repolarise it, with a brief hyperpolarisation before rest.

in Fig. 1.1). This mechanism, called saltatory conduction, dramatically increases
propagation speed while reducing the metabolic cost of signal transmission. In pa-
tients with multiple sclerosis, for example, the immune system attacks and degrades
the myelin sheath (a process called demyelination) disrupting saltatory conduction
and causing the characteristic neurological symptoms of the disease, from muscle
weakness to loss of coordination (3). When the action potential reaches the axon
terminal of a neuron, it is transmitted to the next neuron in the chain through
the synapse: the action potential triggers the release of neurotransmitters from the
pre-synaptic neuron, molecules which bind to the dendrites of the post-synaptic
neuron, generating a new excitatory input in the following neuron and keeping the
transmission alive.

1.2 Muscle’s Action Potential

At the end of the motor pathway, the action potential reaches the neuromuscular
junction, the specialised synapse between the motor neuron and the muscle fibre.
Here, the arriving action potential triggers the release of acetylcholine, a neuro-
transmitter which binds to the muscle fibre membrane and generates a new action
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Introduction

potential in the muscle fibre itself. The action potential in the muscle fibre does
not only propagate electrically, it is also responsible for the mechanical contraction.
The depolarisation of the fibre membrane causes the release of calcium ions (Ca®")
into the cytoplasm, enabling the interaction between actin and myosin filaments
that generates the mechanical force. At the interface between the nerves and the
muscles, a single motor neuron innervates a number of muscle fibres. The complex
formed by the motor neuron and the fibres it innervates is called a Motor Unit
(MU). A single muscle contains between 10 and 1000 motor units (1), each inner-
vating between 50 and 1000 fibres. When the motor neuron fires (i.e. produces
an action potential and transmits it to the muscle), all the fibres it innervates de-
polarise almost simultaneously, producing a characteristic electrical signal called a
Motor Unit Action Potential (MUAP). The brain modulates the force output pro-
duced by the muscles by controlling both the level of recruitment (i.e. the number
and type of motor units recruited) and the firing rate, the frequency at which a
given motor unit is activated.

1.3 Electrodes and Signal Acquisition

Measuring the electrical signal at the neuron level would require placing the ac-
quisition source very close to the nerve, typically with an intramuscular needle
electrode. Instead, since each motor neuron innervates many muscle fibres, the
electrical activity recordable from the muscle surface is much more significant: a
spatially amplified version of the central neural drive. Its amplitude, for example,
reflects the degree of muscle activation and correlates with how much force is be-
ing produced (1). surface Electromyography (sEMG) therefore consists in placing
a recording unit, called an electrode, on the skin above a muscle of interest, to
record its electrical activity. An electrode is a transducer that converts the ionic
currents flowing in the biological tissue into an electronic current measurable by the
acquisition system. At the interface between skin and electrode, an electrochemical
reaction occurs that generates a half-cell potential and a contact impedance, whose
magnitudes depend on many factors, such as the electrode material, the skin prepa-
ration, and the contact area (1). This impedance introduces noise and distortion
into the signal; to obtain a good-quality EMG signal it is therefore recommended
to prepare the skin before placing the electrodes, typically by abrasion and clean-
ing, in order to reduce the contact impedance. Electrodes are commonly made
of metal alloys; the most common materials are silver/silver chloride (Ag/AgCl),
the standard for wet-gel electrodes, and gold or stainless steel for dry electrodes.
The bracelet used in this work (HD20MM1602B, OT Bioelettronica, Torino, Italy)
features gold-plated dry electrodes. When an electrode is placed on a muscle, it
captures a weighted mixture of the electrical activity of all the motor units active
within its pickup volume, with contributions decreasing with distance and filtered

20



1.3 — Electrodes and Signal Acquisition

by the tissue layers in between. This is analogous to placing a microphone in a
room where many people are speaking simultaneously: the recorded signal is the
superposition of all voices, with the closest ones to the microphone being dominant
(the well-known “cocktail party” problem). In EMG, the different voices are the
MUAPs of each motor unit. A single MUAP is essentially a spike, a short impulse,
clearly visible in the intramuscular recording of Fig. 1.3 (blue); each motor unit
fires at a rate that typically ranges from about 8 to 30 Hz (1), increasing with the
level of force produced, and a normal contraction recruits a large number of motor
units firing asynchronously. On the surface, these individual contributions overlap
into the characteristic interference pattern shown in green in the same figure, which
effectively records the combined electrical “sound” of the whole muscle.

Surface EMGs

Intramuscular EMGs

AU Ul i ) .M.WF;;;W
"iﬁ’w"“{*”l\) A l’%;%’l"l“,%‘“% wwmﬁf ‘Fﬂ’f M‘"h& ~tff'f1]'jr"w(?w*fﬂji*ﬂﬁ,‘!\ﬁw "4‘}’* ”Mﬁw XPVI,{*;VM r} ;11%1],1%@1 e (h Jrlf ,ﬁkfﬂn
50 pv

foame T T | |

Figure 1.3. Comparison of surface (green) and intramuscular (blue) EMG
recorded from the same muscle, shown at two temporal scales. At the coarser
scale (top), the surface signal appears as the smooth interference pattern result-
ing from the superposition of many motor units, while the intramuscular signal
is more selective. At the finer scale (bottom), the discrete discharges of individ-
ual motor units become visible in the intramuscular trace (dots mark successive
firings of the same MU), each corresponding to a MUAP. Note the difference
in amplitude scale between the surface (1V-0.1 mV range) and intramuscular
(0.2-2 mV range) recordings.

The EMG signal is a voltage, and a voltage in electrical terms is never an ab-
solute value but a difference of potential with respect to a reference. Every EMG
recording therefore requires at least one active electrode and one reference. The
reference can be internal to the acquisition device (e.g. the ground), or it can be
an electrode as well, generally placed on an electrically neutral site such as a bony
prominence with little muscle activity underneath. When one or more electrodes
all measure the EMG signal with respect to a single common reference, the con-
figuration is called monopolar. This configuration preserves the maximum spatial
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Introduction

information from each electrode independently, but is more susceptible to inter-
ferences that appear identically across all channels, called common-mode interfer-
ences. An alternative is the bipolar configuration, where instead of measuring each
electrode against a common reference, the voltage difference is computed directly
between two adjacent active electrodes. Since both electrodes are close to each
other, they share most of the common-mode interference, which is cancelled by the
subtraction. The bipolar configuration also acts as a spatial filter, improving the
selectivity of the recording toward the portion of muscle directly underneath the
electrode pair while reducing the contribution of distant sources. This property is
known as crosstalk rejection, crosstalk being the unwanted presence in the EMG
signal of activity from muscles further from the electrodes and not under study.
The raw sEMG signal at the surface is in the range of microvolts to millivolts,
and is therefore highly susceptible to interference from external sources: above all
the power line at 50 Hz, but also motion artefacts and electromagnetic interference.
Electrodes are commonly paired to a differential amplifier, as part of the acquisition
system, whose aim is to amplify the physiological signal (the difference between the
active electrode and the reference, referred to as differential-mode) without amplify-
ing the common-mode. The ability of the amplifier to reject common-mode signals
is quantified by the common-mode rejection ratio (CMRR), which should be as high
as possible for reliable sEMG recording (5). Once amplified, the analogue signal
is converted to a digital representation by an analogue-to-digital converter (ADC).
Once digitised, the signal can be inspected as a discrete time series representing the
voltage recorded at each electrode over time. This is the raw sEMG signal, ready
for further processing and analysis. The physiological EMG frequency band lies
approximately between 10 Hz and 500 Hz. Therefore, to capture the whole activity
without incurring aliasing, an acquisition system with a sampling frequency of at
least 1000 Hz is required, as dictated by the Nyquist—-Shannon sampling theorem
(4). The probe used in this work (Muovi, OT Bioelettronica) samples at 2000 Hz.
Despite the built-in common-mode rejection described above, it is common practice
to apply filtering to the recorded EMG. To remove information outside the phys-
iological band, band-pass filtering is usually applied to discard components below
10 Hz (typically movement artefacts) and above 500 Hz (typically white noise).
To suppress the power-line interference specifically, notch filters are used, able to
selectively remove the components at a single frequency (50 Hz in Europe).
Depending on the application, other processing steps may be applied. The
sEMG signal carries rich information about the neuromuscular system and finds
application across a wide range of contexts. In clinical neurophysiology, it is used
to detect conditions such as neuropathies, myopathies, or motor neuron diseases. In
biomechanics and sport science, the amplitude of the SEMG envelope is indicative
of muscle activation timing and force level, as well as a means to study the onset of
muscle fatigue. In rehabilitation engineering, sSEMG can be used to detect motor
intent, driving an external active assistive device such as a prosthesis, orthosis, or
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exoskeleton. This last application is known as myoelectric control, and it is the
focus of this thesis; it is therefore described in more detail below, but only after
explaining why it is needed (1).

1.4 Spinal Cord Injury

Spinal Cord Injury (SCI) is defined as damage to the spinal cord resulting in tempo-
rary or permanent changes in its normal function (6). The spinal cord, as mentioned
in the previous section, is the primary pathway for motor commands travelling from
the brain to the muscles; when this pathway is interrupted or damaged, the conse-
quences for voluntary movement control can be severe, depending on the level and
position of the lesion. The spinal cord is organised into segments, and each seg-
ment innervates a specific region of the body. The segments are grouped into four
regions: cervical (C1-C8), thoracic (T1-T12), lumbar (L1-L5), and sacral (S1-S5).
Fig. 1.4 shows these different segments. The cervical segments innervate the neck,
shoulders, arms, and hands; more particularly, C5 and C6 control the biceps and
wrist extensors, while C7 and C8 control the triceps, wrist flexors, and finger mus-
cles (6). The thoracic segments innervate the trunk and chest muscles, while the
lumbar and sacral segments innervate the lower limbs. As a general rule, if the in-
jury occurs at a certain level of the spine, signal transmission is compromised from
that point downward; for instance, an injury at C4 will affect both arms and legs
(tetraplegia), while an injury at T1 or below will spare the upper limbs, impairing
only the lower ones (paraplegia). Injuries at the cervical level are unfortunately the
most common, as well as the most severe. For patients with tetraplegia, impaired
hand function is arguably one of the most disabling motor deficits, causing a sub-
stantial loss of independence in the common Activities of Daily Livings (ADLs) (7).
The loss of the ability to grasp, release, and manipulate objects affects virtually
every aspect of life, and is consistently ranked by patients themselves as one of the
highest priorities for functional rehabilitation.

However, even when a person with SCI is unable to produce visible movement
below the level of the injury, the lesion is rarely a complete anatomical transection of
the spinal cord; instead, most injuries result from contusions that leave some spared
neural connections (7). While this residual activity is insufficient to generate enough
force to produce movement, it can still be detected using EMG. This spared neural
activity therefore represents the bridge that makes myoelectric control a possible
solution for the recovery of motor function and, eventually, gradual rehabilitation.

1.5 Myoelectric Control

Myoelectric control refers to the detection of the residual voluntary activity of a
muscle through sEMG, used as input to drive an external assistive device and
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Figure 1.4. Segmental organisation of the spinal cord and the body regions
innervated by each level (cervical, thoracic, lumbar, sacral). (8).

thereby bypass the motor impairment. This mechanism can be regarded as a form
of Brain—-Computer Interface (BCI), the muscle acting as an amplifier, the mirror of
the brain’s intention to move. The earliest and still most widely deployed commer-
cial approach is direct control, also known as threshold-based or amplitude-based
control (9). Here the envelope of the EMG signal, obtained by rectifying and low-
pass filtering the raw signal, is compared against a threshold to determine whether
the muscle is contracting or not. In the simplest configuration, two bipolar elec-
trodes placed over two antagonist muscles (e.g. biceps and triceps) produce two
independent control channels, each mapped to a movement of the prosthesis (e.g.
flexion and extension). This approach is the most intuitive; however, the number
of controllable Degree of Freedoms (DoFs) must equal the number of electrodes
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(and thus the number of muscles) used: with two electrodes and two muscles, at
most two independent commands can be generated, which is sufficient for the hand
opening/closing problem but little more. An alternative strategy for obtaining more
DoFs consists in using more than one amplitude threshold: with two thresholds, for
example, the EMG amplitude range is divided into three segments, each associated
with a movement of the prosthesis. This method is, however, less intuitive, as it
requires the user to contract the same muscle at different force levels to perform
different movements. Another type of myoelectric control uses pattern recognition.
Rather than relying on the raw amplitude from a small number of channels, pat-
tern recognition extracts features from multi-channel EMG recordings and trains a
classifier to identify the intended movement from the spatial and temporal pattern
of muscle activation across all channels (10). This approach can in principle dis-
tinguish a large number of different movements, allowing control over more DoFs
of the actuator. However, pattern-recognition-based models have their own chal-
lenges: a classifier trained in one session may degrade in another due to electrode
shift, fatigue, or changes in the user’s posture (11), and the mapping between EMG
patterns and intended movements is not always stable across conditions. One of the
most clinically relevant challenges for daily use, and the one directly addressed in
this work, is the limb-position effect: EMG patterns recorded during a movement
can change when the arm is held in a posture different from the one used during
calibration, because of electrode shift and crosstalk from other muscles recruited
in the new posture. A classifier trained to recognise an activation with the arm at
the side might fail to recognise the same movement when it is performed with the
hand raised overhead. This challenge, and the strategies proposed to address it,
are reviewed in detail in the following section.

1.6 State of the Art - Literature Review

The history of myoelectric control for prostheses and orthoses spans over half a
century, with the first commercial products appearing in the 1960s. The most es-
tablished commercial approach, exemplified by devices from Ottobock, relies on
the direct amplitude-based control discussed in the previous section (13). In re-
cent years, mainly thanks to the continued and increasingly rapid development
of artificial intelligence, pattern-recognition-based approaches have become more
frequent. The improved quality of electrodes, and their ever-smaller dimensions,
have made high-density sEMG (HD-sEMG) practical, acquiring more information
and giving deep learning algorithms the opportunity to capture complex relation-
ships within the data. The common practice for pattern-based control consists in
dividing the real-time EMG into windows (each containing a fixed number of sam-
ples), computing one or more features for every window and every channel, and
feeding the resulting multivariate vector to a classifier, which outputs a gesture
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label. The extracted features are commonly in the time domain, typically Root
Mean Square (RMS), Mean Absolute Value (MAV), Waveform Length (WL), or
zero crossings. The whole pipeline described corresponds to supervised learning: it
requires a labelled dataset of EMG recordings for each gesture to be discriminated,
recorded during a calibration session. The calibration dataset is first fed to the
classifier, which learns to associate feature patterns with gesture classes through
a process called training. Then, at inference time, the trained model predicts the
intended gesture from each incoming window in real time. Some classifiers require
only the most recent window, and therefore have the window length as their infer-
ence latency; others require features from consecutive windows to obtain a wider
temporal context of how the signal is evolving. The most historically prevalent
classifier for this task is Linear Discriminant Analysis (LDA) which, assuming each
class follows a Gaussian distribution, finds a linear boundary in the feature space
that best separates the gesture classes, assigning each feature vector to the class
whose distribution it most likely belongs to. LDA is computationally efficient, re-
quires relatively little training data, and has demonstrated robust performance in
controlled settings (14). Another well-established method is the Support Vector
Machine (SVM), which finds the optimal hyperplane that maximises the margin,
i.e. the gap between the boundary and the closest data points of each class (the
support vectors), and is able to model non-linear class boundaries; for this reason
it tends to outperform LDA when recording conditions vary, being more robust
to violations of the underlying distributional assumptions. More recently, non-
linear machine learning approaches such as deep neural networks and decision trees
have been applied to myoelectric control, capturing more complex class boundaries
than linear classifiers. Their ability to model complex, non-linear patterns in the
training data has recently made machine learning the preferred choice of classi-
fier. However, the downside is that these kinds of algorithms are, metaphorically,
black boxes: given their complexity and depth, it is not always easy to under-
stand the mathematical relationship between input and output, or to verify that
the classifier has correctly learnt the intended patterns; when errors occur, it is
correspondingly harder to identify their cause. Comparative studies suggest that
the performance advantage of more complex models depends heavily on the amount
of training data and the evaluation conditions; in matched, single-posture settings,
even LDA achieves near-ceiling accuracy (14). Despite the variety of classifiers
proposed, no single algorithm consistently dominates across all conditions; rather,
performance depends on many factors simultaneously: the feature set, the number
of gesture classes, the number of training repetitions, and, crucially, the conditions
under which the classifier is evaluated. When conditions are matched (same pos-
ture, same session), many classifiers achieve similarly high accuracies. The real
difference appears under mismatched conditions, such as posture changes, where
robustness rather than peak accuracy becomes the critical metric (10). The en-
semble of challenges currently inhibiting the real-world application of myoelectric
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control is referred to as confounding factors (11). Confounding factors are activities,
actions, or circumstances that are common in real life but difficult to reproduce in
a laboratory context; for this reason, practitioners do not always account for them
during offline performance analyses, partly owing to the increased data collection
time and complexity involved. This explains why many algorithms achieve high
offline performance while true online robustness has yet to be achieved (16).

This sensitivity to arm posture, known as the limb-position effect, has been
documented since the early 2010s (15) and remains one of the primary barriers
to the clinical deployment of pattern-recognition-based myoelectric control. In the
review by Campbell et al., when natural variations in arm position were not ac-
counted for during training, classification accuracy showed an average decrease of
12.8% (12). Proposed solutions to the limb-position effect broadly fall into three
categories. The first is multi-posture training: including calibration data from mul-
tiple arm positions to expose the classifier to posture-induced variability (15). This
improves robustness but substantially increases the calibration burden, a signifi-
cant barrier for clinical populations. The second is sensor fusion: augmenting the
EMG signal with Inertial Measurement Unit (IMU) data to provide explicit pos-
ture information, allowing the classifier to condition its predictions on the current
arm orientation (15). This approach adds hardware complexity and requires the
user to wear additional sensors. The third is self-calibrating or adaptive classifiers
that update their parameters online during use, reducing drift over time without
requiring explicit multi-posture calibration (10). Each of these strategies introduces
trade-offs in calibration burden, hardware requirements, or algorithmic complexity.
More recently, Eddy et al. demonstrated that Dynamic Time Warping (DTW) for
discrete myoelectric control may be a robust choice for an algorithm that selec-
tively detects the target movement while ignoring confounding factors that might
otherwise falsely trigger the actuator (20); this solution is studied in detail in the
next subsection.

1.6.1 Dynamic Time Warping

Dynamic Time Warping (DTW) is a sequence alignment algorithm originally devel-
oped for spoken word recognition (17); it computes the optimal alignment between
two time series even when they differ in speed or timing, producing a distance mea-
sure that is small when the two sequences have a similar shape and large when they
do not. Unlike the classifiers described above, which treat each window indepen-
dently and assume the signal is stationary within it, DTW explicitly looks at the
temporal evolution of the signal; this makes it particularly suited for detecting dis-
crete, dynamic gestures with a characteristic temporal profile inside the continuous
stream of activity and human movements. In the context of myoelectric control,
DTW was studied in depth by Eddy et al. In a first work (11), they evaluated
how robust different algorithms are to three real-world confounding factors (limb
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position, cross-day use, and gesture elicitation speed), comparing DTW against
a majority-vote LDA classifier (MVLDA) and two LSTM neural networks across
a set of dynamic gestures, recorded with an 8-channel, 200 Hz forearm armband.
When tested on unseen arm positions without any multi-posture training, DTW'’s
accuracy degraded only mildly (from 95.6 % at the calibration posture to 86.7-
92.7% across four unseen postures), while MVLDA collapsed far more severely
(from 81.3% to 61.1-70.0%). The authors concluded that it is exactly DTW’s
sensitivity to the temporal dynamics of a gesture, rather than to its static am-
plitude, that gives it an implicit robustness to posture changes, a property that
frame-by-frame classifiers cannot exploit. In a second work (20), the same group
applied DTW to the detection of a “wake gesture”: a finger snap used to toggle a
myoelectric system between an active and a sleep mode, with the goal of avoiding
false activations during everyday activities. During calibration, twenty one-second
templates of the finger snap are recorded. At inference, a one-second window of live
EMG is compared via DTW, every 50 ms, against each of the twenty templates,
using the DTW alignment cost as the distance measure; the twenty distances are
then averaged into a single value and compared against a threshold. If the average
distance is below the threshold, the window is recognised as a finger snap. A major-
ity vote over five consecutive predictions (250 ms) is used to confirm the detection
and reduce false activations. The threshold itself is not arbitrary but is derived
from the spread of the pairwise distances among the twenty templates (their mean
plus a tunable number of standard deviations) and then fine-tuned on a one-minute
recording of everyday activity to push the false positive rate toward zero. With
this configuration, the system achieved a median false positive rate of 0% during
activities such as walking, typing, writing, driving, and using a phone, at the cost
of a false negative rate of 18.9% and 24.9% in the two evaluation tasks, meaning
the user occasionally had to repeat the snap to toggle the system. This work takes
the DTW template-matching idea as a starting point to achieve robustness and
adapts it to the aim of this project; the specific design choices and a more detailed
explanation of what DTW actually does will be addressed in Chapter 2.

1.6.2 MyoGestic Framework and CatBoost Classifier

MyoGestic is the open-source EMG interfacing framework developed at the n-
squared lab of Friedrich-Alexander-Universitat Erlangen-Niirnberg (18), and it is
the platform on which the present work was built. It was designed to enable the
rapid adaptation of machine learning models to the residual motor capabilities
of individuals with neural lesions, and has been validated in real time on partic-
ipants with SCI, stroke, and limb amputation, decoding multiple spared motor
dimensions within a single clinical session. The framework provides a graphical
user interface that orchestrates the whole pipeline: connecting to the EMG device,
plotting the EMG signal in real time, recording the calibration data, training the
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model, and running the real-time prediction. It is the same software used for all the
experiments described in this thesis, into which the algorithm proposed here was
integrated. MyoGestic was designed to be paired with a variety of EMG devices,
so as to be a universal interface for EMG acquisition regardless of the hardware
used. In the state of the art described in this section, the equipment used was the
same as in this work: a probe paired with a 32-channel HD-EMG bracelet, further
described in Section 2.1. The method developed by Simpetru et al. (18) consists
in using a pattern-recognition-based classifier called CatBoost (19). CatBoost is
an open-source supervised machine learning algorithm belonging to the family of
gradient-boosting methods: it builds an ensemble of decision trees sequentially,
with each new tree correcting the errors of the previous ones. It has been shown to
be robust and accurate especially when trained on relatively little data (a crucial
property in a clinical setting, where long calibration sessions are impractical for pa-
tients), and to perform particularly well on tabular data such as the RMS feature
vectors used here. In the MyoGestic protocol, calibration consists of recording a
short segment of EMG for each movement (DoF') the system has to decode, with a
guiding virtual hand shown on screen; these recordings, approximately 30 seconds
per movement, are then featurised to obtain the training data, using windows of
180 ms with a 9 ms shift. The user interface allows different time-domain features
to be selected, though RMS remains the default and most commonly used choice in
the framework (18). The labelled 32-dimensional feature vectors form the training
set for the CatBoost classifier, which learns to map each vector to the corresponding
hand state. At inference time, the trained classifier predicts the hand state from
each incoming feature vector at the same 9 ms rate (a streaming rate of 111 Hz).
When this thesis work began, the CatBoost classifier was the standard decoding
algorithm of the MyoGestic framework, and it therefore represents the state of the
art of the laboratory and the natural baseline against which the algorithm pro-
posed in this thesis is compared. Importantly, however, the CatBoost classifier is a
continuous controller (11), designed to map every window to an output, producing
a constant stream of predictions; in addition, it was designed to decode as many
degrees of freedom as possible in a way that minimises calibration burden, rather
than to robustly detect discrete gestures and reject confounding factors, as DTW
does. The Spatial DTW algorithm proposed in this thesis, by contrast, is a discrete
state-machine controller built specifically around robustness to non-target activity
and arm posture. A direct comparison between the two is therefore not entirely
fair, as they pursue different goals; nonetheless, CatBoost is retained as the refer-
ence baseline, being the established decoding algorithm of the laboratory when this
work began.
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1.7 Aim of the project

Finally, the work presented in this thesis starts from the clinical need introduced
above: a posture-robust myoelectric controller for a hand orthosis, intended for
patients with SCI who have lost the ability to voluntarily open and close their
hand. To address this problem in a simpler way the focus was only on single-degree-
of-freedom (1-DoF); in this setting, the controller does not need to decode many
degrees of freedom — it needs to do one thing reliably: detect the intention to open
or close the hand, and never trigger when that intention is absent, regardless of arm
position or of the other movements the user performs throughout the day. Whereas
most myoelectric control research, including the CatBoost classifier of MyoGestic,
aims to maximise the number of controllable DoFs, the key insight motivating this
work is that for an orthosis used in daily life an algorithm that is highly accurate
across all arm positions and virtually never produces a false activation — even with
a single degree of freedom — may be far more valuable than one that offers many
degrees of freedom but cannot be trusted to stay silent when it should. Rather
than building yet another classifier, this work therefore explores the possibility of a
state-machine controller, in which the system occupies one of two states (hand open
or hand closed) and changes state only when the corresponding target movement
is detected. To drive the state machine, DTW was chosen, since detecting only the
target movement while ignoring everything else requires a method sensitive to the
temporal shape of the gesture rather than to the static amplitude of the signal; the
algorithm is then extended with a runtime spatial correction mechanism specifically
aimed at the limb-position effect.
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Chapter 2
Materials and Methods

The software framework described in this chapter was implemented in Python (3.12)
inside the open-source MyoGestic platform (18), which provides the graphical user
interface through which the experimenter controls acquisition, calibration, training
and real-time prediction, as well as the underlying device-interface and recording
infrastructure. The Spatial DTW algorithm, the calibration and online protocols,
and the analysis pipeline were developed for this thesis and integrated into the
platform.

2.1 EMG Data Acquisition

SEMG was recorded using the HD20MM1602B 32-channel monopolar bracelet
(2x16 array, OT Bioelettronica S.r.l., Torino, Italy), made of a flexible printed
circuit board with dry gold-coated electrodes, paired with the Muovi probe (sam-
pling frequency 2000 Hz; 16-bit resolution; OT Bioelettronica S.r.l., Torino, Italy).
Since the bracelet operates in a monopolar configuration, a reference electrode was
additionally required, generally placed in a bony part of the body where no sig-
nificant electrical activity happens. The EMG signal captured by the electrodes is
sent through a Wi-Fi connection from the probe to the laboratory laptop, where it
can be visualised, processed in real time, and saved to disk using a custom script
written in Python. No GPU is required in any step of the pipeline. More details
regarding the experimental setup are provided in Section 2.3.2.

2.1.1 Real-Time Acquisition

The EMG signal acquired by the electrodes is sampled by the Muovi amplifier
at 2000 Hz (2000 samples per second). However, the probe is not built to send
every singular sample to the laptop in real-time; instead it buffers 18 samples per
channel before transmitting each chunk wirelessly to the laboratory laptop over a
Wi-Fi link via a Transmission Control Protocol (TCP) connection, resulting in an
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Figure 2.2. EMG bracelet with 32 elec-
trodes (divided in two rows of 16).

Figure 2.1. Sync-station containing four
Muovi probes (in gray).

effective transmission rate of 111 Hz. Each chunk is first filtered and then appended
to the continuous EMG signal saved to disk.

2.1.2 Filtering

Every 18-sample chunk arriving from the Muovi amplifier is passed through three
real-time processing stages: a single-differential spatial filter, and two temporal
filters, band-pass and notch.

Single Differential Spatial filter. The 32 monopolar channels of the bracelet are
organised into a 16x2 grid (two rows of 16 electrodes running circumferentially
around the forearm). A single-differential derivation is applied along the longitudi-
nal axis of the bracelet by subtracting the proximal row from the distal row:

diff[i] = ch[i + 16] — ch[i], i=0,...,15.

This step suppresses common-mode interference and rejects volume-conducted ac-
tivity originating from deeper or more distant muscles, at the cost of halving the
channel count from 32 to 16. From this point onward, all downstream stages con-
sider the channel count to be 16 rather than 32.

Band-pass filter. A 4th-order Butterworth band-pass filter with cut-off frequen-
cies of 20 Hz and 500 Hz is applied to each channel, to remove motion artefact and
baseline drift at low frequencies and out-of-band noise at higher frequencies. The
20 Hz lower cut-off is conservative with respect to the physiological EMG band
(typically 10-500 Hz) and was chosen to suppress residual motion artefact during
arm repositioning, this being one of the main concerns of the framework.

Notch filter. A Butterworth notch is applied at the European power-line fun-
damental of 50 Hz and its next seven harmonics (100, 150, 200, 250, 300, 350,
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and 400 Hz, i.e. all harmonics within the 0-500 Hz pass-band), with the aim of
removing the noise caused by coupling between the subject and the power line at
frequencies not covered by the band-pass filter. Since 10-500 Hz is the bandwidth
of the physiological EMG signal, this harmonic notch filtering effectively removes
part of the signal’s own information; however, in most everyday circumstances sub-
jects are near electronic devices connected to the power line (e.g. lights, computers,
TVs), and proximity alone can noticeably alter the EMG signal if left unfiltered.
The choice of aggressive notch filtering is therefore a deliberate trade-off, favouring
robustness across environments over the small loss of physiological information it
entails.
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Figure 2.3. Frequency response of the Figure 2.4. Frequency response of the
4th-order Butterworth band-pass filter notch filter bank (50 Hz and its harmonics
(20-500 Hz). up to 400 Hz).

Both the band-pass and the notch (showed in Fig. 2.3 and 2.4) are imple-
mented as stateful Infinite Impulse Response (IIR) filters, which are causal filters,
meaning the filter’s output at any instant depends only on the present and past
samples, never on the future — a requirement for real-time filtering. IIR filters sat-
isfy this requirement by computing each output sample as a recursive combination
of past inputs and past outputs; the resulting memory is updated sample by sam-
ple and persists between consecutive 18-sample chunks, eliminating the per-buffer
edge artefacts that a stateless filter operating on each buffer alone would otherwise
introduce. The price of this recursive structure is a required warm-up time: when
the filter is first enabled, its internal memory contains no real samples, so the first
outputs are biased toward zero until enough true samples have entered the recur-
rence. This warm-up period, however, concerns only the first ~100 ms of EMG
immediately after filtering is enabled, making it a negligible artefact given that
filtering is activated before any acquisition is saved to disk: the streaming data are
simply discarded during the warm-up window.
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2.2 Spatial Dynamic Time Warping Algorithm

The myoelectric control algorithm is structured as a binary state machine, with
the two states being hand OPEN and hand CLOSED. Transitions between the two
states are triggered exclusively by the detection, in the EMG signal, of a target
gesture, based on template matching through a spatially-corrected adaptation of
DTW (Spatial DTW) presented in this work. DTW aligns two signals according
to their temporal shape, accounting for small differences in speed and timing that
are intrinsically part of human muscle activation in repeated gestures. It has been
shown by Eddy et al. to be robust to the limb-position effect (11) and well suited
to detecting a discrete, dynamic gesture while rejecting the non-target muscular
activity produced during ADLs (20). In (20), DTW was used to detect a finger
snap as a wake-up gesture, toggling a binary ON/OFF control of a prosthesis; in this
work, this approach is extended to a 1-DoF, posture-robust open/close controller,
by maintaining two separate template sets and searching for the target gesture
within the set opposite to the current state. Two classes of gestures are therefore
defined, corresponding to the two template sets: the act of closing the hand from
an open-hand position, which triggers OPEN—CLOSED, and the act of opening
the hand from a closed-hand position, which triggers CLOSED—OPEN. These
templates are pre-recorded offline before the online operation of the algorithm, and
are cut to be one second long, capturing the onset of the movement (further details
on the templates are given in Section 2.2.2). During real-time prediction, as in
(20), the 16-channel stream is held in a one-second circular buffer (2000 samples per
channel), matching the template length. Every 50 ms, the Spatial DTW distance is
computed between the live EMG buffer and every template of the class opposite to
the current state; if the distance obtained is smaller than a class-specific threshold
for five consecutive updates (250 ms), a change of state is triggered.

2.2.1 Feature Extraction

Within each one-second buffer, a sliding window of 96 ms with a 32 ms increment is
applied, and the RMS value is computed independently for each of the 16 channels
in each window, yielding a feature matrix of 29 frames x 16 channels per buffer:

wW-1

1 2
RMS.; = JW > af(k—1)-S+n]

n=0

where z. is the signal of channel ¢, W = 192 is the window length in samples,
S = 64 is the shift, and £ = 1,...,29 is the window index. The same procedure
is applied offline to every template. A shorter window and increment were chosen
with respect to (20) to take advantage of the higher sampling frequency of the
probe used in this work. As a consequence, the effective buffer and template length
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used in computation is 992 ms rather than a full second: with 29 frames of 96 ms
spaced 32 ms apart, the last window ends at sample 1984 of the 2000-sample buffer,
leaving the final 8 ms of each buffer unused by the feature extraction. The choice of
RMS as the feature is motivated by its computational simplicity and its monotonic
relationship with motor-unit recruitment in the underlying muscles (1). The fea-
ture registry also supports other time- and frequency-domain features (waveform
length, mean absolute value, zero crossings, slope-sign changes, mean and median
frequency, spectral entropy, etc.), selectable through the user interface. RMS was
selected after a pilot comparison, reported in the Template Study tool, as one of
the most stable features.

2.2.2 Templates Extraction

The templates are recorded during a separate calibration session performed before
the online prediction phase, and constitute the foundation of the whole system’s
performance. They represent the target movement: either the act of opening the
hand from a closed state, or closing the hand from an open state. During these
acquisitions, EMG is recorded continuously throughout the session; the subject is
shown a visual cue indicating when to perform each movement, and the timestamp
of the cue is saved alongside the recording. The templates are then extracted offline:
an algorithm searches, within a fixed neighbourhood around each cue timestamp,
for the sample marking the start of the one-second template window, using a max-
energy criterion:

kL1
k* = arg max > RMS?[n] (2.1)

n=~k

where L = 2000 samples (one second) is the template window length, and
the RMS envelope is computed over a 50 ms sliding window across the active
region of the recording (the closing region for the CLOSED template, the opening
region for the OPEN template). Since the template captures the physiological
EMG translation of the hand transitioning from open to closed (or vice versa), the
preparation for the movement and its earliest onset are a critical part of the signal.
For this reason, the index found by the max-energy criterion is always anticipated
by 200 samples (100 ms) to ensure this pre-activation is included in the segment.

Each template is reviewed in the Template Study dialog of MyoGestic, which
computes silhouette scores and intra- and inter-class cosine similarities between
spatial profiles, flagging outliers (silhouette < 0 or a "gap-crosser" criterion) for
optional manual discard before model creation.
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Template extraction. The two one-second windows (red: closed tem-

plate, blue: open template) are positioned automatically by the max-energy algo-
rithm. The -200 ms shift makes sure the windows are placed before the beginning
of the activation, capturing also the preparation for the movement. An important
layer in the differentiation of the two templates is the intrinsic difference between
this two activations, with different channels having higher and lower amplitudes,
representing the different muscles of the fingers flexors and extensors.

2.2.3 Cosine DTW

DTW is a distance measure originally developed in the speech-recognition commu-
nity to compare time series that share the same underlying content but differ in
their timing (17). Given two feature matrices, one extracted from the live buffer
and one from a template, DTW searches for the optimal point-to-point alignment
between the two sequences and returns the cumulative distance along this optimal
path. The search is performed by building a cost matrix D of size (N+1) x (M +1),
where N is the number of feature windows of the live signal and M of the template
(here N = M = 29, see Section 2.2.1). Row 7 indexes window 7 of the live signal x
and column j indexes window j of the template y. The matrix is initialised with
D[0,0] = 0 and D[:i,0] = D|0, j] = 400 for 4,j > 1, and is then built iteratively via
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the recurrence

Dli,j] = d(xi,y;) + min (D[i~1,4], Dli,j—1], Dli-1,j-1]),  i,j>1,

where d(-,-) is the multivariate cosine distance, discussed below. The recurrence
allows window ¢ of the live signal to be aligned with window j —1, j, or 7+ 1 of the
template (and vice versa), so that the optimal alignment can stretch or compress one
sequence relative to the other instead of being forced into a strict frame-by-frame
correspondence. The final DTW distance between the live signal and the template
is then the value of the cumulative alignment cost at the matrix endpoint, D[N, M].
This timing flexibility is exactly the property that makes DTW well suited to EMG
comparison. The same volitional movement, repeated by the same subject, is never
executed with identical timing: the rate at which a contraction ramps up, the
duration of the peak, and the relaxation phase all vary slightly from trial to trial,
even when the intended movement and the resulting kinematics are the same. A
naive whole-sequence Euclidean distance, i.e. the sum of frame-by-frame distances
along the matrix diagonal, with no warping permitted, would penalise these benign
timing differences as if they were genuine class differences. DTW, by contrast,
absorbs the intrinsic trial-to-trial timing variability of human muscle activation.
The per-cell base distance d(x;,y;) that populates each cell of the cost matrix
compares a single feature window of the live signal with a single feature window of
the template, both represented as 16-dimensional vectors (one value per differential
channel). The multivariate cosine distance is defined as

Xi Yj

A L, y; € R,
Il sl Y

deos(Xi,y;) =1
This was preferred over a per-cell Euclidean distance because, by measuring the
angle between the two channel vectors rather than their magnitude, it does not re-
quire any normalisation of the data and makes the distance computation insensitive
to the overall contraction strength at any given instant, a property that matters
when comparing signals across sessions or subjects whose absolute EMG ampli-
tude may differ for reasons unrelated to the subject’s intent, such as skin-electrode
impedance, environmental conditions, or fatigue. Because the overall distance is
not dependent on EMG amplitude, no normalisation is applied to the signal, in
line with the design choice of keeping the data as close to the raw physiological
signal as possible. The final alignment cost is a dimensionless value derived from
the sum of the cosine distances along the alignment path; it represents the cost of
aligning the two time series. Since the cosine distance takes values between 0 and
1, the maximum possible alignment cost is theoretically N = 29. One might expect
that if the opening and closing movements are performed at a comparable speed,
the alignment cost between them should be low; this is not the case, because the
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two movements produce different spatial patterns, depending as they do on dif-
ferent groups of muscles that are spatially separated and located close to different
electrodes of the bracelet (see Fig. 2.5). Opening the hand primarily involves the
extensor muscles of the forearm, while closing involves the flexors. As a result, for
each window the cosine distance is higher when the spatial pattern of the two 16-
dimensional vectors differs, yielding a higher overall alignment cost than when the
same movement is compared to itself. The DTW distance defined above is therefore
intrinsically a joint measure of temporal and spatial similarity. The algorithm is
implemented in JIT-compiled Numba code, which compiles the relevant functions
to machine code at runtime, substantially speeding up the computation.
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Figure 2.6. Illustration of DTW alignment between two sequences X and Y. Left:
the two sequences with the optimal point-to-point alignment found by DTW; in
the context of this work, each red arrow corresponds to the per-window cosine
distance dcos(X;,y;) contributing to the cumulative alignment cost. Right: the
corresponding warping path through the cost matrix, showing how the alignment
stretches or compresses one sequence relative to the other. Reproduced from (21).

2.2.4 Spatial Correction

The most common false positives are mainly caused by co-contractions, electrode
shift, and non-target movements that recruit overlapping muscle groups (like wrist
flexion/extension), as well as arm-movement artefacts. With the goal of increasing
the robustness of the decision-making, another filter stage was introduced, the
Spatial Correction, where the algorithm performs a direct comparison between the
spatial activation pattern of the live signal and the spatial pattern of each template,
penalising the DTW distance whenever the two do not agree. For each template, a
16-channel spatial profile p; € R is computed once at template-creation time as
the L2-normalised per-channel RMS over the second half of the template’s EMG
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T = A Y e
Pi = ) LilCl =\ = Ll
[r3][2 T =

capturing the template’s "spatial signature", which channels are active and in what
relative proportion, independent of the absolute amplitude. The RMS is computed
only in the latter half of the second because it is the part where the hold phase
is expected, and the muscles relative to the movement are more active, while the
first half was designed to capture the onset and preparation for the movement. At
inference time, the same profile pj. is computed over the second half of the live
1-second buffer, and the spatial similarity between the live signal and template ¢ is
the cosine similarity between the two profiles:

segment:

o; = max(0, min(1, pive - Ps)) € [0,1].

The raw DTW distance D; of that template is then penalised based on the value
of 0;, via a saturating scaling function:

1 >0 )
w(a):{ 7= Dr = D

p(A=a/0)VE) g Cow(oy)

The function, shown in Fig. 2.7, is parameterised by a saturation threshold #, a

I
suppression regime :no correction
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L
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cosine spatial similarity o

Figure 2.7. The saturating scaling function w(c) used to penalise the DTW
distance based on the cosine spatial similarity o. Above the saturation thresh-
old # = 0.9 (no correction regime), no penalty is applied. Below it (suppression
regime), the divisor decreases smoothly toward the baseline b = 0.3 as 0 — 0,
inflating the DTW distance by up to a factor of 1/b ~ 3.3 for completely
orthogonal spatial profiles.

baseline b, and a sharpness exponent k. Above the saturation threshold (o; > 0)
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the live spatial pattern is judged to match the template’s signature closely enough,
and no penalty is applied (w = 1, Df = D;), so it depends only on the DTW
distance. Below the threshold the penalty grows as the spatial mismatch increases:
as 0; — 0 the scaling factor approaches the baseline b, inflating the DTW distance
by up to a factor of 1/b. The exponent k shapes how steeply the penalty ramps
between saturation and the floor, and its specific value used in this thesis is given
in the caption of Fig. 2.7.

2.2.5 The state-machine framework

The output of the algorithm is governed by a finite state machine, with the two
states being OPEN and CLOSED: at any moment the algorithm is in one of the two,
corresponding to the most recently committed hand configuration. The detection
of a transition between the two states is the only event the pipeline is allowed to
declare; everything described in Sections 2.2.3-2.2.4 ultimately serves this binary
decision. For example, if the current state is OPEN, the algorithm searches for
the transition in the real-time EMG data: it computes the Spatial DTW distance
between the last second of signal and every template of the opposite class (in
this case, the CLOSED templates), every 50 ms. The predicted state does not
change until the distance between the real-time signal and the templates becomes
small enough for the algorithm to consider it a real transition, at which point the
prediction changes from OPEN to CLOSED. How small the distance should be is
governed by two factors: the distance aggregation method and a threshold. From
the current state, a transition to the opposite state is triggered whenever the class
scalar associated with the opposite state falls below the corresponding per-class
threshold (the procedure for setting these thresholds is described in Section 2.2.5).
Once a transition is committed, a refractory period prevents an immediate back-
transition into the previous state. In the experiments reported in this thesis the
refractory period was set to 1 s, a value chosen to match the natural minimum
interval between two voluntary open—close events while still suppressing accidental
back-and-forth oscillations on edge cases. The duration is configurable for clinical
use, where a longer dwell time between transitions may be desirable.

Distance Aggregation

At every inference cycle, the algorithm produces one spatially-corrected DTW dis-
tance D7, ; for each template i of the opposite class. These are then reduced to a
single scalar by averaging the three smallest:

1
*
Dclass = 5 Z Dclass,i’

1€83(class)
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where Sz(class) is the set of three indices whose Dy, ; values are the lowest within
the class. Averaging only over the three most similar templates enables the use of
a wider and more diverse repertoire of templates for the same gesture, for example
spanning many arm postures: since only the best-matching templates contribute to
the score, adding templates of the same movement from further postures enriches
the posture coverage without penalising the decision. While DT'W alone has already
been shown to be robust to the limb-position effect (11), the spatial correction
layer introduces a filter that could in principle penalise templates recorded in other
postures, due to their different muscle activation patterns. Provided at least three
templates are recorded per position, however, the aggregate can still be satisfied
entirely by the single position that best matches the live signal, while the remaining
templates, being spatially inconsistent with the current posture, are inflated by the
spatial correction and left out of the average. This decoupling of the score from
the overall composition of the set is what allows the template library to grow
across postures while a single per-class threshold continues to separate target from
non-target activity. Averaging across all templates would instead dilute the score
whenever only a few of them spatially match the current posture. Averaging the
three smallest values avoids this dilution and, in doing so, also removes any strict
numerical limit on how many templates can be included in the bank: the only
practical constraint is the computational time required to evaluate a single DTW
distance, since every additional template adds one more distance computation per
inference cycle.

Threshold Calibration

The threshold used to trigger a change of state is the last layer influencing the
decision-making, and its value can dramatically affect the performance of the algo-
rithm. Since the two classes have two different sets of templates, the two thresholds
assume different values. As in (20), the algorithm computes the Spatial DTW dis-
tance between every unique combination of templates within the same class, and
each threshold is initialised as

Tclass = Hclass + Sclass * Oclass)

with fieass the mean, o, the standard deviation, and sg.ss the tunable number
of standard deviations away from the mean. This value allows fine-tuning of the
threshold to reduce false positives. Having two separate thresholds also gives the
possibility of adding hysteresis to the state transitions: for example, a smaller 75,en
adds robustness when the hand is closed, increasing the selectivity for the gesture
that opens the hand. Reducing a threshold is, however, a trade-off, as it also
increases the number of missed events and the response latency. In the experimental
phase, the thresholds were both calibrated offline against recordings of non-target
activity, tuned to suppress false activations while preserving true detections, a
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Figure 2.8. The state-machine logic driving the final prediction. Whenever the
distance between EMG and templates of the opposite class goes below the per—
subject threshold, for five consecutive times, the change of state is triggered. In
the real-time trials the algorithm was computing only the Spatial DTW distances
to the opposite state; this figure also shows the distances with the same-state
templates, drawn with dashed lines.

procedure whose data collection is described in 2.3.5 and whose calibration formula
is given in 2.3.7. Across the cohort, the default value s..ss = 3 was retained for the
majority of subjects.
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2.3 Experimental Phase

In order to test the real-time performance of the prediction of the algorithm, a
single session consisting of three calibration steps (approx. 20 minutes) and four
testing phases (approx. 45 minutes) was designed. The study involved a total of 16
healthy subjects and 4 patients. Tests on 2 of the 4 patients were conducted with an
earlier stage of the code and are therefore not reported in the official experimental
phase, since their performance could not be quantified. As the experiment involved
moving the arm across different postures in space, the patients followed a simplified
version of the protocol, involving only movements of their paralysed hand.

2.3.1 Population

The algorithm testing involved sixteen healthy subjects (S1-S16; age between 33
and 24 years old, 9 women, 7 men) recruited on a voluntary basis from the university
population, and two spinal cord injury patients (P1, P2), recruited through Dr.
med. Matthias Ponfick at the Kliniken Rummelsberg, Germany. Both patients had
sustained a spinal cord lesion resulting in impaired hand movement. P1 was able to
close the hand but could not fully open it, extending all the fingers, while P2 was
able to perform both movements, though with visible effort and a reduced range of
motion, especially in the interphalangeal joints. All participants provided written
informed consent, and the study was conducted in accordance with the institutional
ethics committee.

2.3.2 Laboratory Setup

The subject was seated on a rigid cube stool, without backrest or armrests, in
front of a desk with the laptop and a supplementary monitor connected via HDMI.
The arm carrying the bracelet was kept unsupported throughout the session, with
the elbow free, so that the subject could move it through ten experimental posi-
tions (described in Section 2.3.3) without any physical constraint imposed by the
laboratory environment.

The supplementary screen displayed two interfaces in parallel:

 the Virtual Hand Interface (VHI), which animates two three-dimensional
hands: the control hand and the predicted hand. The first, transparent, mir-
rors the gesture the subject is asked to perform; under the hypothesis that the
subject is always following it, this hand represents the Ground Truth (GT).
The latter, pink-coloured, shows the predicted state when the algorithm is
running, giving real-time feedback to the subject. The VHI code lives in
Unity and was inherited from the MyoGestic framework.
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Figure 2.9. Laboratory setup: the subject
was seated on the cube stool, with the lap-
top (on the right) showing the UI interface
to control the experiment and plot the re-
al-time EMG signal, and the supplemen-
tary monitor (left) which showed the Posi-

2.10. Virtual Hand Interface

Figure
(VHI): the transparent control hand and
the pink predicted hand, shown on the
supplementary monitor.

tion Interface on the right side and the Vir-
tual Hand Interface on the left side. On the
desk, different sizes of the EMG-bracelets,
and the reference electrode.

o the Position Interface (PI), which displays an image representing the arm
posture the subject was expected to assume before performing the gesture of
opening or closing the hand. During some tasks involving wrist movements,
this interface was also used to show a zoom of the forearm, to display the
wrist movement to perform. More details regarding the different postures
are given in the next sections. This interface was built from scratch, after
designing the images of the positions.

The bracelet was placed on the dominant forearm, approximately 3—-5 cm distal
to the elbow crease, with a reference electrode on the back of the hand. The elec-
trode array spanned the full circumference of the forearm with uniform spacing. No
prior preparation was applied to the skin before placing the bracelet; this choice
prioritises clinical and daily-life practicality. The laptop screen displayed the frame-
work’s User Interface (UI), likewise inherited and modified from MyoGestic. Once
the probe was connected to the laptop via Wi-Fi and data streaming was started,
the Ul also plotted the live EMG signal, so that it was always possible to inspect it
in order to verify correct functioning. Through the UI, all phases and settings of the
experiment were controlled. Two cameras were used to record the experiment: a
personal Fujifilm X-S10 (Fujifilm Corporation, Tokyo, Japan) and the laboratory’s
Sony a7 (Sony Corporation, Tokyo, Japan). The latter, used to record both the
calibration and testing phases, was placed vertically behind the subject, capturing
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the upper body, the arm carrying the bracelet, the hand, and the two screens all in
one frame. The former captured the complementary lateral angle and was turned
on only during the testing phases. The videos were synchronised offline by aligning
the common audio spikes. The full video of the experiment serves as proof that the
subjects were following the control hand, making the GT reliable. The videos were
also inspected to extract the final results of the experiment.

2.3.3 Positions Overview

As one of the aims of the project is a robust algorithm across different arm postures,
a set of 10 positions was used throughout the experimental phase. The positions
were selected to span a representative sample of the upper-limb workspace during
ADL, so that the calibration and testing protocols would expose the algorithm to
the kind of postural variability a user would encounter in clinical and home use.
Each position was assigned a letter as reference (A-J). The full list, the letter, the
physiological description, and the associated ADL task are reported in Table 2.1.
The images of the positions displayed to the subjects through the PI are shown in
Fig. 2.11. While the wrist orientation was kept neutral by default for most of the
positions, three intentionally introduce a non-neutral wrist orientation: position B
uses a slight pronation typical of grasping a vertical handle, position C uses full
supination characteristic of receiving an object or holding a plate, and position E
uses pronation matching a keyboard or mouse posture. Despite the possibility of
being redundant, more templates were given to the frontal portion of space, as
these would be the most frequent postures for a patient (e.g. drinking, eating).
Moreover, this deliberate variation in the wrist axis introduces an additional source
of postural variability beyond shoulder and elbow configuration, and stresses the
algorithm on the forearm-rotation dimension that pure shoulder/elbow positions
would not exercise.

2.3.4 Templates Acquisition

The first step of the calibration phase was the acquisition of the templates on
which the whole algorithm bases its prediction. The template acquisition protocol
asks the subject to perform the target movement, opening and closing of the hand,
across the ten arm positions described in Table 2.1. A total of 80 templates was
recorded per subject: 40 open and 40 closed, with 4 templates per class for each
position (8 templates per position in total, 4 open and 4 closed). For each of the
ten positions, the subject was guided through two visits, each of which contained
two open-close cycles of the hand, yielding the 4 templates per class per position.
The order in which the positions were visited was randomised within each visit
round, so that subjects did not all experience the same position sequence and
any order effect averaged out across the cohort, and to average out the eventual
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Label Short name ADL task Wrist
A Side Rest Arm relaxed at side (carrying a bag) Neutral
B Table Reach Reaching a bottle on a table, elbow 90° Slight pron.
C Palm-Up Receive Receiving an object, holding a plate Supine
D Forward Reach Opening a door handle, elbow extended Neutral
E Desk Side Using a mouse or keyboard, elbow 90° Prone
F Lateral Pass Passing an object sideways, elbow extended Neutral
G Hand to Mouth  Drinking from a glass Neutral
H Hand to Head Combing hair, brushing teeth Neutral
I Overhead Reach  Reaching a high shelf, arm raised Neutral
J Cross-Body Fastening a seatbelt, reaching opposite side Neutral

Table 2.1. The ten arm positions used in the experimental phase, with
the corresponding short name, ADL task each posture represents, and wrist
orientation. Positions B, C, and E deliberately introduce a non-neutral wrist
orientation to vary the forearm-rotation axis beyond what shoulder and elbow
configuration alone provide.

Figure 2.11. The 10 ADL positions chosen for the experiment, which were shown
to the subjects through the Position Interface.

effects of fatigue on the last positions visited. The two interfaces (Virtual Hand
and Position) never changed simultaneously. First, the PI showed the target arm
posture the subject had to achieve; once in position, the operator started the two
cycles, and the control hand started moving. When the two cycles ended, the
position changed automatically in the interface, and the subject was required to
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move to that position to record two more cycles. Each open-close cycle animated
by the control hand consisted of the same two movements that are the object
of this framework: the transition from open to closed and the transition from
closed to open. The animation followed a four-phase sequence, hold open, closing,
hold closed, opening, with configurable durations stored in the recording metadata;
for the present study the four durations were set to 2.00 s, 0.55 s, 2.00 s, and
0.55 s, respectively. A visit to a position therefore lasted approximately 12 s.
The corresponding ground-truth ramp signal (a continuous value between 0 and
1 indicating the expected hand state at every instant) was streamed in parallel
and saved alongside the EMG, so that the offline template-extraction algorithm
could later locate the onset of each open and close transition, using the procedure
described in Section 2.2.2. The templates were stored in the calibration pickle with
a label encoding both the position letter and the visit suffix (_12 for the first visit,
_34 for the second), so that the position of origin of each template could later be
recovered during online and offline analysis.

The choice of four templates per class per position follows directly from the
distance aggregation method introduced in Section 2.2.5. The average of the three
closest templates works under the implicit assumption that, when the subject per-
forms a movement in position P, the three lowest DTW distances will likely be
those of the templates acquired in the same position P. For this reason, at least
three templates per position are needed, and four per position were finally chosen
as a safety margin, in case any one of them is later judged to be an outlier and
discarded, as described in Section 2.2.2.

2.3.5 Wrist Distractor Recording

The second component of the calibration phase was a single short (less than one
minute) recording in which the subject was asked to perform a sequence of non-
target movements, while keeping the overall state of the hand constant. The record-
ing was performed at position B (table reach) and consisted of two blocks executed
in sequence: in the first block the subject held the hand open, in the second block
the subject held the hand closed, the transition between the two blocks being an
in-place open—close animated by the Control Hand. Within each block the sub-
ject performed the six wrist distractors, pronation, supination, wrist flexion, wrist
extension, radial deviation and ulnar deviation, once each, separated by a neutral
rest. The full event sequence and the per-event durations are reported in Table 2.2.
During the recording, the VHI and the PI played distinct roles: the Control Hand
always showed the required hand state, open during the first block, closed during
the second block, with the in-place open—close transition animated at the block
boundary; the PI displayed the photograph of the wrist gesture the subject was
expected to perform at each instant, switching in sync with each audio cue.

The purpose of this auxiliary recording was not to provide further templates to
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Figure 2.12. The wrist position displayed in the Position Interface for wrist false
positive calibration and the other wrist distractor experiment.

the algorithm, but to give a per-subject empirical reference of how close the DTW
distance came to crossing the OPEN or CLOSED threshold, these movements being
a hypothetical source of false positives. Wrist movements are the highest false-
positive risk for a 1-DoF hand controller because the wrist flexor compartment of the
forearm is anatomically adjacent to the finger flexor compartment, and the bracelet
does not separate them: a voluntary wrist flexion produces a channel-activation
pattern that partially overlaps with the templates of a hand-closing transition,
and could, in principle, drive the DTW distance below the OPEN-state threshold
even when no hand closure was intended. The same concern applies, with smaller
amplitude, to wrist extension against the OPEN templates and to the rotational and
deviation gestures against both classes. The wrist-distractor recording is therefore
an additional input to the offline threshold-calibration step during the final model
creation, described in Section 2.2.5; no template is extracted from it, and the
recording itself is not used during the online testing phase.
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Table 2.2. Wrist calibration event sequence at position B (table reach). Each
block consists of the six wrist distractor gestures interleaved with neutral rest
periods. Between the two blocks an in-place pen—-close transition is animated by
the Control Hand. The order of the gestures is the same across subjects.

Block 1 — hand kept OPEN | Block 2 — hand kept CLOSED
(starting state: OPEN) (after in-place open— close transition)
# Event (duration) # Event (duration)
1 wrist neutral (2.0 s) 1 wrist neutral (2.0 s)
2 pronation (1.5 s) 2 pronation (1.5 s)
3 wrist neutral (2.0 s) 3 wrist neutral (2.0 s)
4 supination (1.5 s) 4 supination (1.5 s)
5 wrist neutral (2.0 s) 5 wrist neutral (2.0 s)
6 wrist flexion (1.5 s) 6 wrist flexion (1.5 s)
7 wrist neutral (2.0 s) 7 wrist neutral (2.0 s)
8 wrist extension (1.5 s) 8 wrist extension (1.5 s)
9 wrist neutral (2.0 s) 9 wrist neutral (2.0 s)
10 radial deviation (1.5 s) 10 radial deviation (1.5 s)
11 wrist neutral (2.0 s) 11 wrist neutral (2.0 s)
12 ulnar deviation (1.5 s) 12 ulnar deviation (1.5 s)
13 wrist neutral (2.0 s) 13 wrist neutral (2.0 s)

2.3.6 Data for CatBoost

The third component of the calibration phase was a pair of 40-second recordings
during which the subject held a constant hand state, open in the first recording,
closed in the second, and sequentially traversed all ten arm positions, holding each
one for four seconds. For these recordings the subject followed only the PI, which
displayed each position for four seconds before changing to the next one. The
order was from A to J, for every subject. Each recording is therefore a single
continuous segment of EMG with a stable hand state, distributed evenly across
the ten positions. The two recordings together provided the labelled dataset used
to train a CatBoost classifier, the state of the art already implemented inside the
MyoGestic framework and explained in Section 1.6.2. Although this data was not
used during any online prediction, it will be used for offline studies, as a 1-DoF
classifier applied offline to the same data as the online tests performed, in order to
have a direct comparison between this method and the Spatial DTW algorithm.
The two 40-second recordings provide the same total duration of raw EMG (40 s x
2 = 80 s) that the Spatial DTW templates collectively represent (40 templates per
class x 1 s per template x 2 classes = 80 s), so the two algorithms are placed on
a comparable footing in terms of the raw amount of EMG data used for training.
This does not, however, imply a comparable calibration burden for the subject:
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in a clinical-deployment scenario, the CatBoost calibration is considerably faster
and less demanding, approximately 40 seconds per class, against the roughly fifteen
minutes required to complete the full Spatial DTW template-acquisition protocol
across all ten positions. The working hypothesis of this comparison, evaluated in
3.7.1, is nevertheless that the Spatial DTW algorithm will achieve better robustness
against false positives and a higher true-positive rate than the CatBoost baseline,
despite this heavier calibration burden, which is precisely the trade-off the position-
aware design is meant to win.

2.3.7 Model Creation

At the end of the three calibration recordings (template acquisition, wrist-distractor
recording, CatBoost continuous-state recording) the bracelet was left in place and
the raw recordings were stepped through to create the per-subject Spatial DTW
model used during the testing phase. The pipeline consists of four sequential steps
that progressively assemble this model; none of them requires additional EMG
acquisition.

Template extraction. The ten template-acquisition recordings (Section 2.3.4)
were processed as described in Section 2.2.2, yielding the 80 retained templates per
subject after outlier review in the Template Study dialog.

Spatial profiles and intra-class statistics. For each retained template, the spatial
profile of Section 2.2.4 was computed and stored alongside the template, together
with the intra-class mean pec and standard deviation oo of pairwise DTW distances
for each class, providing the baseline statistics for the next step.

Threshold calibration. The per-class thresholds were initialised at the default
preset of Section 2.2.5, then refined against the wrist-distractor recording (Sec-
tion 2.3.5): the model, in this provisional state, was used to replay the recording
offline, producing the per-class DTW distance traces Dopen(t) and Deiosea(t). The
recording was segmented into positive events — the in-place OPEN—CLOSED
transition performed between the two blocks, during which the algorithm should
fire, and negative events (the six wrist-distractor gestures), during which the algo-
rithm should not fire. For each class C' € OPEN, CLOSED the minimum DTW
distance reached during any negative event was identified,

Dinin(C) = min De(?),
and the per-class threshold was then set to the midpoint between the intra-class
preset puc +3oc and Dy, (C), subject to a hard floor at the intra-class preset itself:

(e + 30¢) + Dmin(0)>
5 .

Tc = max (MC + 30¢,

This rule places the threshold equidistantly between the template-based notion of
'normal" intra-class variability and the empirically observed worst-case distractor,
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while preventing it from drifting below the intra-class preset even when the wrist
recording happens to be benign.

Saving and locking. The calibrated thresholds were written back to the model
file, and the resulting model, templates, their spatial profiles, the intra-class statis-
tics (ue, oc), the spatial correction parameters, and the calibrated thresholds
(Topen, TcrLosep), was serialised to a single .pkl model file and loaded into the
online prediction pipeline. From this point until the end of the session no template
re-extraction, no spatial-profile re-fit, no threshold re-tuning, and no per-subject
parameter change was performed. The testing-phase results therefore reflect the
generalisation of a single, fixed per-subject calibration to all subsequent test con-
ditions, not a continuously adapted model.

2.3.8 Testing Phase

The testing phase began immediately after the model-creation step described in
Section 2.3.7, with the bracelet still in place and the Spatial DTW model loaded
into the online prediction pipeline. Once the model was loaded, the predicted hand
of the VHI was made visible to the subject for the first time, and a brief famil-
iarisation period followed: the prediction pipeline ran live but no data were saved,
so that the subject could observe the predicted hand mirror their voluntary open—
close contractions and become comfortable with the visual feedback loop before
the start of the actual experiment. This familiarisation period was also used to set
up the second lateral camera, operated only during the testing phase. The testing
phase consisted of four blocks performed in immediate succession, separated only
by short rests for fatigue management: the main experiment (Section 2.3.9), the
wrist-distractor test (Section 2.3.10), the finger-distractor test (Section 2.3.11), and
the mug-holding test. The total duration of the testing phase varied between 30-45
minutes per subject.

2.3.9 Main Experiment

The main experiment is the core test of the position-robustness claim: it evaluates
whether the algorithm correctly detects open-close transitions across the ten ADL
positions, while being robust during movements of the arm. The structure of the
recording recalls the template-acquisition phase described in Section 2.3.4: each
position was visited two times, in a randomised order, and in each visit the subject
was required to perform transitions from open to closed or vice versa. Again,
the PI was showing the position, and only once the subject was on site were the
transitions started manually, displayed with the Control Hand of the VHI; once
finished, the position was automatically updated. Differently, this testing phase
was conceived as a single, continuous recording, logging the full prediction also
during the repositioning of the arm from one position to the next. At each visit to
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a position, the subject was asked to perform three transitions; after the third, the
subject was required to move the arm to the next ADL posture while maintaining
the hand in the last state (e.g. if the last transition of the visit was open—closed,
they had to keep the hand closed). The odd number of transitions ensured that
the repositionings were alternated once with the hand open and once with the
hand closed. The randomisation order of the positions was a permutation that
ensured the subject arrived once in the open state, to leave with the hand closed,
and the other time in the closed state, to leave with the hand open. For each
single transition, the opening/closing time of the Control Hand remained 0.55 s,
while the hold-open and hold-closed phases were randomised each time between
1.75 and 4.00 s, so as not to let the subject adapt to a fixed rhythm of opening
and closing and anticipate the movement. The main experiment therefore has a
double aim: first, to test whether all the cued transitions are detected correctly by
the real-time prediction of the model; second, to check whether, during changes of
position, the predicted state remained unchanged, meaning no false positives during
movements of the arm. Each recording contained a total of 60 transition cues (3
transitions per visit x 2 visits per position x 10 positions) and 19 repositioning
windows (the beginning of the recording was not counted, and the recording always
started with the Control Hand open, so a total of 10 repositionings with the hand
closed and 9 with the hand open). Each subject performed this test twice, with a
short rest period to reduce eventual fatigue effects, for a total of 120 transitions to
be detected, and 38 repositionings (20 closed, 18 open) per subject. The subject
could visualise the real-time prediction from the predicted hand of the VHI, right
next to the Control Hand, for the whole experimental phase. To quantify the
performance of the prediction, each transition was considered correctly detected
only if the prediction tracked the ground truth (the Control Hand) at the cue, and
if, in the time interval between that cue and the next one, no other transitions
were detected. This means that, for example, if the Control Hand closed and the
predicted hand also closed (due to the correct movement of the subject) but then
re-opened right afterwards, before the reopening of the Control Hand, the detection
was considered not correct, but an instability (counted as a false positive, FP). The
performance metric is therefore per-event based. Besides the instability, the other
form of error is the missed event, corresponding to a missed prediction of transition
within a two-cue interval; this error is counted as a false negative (FN).

The main metric extracted will be referred to as the Correct Detection Rate
(CDR), the ratio of all transitions correctly detected (true positives, TP) to the
total number of cued transitions retained for analysis; formally, the Jaccard index
(or intersection-over-union):

TP TP

Correct Detection Rate = J = -
orrect Detection Rate TPUFNUFPy| TP+ FN+FPy'

(2.2)

The Correct Detection Rate is reported alongside the standard F1-score, which
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combines the per-class recall (the fraction of cued transitions that produced at
least one correct firing) and precision (the fraction of fired transitions that were
correct):

TP TP
Recall = m, Precision = m, (23)

Recall - Precision

=2 (2.4)

" Recall + Precision’

The behaviour of the algorithm during the inter-position repositioning windows
is reported through a separate metric, the Arm Movements False Positives Rejection
Rate (AMFPRR), which quantifies the fraction of repositioning windows during
which the algorithm correctly maintained the current hand state without firing any
spurious transition:

TNrepos 1 FPrepos

AMFPRR = =
TNrepos + FPrepos Nrepos 7

(2.5)

where Nyepos is the total number of repositioning windows in the recording, F'Prepos
is the number of those windows that contained at least one spurious state transition,
and T'Nyepos is the number of clean repositioning windows.

2.3.10 Wrist Movements False Positives Tests

The second part of the testing phase aimed to evaluate the algorithm’s ability to
ignore voluntary wrist movements while the subject maintains a constant hand
state. The wrist flexors of the forearm are anatomically adjacent to the finger flex-
ors, and the bracelet does not separate them spatially: a voluntary wrist flexion
produces a channel-activation pattern that partially overlaps with the templates
of the hand-closing transition and can eventually cause false positives. This test
therefore probes one of the most clinically relevant false-positive risks for the al-
gorithm: spurious state transitions caused by upper-limb movements that the user
might perform without intending to actuate the orthosis. The structure of this
experiment partially recalls the wrist-distractor calibration recording described in
Section 2.3.5, with some key differences. The test was performed at two ADL po-
sitions, position B (table reach) and position G (hand to mouth), chosen as the
two most representative postures for daily activities involving the hand. At each
position, the subject performed two wrist-distractor blocks of opposite hand states,
separated by an in-place open<>close transition animated by the Control Hand.
The dual-feedback mechanic, Control Hand cueing the hand state, PI displaying
the wrist-gesture photograph in sync with each audio cue, was the same as in the
calibration recording (Section 2.3.5). The block order was inverted between the
two positions (OPEN—CLOSED at B, CLOSED—OPEN at G), so that the inter-
position repositioning from B to G was performed with the hand held constantly
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MAIN EXPERIMENT FLOWCHART

EXPERIMENT START
- Initial randomized position (P1)
- Control Hand OPEN (VHI)

Correct Detection Rate
(Check if the algorithm detects
correctly all the transitions)

\ 3 HAND-STATE TRANSITIONS
(VHI)

(e.g. Open>Closed, Closed->Open, Open->Closed)

Arm Movements False

Positives Rejection Rate = Newrandomized

(checkif the algorithm do not predict any position (P|)
change of state during repositionings)

\ MOVE TO THE NEW POSITION
KEEPING THE LAST STATE

(e.g. Keeping the hand closed)

Figure 2.13. Flowchart and setup of the main experiment. Left: subject setup,
seated in front of the monitor displaying the Position Interface and the Virtual
Hand Interface. Right: flowchart of the experiment, with the two rates being
measured to extract the results.

closed, requiring no additional voluntary state change. The full per-round structure
of the test is summarised in Table 2.3.

Each block consisted of a sequence of the same six wrist gesture types as the
wrist-distractor calibration recording (Section 2.3.5, Table 2.2): pronation, supina-
tion, wrist flexion, wrist extension, radial deviation, and ulnar deviation. In this
testing phase, however, wrist flexion and wrist extension were each performed twice,
since, based on the initial assumption, they carry the highest false-positive risk
against the closing and opening templates respectively; the other four gestures
appeared once each. The resulting per-block sequence contained 8 gestures, inter-
spersed with short rests as the subject returned to the neutral wrist position. The
order of the gestures was randomised at every block, under the constraint that the
two flexion instances and the two extension instances did not appear adjacently.
Each gesture was held for 2.0 s and each neutral rest lasted 2.5 s. The full test
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Table 2.3. Pipeline of one round of the wrist-distractor test. Each round con-
sists of four wrist-distractor blocks performed at two ADL positions, separated
by in-place open<>close transitions (animated by the Control Hand) and one
inter-position repositioning (performed freely by the subject). The block order
is inverted between the two positions so that the subject’s hand state is constant
during the B—G repositioning.

Step Position Hand state Description
1 B OPEN Block Bopgn — 8 wrist gestures
1 (in place) OPEN — CLOSED Change of state
2 B CLOSED Block Berosgp — 8 wrist gestures
I B—=G CLOSED Change of position (hand held closed)
3 G CLOSED Block Gerosep — 8 wrist gestures
1 (in place) CLOSED — OPEN Change of state
4 G OPEN Block Gopgn — 8 wrist gestures

yielded a total of 32 gestures evenly distributed across the open and closed hand
states (8 gestures x 2 blocks x 2 positions). The full test was repeated for two
rounds for subjects S5-S16, yielding a total of 64 wrist-gesture events, which should
not have produced any change of state in the real-time prediction. The prediction
pipeline ran uninterrupted throughout the recording, exactly as in the main experi-
ment. The algorithm was expected to maintain the current hand state, in agreement
with the Control Hand of the VHI, across the entire gesture sequence: any state
transition fired during a wrist-gesture window was treated as a false positive. As
before, the predicted hand of the VHI was visible to the subject for the duration of
the test; the subject was instructed to mirror only the cued hand state shown by the
Control Hand at the block boundaries, and not to adapt their muscle activations
based on the predicted hand. For this phase, performance is quantified by the Wrist
Distractor Rejection Rate (WDRR), defined as the fraction of wrist-gesture events
during which the algorithm correctly maintained the hand state without firing any
spurious transition:

TNwrist - Fvarist

=1

WDRR = =
TNwrist + FPwrist Nwrist ’

(2.6)

2.3.11 Fingers Movements False Positives Test

The finger-distractor test was included to probe the most demanding false-positive
scenario for the algorithm. Wrist movements, tested in Section 2.3.10, share part of
their innervation with the hand flexors, but can still be spatially separated to some
extent, since the wrist flexor compartment occupies a different region of the forearm
than the finger flexors. Individual finger movements, on the other hand, engage
exactly the muscles whose activation patterns the templates were trained to detect:
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the act of closing the hand is itself a synergistic combination of single-finger flexions,
and an isolated movement of one finger produces a channel-activation pattern that is
partially indistinguishable from a full hand closure. Finger distractors are therefore
the hardest case for the Spatial DTW, and the FP rates reported here are expected
to be more pronounced than those of the wrist test. The test was performed at
the same two ADL positions used in Section 2.3.10, position B (table reach) and
position G (hand to mouth), and followed the same overall block structure: two
blocks of opposite hand states at each position, separated by an in-place open<+close
transition animated by the Control Hand, with the block order inverted between
the two positions exactly as in Table 2.3. In this case, the PI was used only to
display the current position, while the source of ground truth returned to being
the Control Hand. For the first time since the start of the experiment, the Control
Hand showed something different from the two OPEN and CLOSED states of the
1-DoF project: single-finger movements. The subject was required to follow the
exact movements shown in the VHI; the pool of gestures was therefore split into
two based on the overall, expected state.

« OPEN block: five single-finger flexions (thumb, index, middle, ring, pinky)
plus the pinch gesture (thumb-index flexion) performed twice, for a total of
seven finger-gesture events per block. The pinch is doubled because it is by
far the most common voluntary finger movement performed from an open
hand in daily life. Moreover, particular attention was given to the pinch
gesture, as it was considered the most likely gesture to be added next to the
framework if attempting to add one more DoF to the hand orthosis. It is
therefore important that the algorithm can fully discern the pinch gesture
from a closing gesture starting from the open state.

+ CLOSED block: five single-finger extensions (thumb, index, middle, ring,
pinky), for five finger-gesture events per block. The closed-state counterpart
of the pinch, a thumb-index extension from a closed hand, has no daily-life
equivalent and was deliberately excluded to keep the test focused on physi-
ologically plausible motions. Even some gestures, like opening only the ring
or pinky finger while keeping the rest of the hand closed, are not considered
ADL; however, it was considered interesting to check the robustness against
those distractors.

The order of the gestures within each block was randomised at every block; no
adjacency constraint was applied, since no gesture is repeated within a single block.
Each finger-gesture event consisted of five sub-phases: a 0.3 s reaction pause, a
0.9 s animation showing the gesture being performed, a 1.5 s hold during which
the subject mirrored the gesture, a 0.9 s animation returning the Control Hand
to neutral, and a 0.6 s rest before the next event, for a total of 4.2 s per gesture
event. The recording ran again uninterrupted, and S1, S2, S4 performed this stage
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only once, while for S3, S5-S16 it was repeated for two rounds, yielding a total of
48 finger-distractor events per subject ((7 OPEN-block + 5 CLOSED-block) x 2
positions X 2 rounds). Performance is quantified by the Finger Distractor Rejection
Rate (FDRR), defined analogously to the WDRR, of Section 2.3.10, but separated
for each finger:

TNﬁnger —1_ FPﬁnger

FDRR =
TNﬁnger + FPﬁnger Nﬁnger

, (2.7)

where Nfpger is the total number of finger-gesture events in the recording, F'Ppnger
is the number of those events that contained at least one spurious state transition,
and T'Ngpger is the number of clean gesture events.

2.3.12 The Mug-Holding Experiment

The fourth and final block of the testing phase was the mug-holding experiment,
designed to complement the open-loop cued protocols with a closed-loop, goal-
directed real-life scenario. In the three preceding tests the Predicted Hand was
visible on the screen but had no influence on the subject’s behaviour, who was
instructed to mirror only the Control Hand. In the mug-holding experiment, by
contrast, the Control Hand was inactive, no audio cues were played, no reference
movement was animated, and the only visual feedback on screen was the Predicted
Hand of the VHI, which reflected in real time the algorithm’s interpretation of
the subject’s intent. The task was structured as a continuous sequence of steps
performed without interruption: starting from a relaxed posture with the hand
open, the subject reached for a real mug placed on the table in front (approximately
at position B), closed the hand around the mug handle, lifted the mug, and brought
it close to the mouth (approximately at position G), faking the act of drinking;
before returning the mug to the table, the subject was free to perform any movement
that came to mind, some examples being cheering, fake-pouring liquid into another
imaginary glass, waving, or dancing. Once the subject returned the mug to the
table, they finally opened the hand to release the handle. No time constraint
was imposed on any of the five steps, and the subject was free to perform the
sequence at a natural pace. No formal quantitative metric is computed for this
test. Success was evaluated qualitatively by visual inspection of the prediction
recording and of the video footage, by checking whether the subject was able to
complete the full five-step sequence without spurious hand-state changes that would
have compromised the task. The predicted hand should close only once the hand
was fully wrapped around the handle, and should remain closed for the whole time
in which the mug is lifted; finally, it should open only once the mug is back on
the table and the human hand is opening, releasing the handle. The mug-holding
test serves as a usability sanity check rather than a primary quantitative result,
and is included to demonstrate that the algorithm’s behaviour remains intuitive
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and usable in a continuous-control, real-life scenario outside the structured cued
protocols. The mug used in the experiment is a traditional Bavarian mug, made of
ceramic, weighing 1109(1) g, Fig. 2.14 shows a photo of it.

Figure 2.14. The traditional Bavarian ceramic mug used in the mug-
holding experiment.

2.3.13 Tests on Patients

Due to the impairment of their hand and the rest of the body, the SCI patients
performed a simplified version of the experiment, with a subject-specific number
of trials performed until fatigue was reached. Only the test from the main phase
(described in Section 2.3.9) was administered, maintaining the three-transitions-
per-visit structure but performed entirely in the single, comfortable position found
at the beginning of the experimental phase. This test serves as a proof of concept,
to establish whether the Spatial DTW algorithm can also work on EMG data from
a clinical population, while placing greater emphasis on the results from the healthy
population for the purposes of future studies.
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Results

The results presented in this chapter were first extracted from the prediction record-
ings with an automatic algorithm, which checked the alignment between the binary
ground-truth signal of the Control Hand and the binary prediction signal of the
algorithm, expecting the latter to be a shifted version of the former due to the
human reaction time summed with the algorithm latency. After this first screen-
ing, each automatically-generated verdict was then manually verified against the
synchronised video recording, and corrected when necessary, according to the rules
described in the previous sections. Two classes of events are discarded from the
confusion matrix that drives the metrics. First, if video inspection revealed that the
subject did not correctly follow the virtual ground-truth hand (for example, mis-
takenly opening the hand during a change of position with the hand held closed),
the event was attributed to human error and excluded from the analysis. Second,
if the predicted hand was already in the target state before the start of a transition
cue, as a consequence of a missed event or instability at the previous cue, the cur-
rent cue was discarded, since no meaningful detection could occur; the earlier cue
responsible for the premature state change was still scored as an error in its own
right.

3.1 Main Experiment Results

Across the 16 healthy subjects of the main cohort (32 recordings; 1905 retained
cued transitions and 608 repositioning windows), Spatial DTW reached a Correct
Detection Rate of 98.4%, a Recall of 99.6%, and a Precision of 98.0%, for a cohort
Fl-score of 98.8%. Fig. 3.1 shows the averaged Correct Detection Rate per subject,
highlighting that for 8 subjects out of 16 all the transitions shown at screen during
the experiment were correctly detected; in Fig. 3.2 the same results are averaged
per position, showing that all the cues from position A and I were detected cor-
rectly, while the most difficult resulted to be position H and J. Fig. 3.3 and Fig. 3.4
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report the error breakdown, again first per subject and per positions, distinguishing
between errors caused by missed events and by instabilities of the prediction. This
results highlight that the most frequent cause of error were instabilities rather than
missed events; however, almost half of all the instabilities observed are attributed
to S2 alone, whose unstable prediction were observed always in the transition from
closed to open, while keeping the open state at the end. Finally, Fig. 3.5 shows
the nature of the different errors, pooled together, confirming the most frequent
was instability during the transition from closed to open: the opening was cor-
rectly detected most of the time, but the prediction was not robust enough and the
state oscillated back to closed even though the subject was keeping the hand open.
Regarding the second aim of this main experiment, the robustness test against
ADL arm movements, out of the 608 repositioning windows across the trials, the
algorithm mistakenly predicted a change of state only 16 times, for a cohort Arm
Movements False Positives Rejection Rate of 97.4%. Fig. 3.6 shows a per-subject
summary of those errors. Once again, most of the errors came from S2 while in
the open state. The pie diagram in Fig. 3.7 shows that, in general, the open state
was the unstable one; only S13 had problems with false positives while keeping the
hand closed, as will also be shown in the rest of the experiments.

3.1.1 Latency

To compute the algorithm latency, only the correctly detected events were con-
sidered. The latency was first computed, as a first approximation, by subtraction
between the temporal index of the cued transition of the ground truth (the Control
Hand of the VHI) and the temporal index of the associated predicted transition.
This computation gave a median of 1.12 s (IQR [0.92, 1.37] s) and a mean of
1.22 £ 0.48 s across all subjects. This latency will be referred to as the Behavioural
Latency, as it contains not only the true algorithm latency but also the subject’s re-
action time. Since the effective algorithm latency is the time difference between the
algorithm’s prediction of the movement and the moment at which the subject actu-
ally starts moving the hand, the same max-energy onset-detection formula used to
extract the templates (Equation 2.1 of Section 2.2.2) was used to find the point at
which the subject started moving their hand, based on their EMG activity. A per-
channel RMS envelope was computed over a 50 ms sliding window in the interval
following the cue, and the start of the 1-second window with the highest cumula-
tive RMS? across the active channels was taken as the activation onset. Unlike the
template-extraction procedure, no 200 ms back-shift was applied. The algorithm
latency thus computed had a cohort median of 0.53 s (IQR [0.32, 0.80] s), with a
mean of 0.61 + 0.41 s. Fig. 3.8 shows the latency box-plots for each subject, while
Fig. 3.9 pools the latencies across subjects and reports the box-plots per position.
Across positions, the algorithm latency was relatively uniform, with per-position
medians ranging from 0.46 s (position F, lateral pass) to 0.62 s (position H, hand to
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Per-subject Correct Detection Rate

S1 118/119 99.2
S2 102/115 88.7
S3 117/120 97.5
S4 120/120 100.0
S5 120/120 100.0
S6 118/119 99.2
S7 120/120 100.0
S8 113/116 97.4
S9 114/119 95.8
S10 120/120 100.0
S11 118/119 99.2
S12 120/120 100.0
S13 114/118 96.6
S14 120/120 100.0
S15 120/120 100.0
S16 120/120 100.0
Total 1874/1905 98.4

Figure 3.1. Per-subject summary of the results of the main experiment. The
middle column reports the number of transitions correctly detected out of all the
events retained for the study, for each subject, pooling together all the positions.

head); no arm posture was associated with a markedly slower algorithm response.
Per-subject medians ranged from 0.34 s (S12, S14, S15) to 1.30 s (S13), with the
cohort distribution skewed by S13’s slower reaction profile.
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Per-position Correct Detection Rate

A 191/191 100.0
B 187/190 98.4
C 189/191 99.0
D 188/191 98.4
E 186/190 97.9
F 190/192 99.0
G 189/192 98.4
H 183/189 96.8
| 190/190 100.0
J 181/189 95.8

Total 1874/1905 98.4

Figure 3.2. Per-position summary of the results of the main experiment. The
middle column reports the number of transitions correctly detected out of all
the events retained for the study, for each position, pooling together events
from different subjects.

3.2 Robustness to Wrist Movements False Posi-

tives

Across the 16 healthy subjects, the wrist-distractor test yielded a cohort Wrist Dis-
tractor Rejection Rate of 98.0% for the OPEN state and 99.1% for the CLOSED
state, out of 448 wrist-gesture events each. Fig. 3.10 and Fig. 3.11 show the per-
gesture breakdown of the rejection rate for the OPEN and CLOSED states respec-
tively, reporting the fraction of correctly rejected events for each of the six wrist
distractor types. Fig. 3.12 and Fig. 3.13 report the same rejection rate broken down
per subject, for the OPEN and CLOSED states respectively. Finally, Fig. 3.14 and
Fig. 3.15 show the distribution of the false positives across the six gesture types,
pooling all subjects together, for the OPEN and CLOSED states respectively. The
CLOSED state showed a higher rejection rate than the OPEN state, with the hand
mistakenly opening from wrist movements only four times, and only for S13. For
the OPEN state, no specific wrist movement showed a particular tendency to cause
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Per subject error breakdown (main experiment)
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Figure 3.3. Per-subject error breakdown. Each subject has two bars, one counting
the errors due to missed events (red), one counting the instabilities (blue).

8 Per position error breakdown (main experiment)
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Figure 3.4. Per-position error breakdown. FEach position has two bars, one
counting the errors due to missed events (red), one counting the instabilities (blue).

false positives, however, as reported in 3.12, the open state rejection rate in in-
flated by S2 unstable open state, being responsible for six out of the nine total false
positives observed in the open state.
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Missed opening
Unstable opening
Missed closing
Unstable closing

Figure 3.5. Frequency error breakdown. Out of all the errors encountered in
the main experiment (across all subjects), this pie diagram breaks down which
were the most frequent errors.

3.3 Robustness to Finger Movements False Pos-
itives

The finger-distractor test yielded a cohort Finger Distractor Rejection Rate of
96.1% for the OPEN state and 78.4% for the CLOSED state. Again, Figs. 3.16
and 3.17 break these rates down by individual finger, for the OPEN and CLOSED
states respectively, while Figs. 3.18 and 3.19 report the same rejection rates per
subject. The OPEN state proved overall more robust to false positives caused by
finger movements: when the subject’s hand was open, performing a pinch, or flexing
the thumb, the index, or the middle finger, never caused the predicted hand to close
throughout the whole experiment. For finger movements performed with the hand
closed, only for S3 the hand never mistakenly opened, while all other subjects had
some errors. Figs. 3.20 and 3.21 show how the false positives are distributed across
the five fingers, pooling all subjects together, for both classes. The results clearly
show that ring and pinky movements were, for both classes, the main source of false
positives; extending the ring finger while keeping the hand closed alone generated
an opening of the predicted hand 36 times out of 54, for a ring-movement rejection
rate of only 33.3% when the hand was closed.
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3.4 — Mug Holding Results

Repositioning instabilities per subjects

Tot: 16 / 608 (2.6%)
S140
- I -
S340
s« [ -
S50
S640
S740
S8 2
S1040
S1140
S1240
1> I -
S14-0
S1540 I Change of position while hand OPEN
516 _ 1 I Change of position while hand CLOSED
0 1 2 3 4 5 6 7 8

Number of repositioning instabilities

Figure 3.6. Repositioning errors breakdown: how the repositioning errors were
distributed across the subjects.

3.4 Mug Holding Results

The mug-holding experiment was evaluated qualitatively, as described in Section 2.3.12.
12 of the 16 subjects completed the full five-step sequence without any spurious
hand-state change on their first attempt; subjects 4, 15, and 16 required a second
trial before passing, changing their grip on the mug. Fig. 3.22 reports, per subject,
which of the additional free-choice activities were attempted and whether the pre-
dicted hand remained stable throughout. Only S13 was not able to complete the
ADL gesture of drinking and putting down the mug without the algorithm mistak-
enly predicting an opening, even after a second attempt. Both S5 and S6, when
performing the experiment again after a week (more details in the next section),
passed again this test.
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Algorithm latency (s)

Repositioning false positives

mmm while hand OPEN
mmm  while hand CLOSED

Figure 3.7. Repositioning errors pie diagram. Out of all the repositioning errors,
this diagram shows which occurred during the OPEN and CLOSED states. The
total number of events is 608.

3.5 1
3.0 1
2.5 1

2.0 A

HITEE

=
=}

o
5

0.0

Algorithm latency per subject

---- Cohort median = 0.53 s

-

S7

L]
M .
S8 S9 S10 S11  Ss12 S13 S14 S15  Sl16

Subject

Figure 3.8. Algorithm latency across subjects, computed only for cor-

rectly detected transitions.
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3.5 — Temporal Stability

Algorithm latency per position

3.51 --- Cohort median = 0.53 s
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Figure 3.9. Algorithm latency across positions. Values from all subjects are

pooled per position to check whether detection was slower for certain postures.

Wrist movements rejection rate - hand OPEN

Flexion Extension |Supination| Pronation | Radial-flex | Radial-ext | Total (%)
FPs / Total 2/112 1/112 1/56 2/56 2/56 1/56 9/448
Rejection 98.2% 99.1% 98.2% 96.4% 96.4% 98.2% 98.0%
Figure 3.10. Wrist distractors - per-gesture robustness for the OPEN state.

3.5 Temporal Stability

As a pilot study, S5 and S6 repeated the same three experimental phases approx-
imately a week after the first session (S5 after six days, S6 after a week), using
the same calibration data (same model, same templates) as the first session. The
bracelet was worn on the same arm, in approximately the same position as in the
first episode: during the first session, photographs of the setup were taken, and
on the second attempt the bracelet was placed using those photographs as refer-
ence. After a period used to adjust the position if needed and to check that the
prediction was correctly responding to the subject’s movements, the same original
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Wrist movements rejection rate - hand CLOSED

Flexion Extension | Supination | Pronation | Radial-flex| Radial-ext | Total (%)
FPs / Total 0/112 3/112 0/56 0/56 1/56 0/56 4/448
Rejection 100.0% 97.3% 100.0% 100.0% 98.2% 100.0% 99.1%
Figure 3.11. Wrist distractors - per-gesture robustness for the CLOSED state.

Per subject wrist rejection rate - hand OPEN Per subject wrist rejection rate - hand CLOSED

S1 0/16 100.0% S1 0/16 100.0%
S2 6/16 62.5% S2 0/16 100.0%
S3 0/16 100.0% S3 0/16 100.0%
sa 016 100.0% sa 0116 100.0%
S5 032 100.0% S5 032 100.0%
S6 0/32 100.0% S6 0/32 100.0%
S7 0/32 100.0% S7 0/32 100.0%
s8 032 100.0% s8 032 100.0%
s9 1/32 96.9% s9 032 100.0%
S10 0/32 100.0% S10 0/32 100.0%
S11 0/32 100.0% S11 0/32 100.0%
S12 1/32 96.9% S12 0/32 100.0%
513 032 100.0% s13 4/32 87.5%
s14 032 100.0% s14 032 100.0%
S15 0/32 100.0% S15 0/32 100.0%
S16 1/32 96.9% S16 0/32 100.0%
Total 9/448 98.0% Total a/448 99.1%
Figure 3.12. Wrist distractors - per-sub-  Figure 3.13. Wrist distractors - per-sub-

jects robustness for the OPEN state. jects robustness for the CLOSED state.

thresholds and spatial corrections were used, and the subject proceeded to perform
all the experimental phases again. For the main experiment, both subjects had
no repositioning errors in the original recording, and the same held true for this
second trial. Pooling S5 and S6 together, the Fl-score was 99.8% in the original
session and 99.4% in the second trial, a change driven entirely by S6, since S5 com-
pleted the experimental part with 100% accuracy in both sessions, while S6 had
a —1.7% overall loss of performance (4 errors, all missed events), and a change in
latency reported in Fig. 3.28. Fig. 3.23 shows a breakdown of this main experi-
ment. The results of the robustness-against-false-positives experiments are shown
in Figs. 3.24 and 3.25 for the wrist distractors, and in Figs. 3.26 and 3.27 for the
finger distractors.
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3.6 — Patients Tests

False positives breakdown — hand OPEN (wrist test)

Wrist flexion

Wrist extension

Supination

Pronation

Radial flexion

Radial extension

Total number of events: 448

3

Figure 3.14. Wrist distractors - False positives breakdown for the OPEN state.

Fig. 3.28 gives an insight into the change in latency between the two trials,
showing a slightly greater latency on the week-after trial

3.6 Patients Tests

Two SCI patients, P1 and P2, performed the simplified protocol described in Sec-
tion 2.3.13, without changing arm posture and until they signaled to be fatigued.
For P1, 28 of 31 cued transitions were correctly detected (90.3% Correct Detection
Rate), with the 3 errors consisting of 2 missed events and 1 instability, and a me-
dian algorithm latency of 0.58 s. For P2 22 of 25 cued transitions (88.0% Correct
Detection Rate) were correctly detected, with all 3 errors being missed events, and
a median algorithm latency of 0.83 s. The complete breakdown is shown in Fig 3.29.

3.7 Offline Results

The results presented in the previous sections were all obtained online, in real time,
during the experimental sessions. The remainder of this chapter reports offline anal-
yses, meaning running offline predictions on the same EMG data recorded from the
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False positives breakdown — hand CLOSED (wrist test)

mmm Wrist extension
mmm Radial flexion
Total number of events: 448

Figure 3.15. Wrist distractors - False positives breakdown for the CLOSED state.

Finger movements rejection rate - hand OPEN

Pinch Thumb Index Middle Ring Pinky Total (%)
FPs / Total 0/116 0/57 0/58 0/58 5/59 11/58 16/406
Rejection 100.0% 100.0% 100.0% 100.0% 91.5% 81.0% 96.1%

Figure 3.16. Finger distractors - per-gesture robustness for the OPEN state.

experimental sessions while using either a different classifier (Section 3.7.1), or
changing some conditions in the tested classifier, particularly removing different
components of the pipeline to assess their real influence in the overall framework
(Section 3.7.2). All offline analyses use the same 16-subject cohort and the same
event pool as the online results reported above; unlike the online results, however,
they were not subjected to the manual video-verification and event-discarding pro-
cedure described at the beginning of this chapter, and the total number of events
retained may therefore differ slightly from the corresponding online figures.
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3.7 — Offline Results

Finger movements rejection rate - hand CLOSED

Thumb Index Middle Ring Pinky Total (%)
FPs / Total 2/56 1/54 13/53 36/54 7/56 59/273
Rejection 96.4% 98.1% 75.5% 33.3% 87.5% 78.4%

Figure 3.17. Finger distractors - per-gesture robustness for the CLOSED state.

Per subject finger rejection rate - hand OPEN Per subject finger rejection rate - hand CLOSED
S1 3/14 78.6% S1 1/10 90.0%
s2 0/14 100.0% S2 2/8 75.0%
s3 0/28 100.0% s3 0/20 100.0%
s4 0/14 100.0% s4 2/9 77.8%
S5 1/28 96.4% S5 4/20 80.0%
S6 0/28 100.0% S6 1/20 95.0%
s7 0/28 100.0% s7 5/19 73.7%
S8 1/28 96.4% S8 4/11 63.6%
s9 4/28 85.7% S9 2/20 90.0%
S10 0/28 100.0% S10 2/19 89.5%
S11 0/28 100.0% S11 5/19 73.7%
S12 0/28 100.0% S12 5/20 75.0%
S13 1/28 96.4% S13 8/19 57.9%
S14 0/28 100.0% S14 4/20 80.0%
S15 4/28 85.7% S15 9/19 52.6%
S16 2/28 92.9% S16 5/20 75.0%

Total 16/406 96.1% Total 59/273 78.4%

Figure 3.18. Finger distractors - per-sub-  Figure 3.19. Finger distractors - per-sub-
jects robustness for the OPEN state. jects robustness for the CLOSED state.

3.7.1 CatBoost Comparison

The CatBoost classifier described in Sections 1.6.2 and 2.3.6 was evaluated offline
on the same recordings collected during the testing phase, for a direct comparison
against the Spatial DTW algorithm. On the main experiment, CatBoost reached a
cohort Correct Detection Rate of 87.4% (1611/1844 cued transitions), against the
98.4% achieved by Spatial DTW, a difference ranging from —6.9 to —15.6 percent-
age points depending on the arm position (Fig. 3.30). On the wrist-distractor test,
CatBoost achieved a rejection rate of 53.1% for the OPEN state (210/448 events)
and 65.8% for the CLOSED state (153/448 events), against 98.0% and 99.1% for
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False positives breakdown — hand OPEN (finger test)

mmm  Ring flexion
B Pinky flexion
Total number of events: 406

Figure 3.20. Finger distractors - False positives breakdown for the OPEN state.

Spatial DTW respectively, corresponding to a difference of —44.9 and —33.3 per-
centage points (Figs. 3.31 and 3.32). Wrist flexion was by far the most problematic
single gesture: with the hand open, it produced a false closing in 98 of 112 events,
an 87.5% false-positive rate corresponding to a rejection rate of only 12.5%. On the
finger-distractor test, CatBoost achieved a rejection rate of 70.5% for the OPEN
state (122/413 events) and 30.6% for the CLOSED state (179/258 events), against
96.1% and 78.4% for Spatial DTW respectively, corresponding to a difference of
—25.6 and —47.8 percentage points (Figs. 3.33 and 3.34).

3.7.2 Ablation Study

To assess the individual contribution of each component of the Spatial DTW
pipeline, three ablation studies were performed offline on the same testing-phase
recordings: removing the spatial correction layer, reducing the number of templates
per position, and reducing the number of calibrated arm positions. In each case,
the modified pipeline was run on the same offline event pool as its corresponding
full-algorithm baseline, so that the reported difference isolates the effect of the sin-
gle component removed or reduced. Because this offline baseline was not subjected
to the manual video-verification procedure described at the start of this chapter,
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False positives breakdown — hand CLOSED (finger test)

/

Thumb extension

Index extension

Middle extension

Ring extension

Pinky extension

Total number of events: 273

Figure 3.21. Finger distractors - False positives breakdown for the CLOSED state.

all A values in this section are therefore computed against the offline baseline and
cannot be obtained by subtracting from the online results.

Influence of the Spatial Correction

Removing the spatial correction layer, and relying on the cosine DTW distance
alone, reduced the cohort Correct Detection Rate on the main experiment from
98.4% to 91.9% (1728/1880 cued transitions), a drop of 6.5 percentage points, with
the largest per-position losses at F (lateral pass, —10.1pp) and I (overhead reach,
—5.8pp), and the smallest at G (hand to mouth, —2.1pp) (Fig. 3.35). On the wrist-
distractor test, the rejection rate dropped to 89.3% for the OPEN state (—8.2pp)
and 93.5% for the CLOSED state (—4.3pp) (Figs. 3.36 and 3.37). On the finger-
distractor test, the rejection rate dropped to 85.7% for the OPEN state (—8.5pp)
and 70.1% for the CLOSED state (—4.1pp), with the ring finger remaining the
single worst-performing gesture in both conditions (29.4% rejection rate with the
hand closed) (Figs. 3.38 and 3.39).
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Mug experiment results

Subject

Grasp

Lift

Drink

Pour

Cheer

Wave

Release

Test result

S1

v

v

Passed

S2

v

v

Passed

S3

4

v

Passed

sS4

Passed*

S5.1

Passed

S6.1

Passed

s7

Passed

S8

Passed

Ss9

Passed

Ss10

Passed

S11

Passed

S12

Passed

S13

Failed

S14

Passed

S15

Passed*

S16

Passed*

S5.2

Passed

S$6.2

Passed

Figure 3.22.
activities did every subject attempt during the mug experiment. The tick means
the subject did the activity with the prediction never mistakenly opening during
the whole recording. The X means the algorithm mistakenly predicted an opening
while the subject was doing that specific activity. If in a cell no tick is present it
means the subject did not do that activity. On the last column, Passed® means
the subject did not pass the experiment at first, but did pass it on a second trial.

Templates Reduction

Mug experiment per subject breakdown. The table shows which

Two offline analyses assessed whether the four templates per position, per class,
used in the online experiments are all necessary. The first analysis checked, for
every event in the main experiment, whether the cued arm position’s own tem-
plates were among the three closest matches used by the distance-aggregation rule
(Section 2.2.5). Across correctly detected events, the cued position was absent
from the top-3 closest templates in 46.7% of cases; across error events (missed and
unstable), it was absent in 44.8% of cases. Fig. 3.40 shows this breakdown per
cued position. The second analysis re-decoded all recordings while progressively
reducing the number of templates retained per position and class, from the full
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3.7 — Offline Results

Temporal stability - main experiment per session breakdown

S5.1| 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 100.0

S5.2| 11/11 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 100.0

A% 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

S6.1| 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 10/11 99.2

S6.2| 12/12 11/12 12/12 12/12 12/12 12/12 10/11 12/12 12/12 10/11 97.5

A% 0.0 -8.3 0.0 0.0 0.0 0.0 -9.1 0.0 0.0 0.0 -1.7

A B C D E F G H | ] Total (%)

Figure 3.23. Comparison of the performance in the second trial of the main
experiment for S5 and S6, divided per position. The last row of each table
reports the difference in false-positive rejection rate with respect to the first
test. No repositioning errors occurred, matching the first experiment. The
first event of the second trial of S5 happened when the subject wasn’t ready
therefore the event was discarded.

Temporal stability - wrist movements rejection - hand OPEN

S5.1 0/8 0/8 0/4 0/4 0/4 0/4 100.0
S5.2 0/8 0/8 0/4 0/4 0/4 0/4 100.0
A% 0.0 0.0 0.0 0.0 0.0 0.0 0.0
S6.1 0/8 0/8 0/4 0/4 0/4 0/4 100.0
S6.2 0/8 0/8 0/4 0/4 0/4 0/4 100.0
A% 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Flex Ext Sup Pron Rad-flex Rad-ext Total (%)

Figure 3.24. Comparison of the performance in the second trial of the wrist dis-
tractors experiment for S5 and S6, with the hand OPEN. The last row of each table
reports the difference in false-positive rejection rate with respect to Fig. 3.10.

four down to one. The first templates to be removed from the set for each position
were the ones progressively closer to being outliers, following the evaluation criteria
described in Section 2.2.2. The cohort Correct Detection Rate was 98.4% with all
four templates, 98.3% with three (A — 0.1pp), 97.0% with two (A — 1.4pp), and
93.6% with one (A — 4.8pp) (Fig. 3.41).
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Temporal stability - wrist movements rejection - hand CLOSED

S5.1 0/8 0/8 0/4 0/4 0/4 0/4 100.0
S5.2 0/8 0/8 0/4 0/4 0/4 0/4 100.0
A% 0.0 0.0 0.0 0.0 0.0 0.0 0.0
S6.1 0/8 0/8 0/4 0/4 0/4 0/4 100.0
S6.2 0/8 0/8 0/4 0/4 0/4 0/4 100.0
A% 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Flex Ext Sup Pron Rad-flex Rad-ext Total (%)

Figure 3.25. Comparison of the performance in the second trial of the wrist dis-

tractors experiment for S5 and S6, with the hand CLOSED. The last row of each
table reports the difference in false-positive rejection rate with respect to Fig. 3.11.

Temporal stability - finger movements rejection - hand OPEN

S5.1 0/8 0/4 0/4 0/4 1/4 0/4 96.4
S5.2 0/8 0/4 0/4 0/4 0/4 1/4 96.4
A% 0.0 0.0 0.0 0.0 +25.0 -25.0 0.0
S6.1 0/8 0/3 0/4 0/4 0/5 0/4 100.0
S6.2 0/8 0/4 0/4 0/4 0/4 0/4 100.0
A % 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Pinch Thumb Index Middle Ring Pinky Total (%)

Figure 3.26. Comparison of the performance in the second trial of the finger

distractors experiment for S5 and S6, with the hand OPEN. The last row of each
table reports the difference in false-positive rejection rate with respect to Fig. 3.16.

Positions Reduction

A separate offline analysis identified five arm positions, A, B, F, G, and I, as the
most influential (and frequent) in the state-machine decisions. The main experi-
ment was then re-decoded offline using only the templates calibrated at these five
positions, instead of all ten. This reduced the cohort Correct Detection Rate from
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3.7 — Offline Results

Temporal stability - finger movements rejection - hand CLOSED

S5.1 0/4 0/4 0/4 4/4 0/4 80.0
S5.2 0/4 0/4 0/4 4/4 1/4 75.0
A% 0.0 0.0 0.0 0.0 -25.0 -5.0
S6.1 0/4 0/4 1/4 0/4 0/4 95.0
S6.2 0/4 0/4 3/4 1/4 0/4 80.0
A% 0.0 0.0 -50.0 -25.0 0.0 -15.0
Thumb Index Middle Ring Pinky Total (%)
Figure 3.27. Comparison of the performance in the second trial of the finger

distractors experiment for S5 and S6, with the hand CLOSED. The last
row of each table reports the difference in false-positive rejection rate with
respect to Fig. 3.17.

Algorithm latency — temporal stability
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Figure 3.28. Latency comparison. Changes in the algorithm latency distribution

between the second trials of the main experiment for S5 and S6.
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Per-cue verdict breakdown Algorithm-latency distribution
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Figure 3.29. Patients results. The protocol for patients was a simplified version,
without changes of position. Each patient kept following the ground truth until
declared to be fatigued. Left: breakdown of the prediction of all the cues the
patient followed. Right: algorithm latency distribution in every event

CatBoost comparison - Main experiment Correct Detection Rate per arm position

A B Cc D E F G H 1 J Total (%)

TP/ Total | 163/185 | 167/186 | 162/187 | 172/188 | 149/181 | 159/187 | 163/183 | 155/184 | 168/183 | 153/180 [1611/1844

CDR (%) 88.1 89.8 86.6 91.5 82.3 85.0 89.1 84.2 91.8 85.0 87.4

wseorwy | 119 | 86 | -123 | 69 | -156 | -139 | -94 | -126 | -82 | -108 | -11.0

Figure 3.30. CatBoost comparison, main experiment Correct Detection Rate per
arm position, against the Spatial DTW baseline.

98.4% to 96.0% (1796/1870 cued transitions), a decrease of 2.5 percentage points,
with the largest per-position loss at H (hand to head, —4.5pp) and the smallest at
B (table reach, —0.5pp) (Fig. 3.42).
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3.7 — Offline Results

CatBoost comparison - Wrist movements rejection rate - hand OPEN

Flex Ext Sup Pron Rad-flex Rad-ext Total (%)

FP / Total 98/112 49/112 8/55 9/56 13/57 33/56 210/448
Rejection (%) 12.5 56.2 85.5 83.9 77.2 411 53.1
(ve SDTW) -85.7 -42.9 -12.8 -12.5 -19.2 -57.1 -44.9
Figure 3.31. CatBoost comparison, wrist movements rejection rate per gesture,

hand OPEN; against the Spatial DTW baseline.

CatBoost comparison - Wrist movements rejection rate - hand CLOSED

Flex Ext Sup Pron Rad-flex Rad-ext Total (%)

FP / Total 21/113 57/111 23/56 9/56 24/56 19/56 153/448
Rejection (%) 81.4 48.6 58.9 83.9 57.1 66.1 65.8
(vs SDTW) -18.6 -48.7 -41.1 -16.1 -41.1 -33.9 -33.3
Figure 3.32. CatBoost comparison, wrist movements rejection rate per gesture,

hand CLOSED, against the Spatial DTW baseline.

CatBoost comparison - Finger movements rejection rate - hand OPEN

Pinch Thumb Index Middle Ring Pinky Total (%)

FP / Total 16/118 7/58 19/59 21/59 29/60 30/59 122/413
Rejection (%) 86.4 87.9 67.8 64.4 51.7 49.2 70.5
(vsAs[;/?I'W) -13.6 -12.1 -32.2 -35.6 -39.9 -31.9 -25.6
Figure 3.33. CatBoost comparison, finger movements rejection rate per gesture,

hand OPEN, against the Spatial DTW baseline.
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CatBoost comparison - Finger movements rejection rate - hand CLOSED

Thumb Index Middle Ring Pinky Total (%)

FP / Total 22/52 28/52 36/48 44/52 49/54 179/258
Rejection (%) 57.7 46.2 25.0 154 9.3 30.6
vs SDTW) -38.7 -52.0 -50.5 17.9 -78.2 -47.8

Figure 3.34. CatBoost comparison, finger movements rejection rate per gesture,

hand CLOSED, against the Spatial DTW baseline.

Spatial-correction ablation - Main experiment Correct Detection Rate per arm position

A B C D E F G H I J Total (%)

TP / Total 175/190 178/190 176/188 177/190 167/185 167/188 185/192 161/183 179/190 163/184 1728/1880

CDOR(%) | 921 | 93.7 | 936 | 932 | 903 | 888 | 964 | 8.0 | 942 | 88.6 91.9
A %

wseorwy | 79 | 47 | 53 | 53 | 76 | -101 | 21 | -88 | 58 | -7.2 -6.5

Figure 3.35. Spatial-correction ablation, main experiment Correct Detection

Rate per arm position, against the full Spatial DTW algorithm.

Spatial-correction ablation - Wrist movements rejection rate - hand OPEN

Flexion | Extension |Supination| Pronation |Radial-flex| Radial-ext| Total (%)

FP / Total 16/140 11/140 10/69 8/70 10/71 5/70 60/560
Rejection (%) 88.6 92.1 85.5 88.6 85.9 92.9 89.3
(vs SOTW) -10.0 -6.4 -11.6 7.1 9.9 4.3 -8.2
Figure 3.36. Spatial-correction ablation, wrist movements rejection rate per ges-

ture, hand OPEN;, against the full Spatial DTW algorithm.
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Spatial-correction ablation - Wrist movements rejection rate - hand CLOSED

Flexion | Extension Supination| Pronation [Radial-flex| Radial-ext| Total (%)

FP / Total 4/139 14/139 4/70 4/70 7/70 3/69 36/557
Rejection (%) 97.1 89.9 94.3 94.3 90.0 95.7 93.5
(vs SDTW) 2.9 5.8 1.4 4.3 7.1 4.3 -4.3

Figure 3.37. Spatial-correction ablation, wrist movements rejection rate per ges-
ture, hand CLOSED, against the full Spatial DTW algorithm.

Spatial-correction ablation - Finger movements rejection rate - hand OPEN

Pinch Thumb Index Middle Ring Pinky Total (%)

FP / Total 12/142 10/70 6/71 11/71 14/72 18/71 71/497
Rejection (%) 91.5 85.7 91.5 84.5 80.6 74.6 85.7
(vs SDTW) -6.3 -10.0 5.6 -14.1 9.7 -7.0 -8.5
Figure 3.38. Spatial-correction ablation, finger movements rejection rate per

gesture, hand OPEN, against the full Spatial DTW algorithm.

Spatial-correction ablation - Finger movements rejection rate - hand CLOSED

Thumb Index Middle Ring Pinky Total (%)

FP / Total 9/68 9/68 22/65 48/68 13/69 101/338
Rejection (%) 86.8 86.8 66.2 294 81.2 70.1
(vs SDTW) 4.4 2.9 6.2 -1.5 5.8 -4.1

Figure 3.39. Spatial-correction ablation, finger movements rejection rate per

gesture, hand CLOSED, against the full Spatial DTW algorithm.
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Results

Cued-position absence from the top-3 templates (per cued position)

[ True positives
[ Errors (missed + unstable)

100% 100%

1004

80

601

404

204

% events with cued position absent from top-3

Cued arm position

Figure 3.40. Fraction of events, per cued arm position, for which the cued po-
sition’s own templates were absent from the three closest templates used in the
distance aggregation, separated by correctly detected events (true positives) and
errors (missed and unstable). Note that several positions have very few error events
(e.g. position D: 1/1, position I: 0 errors), so the percentages for these positions
should be interpreted with caution.

Fewer templates per position preserve TPR (16 subjects)

098.3% 98.4%
98 - e
97.0% A-0.1
96 -
b
o
[
£ ,93.6
A-48
92 -
90 - == Cohort (pooled)
1 2 3 4 (full)

Templates kept per position

Figure 3.41. Cohort Correct Detection Rate as a function of the number of
templates retained per position and class, from the full four down to one.
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3.7 — Offline Results

ABFGI protocol - Phase 2a Correct Detection Rate per arm position

A B C D E F G H 1 J Total (%)

TP / Total 183/187 185/189 178/185 179/190 179/185 185/190 186/191 168/183 182/188 171/182 1796/1870
CDR(%) | 97.9 | 97.9 | 962 | 942 | 968 | 97.4 | 97.4 | 91.8 | 96.8 | 94.0 96.0
wseorwy | 21 | 05 | 33 | 42 | 17 | 21 | 11 | 45 | 32 | -23 -2.5

Figure 3.42. ABFGI protocol, main experiment Correct Detection Rate per arm

position, using templates from only five arm positions (A, B, F, G, I), against the
full ten-position Spatial DTW algorithm.
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Chapter 4

Discussion

This thesis presented the novel Spatial DTW, a posture-robust, sEMG-only algo-
rithm for 1-DoF myoelectric control of a hand orthosis, and validated it across 16
healthy subjects, ten ADL arm positions, and two SCI patients. With the main
experiment, the algorithm achieved a cohort Correct Detection Rate of 98.4% and
an Arm Movements False Positives Rejection Rate of 97.4%, a strong number on
its own, given the total number of events (1905 and 608 respectively). Robustness
to non-target wrist and finger movements was likewise high, and the algorithm sub-
stantially outperformed a CatBoost-based continuous classifier, the existing state
of the art within the MyoGestic framework, particularly on distractor rejection.
Reduced-calibration variants retained most of this performance, and a pilot one-
week retest showed only minor degradation. Two SCI patients achieved 90.3%
and 88.0% Correct Detection Rates under a simplified protocol. The remainder of
this chapter interprets these results, discusses the algorithm’s failure modes, and
situates the findings within the broader myoelectric control literature.

4.1 Robustness Across Activities of Daily-Living

The main experiment’s 98.4% cohort CDR reflects strong posture generalisation,
and the per-position error breakdown (Fig. 3.4) shows this is not driven by a small
number of catastrophic positions: errors are distributed across most positions, with
pos. J (cross-body) and H (hand to head) showing the highest instability counts. J’s
relatively poorer performance is plausibly related to it being kinematically the most
distinct of the ten positions, a full cross-body reach differs substantially from the
other nine, which are largely front-facing or lateral movements, and may therefore
be less well covered by templates recorded at neighbouring postures. On the other
hand, position H combines shoulder abduction and elbow flexion, which together
could be a source of different EMG patterns or increased electrode shift. Two of
the four positions with an extended elbow, A (rest) and I (overhead reach), were in
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fact the only fully error-free positions in the main experiment; although the other
two extended-elbow positions, D (forward reach) and F (lateral pass), still showed a
small number of errors, the elbow-flexion may be a contributing factor alongside the
compound shoulder-elbow demands specific to position H. The whole experimental
design tried to highlight position B (table reach) and G (hand to mouth), the
only two positions in which the wrist and finger distractor were tested, and no
remarkable instabilities occurred in this two postures; an important result, as this
two positions combined represent the act of grasping something on a table and bring
it to the mouth, i.e. the acts of drinking and eating, two of the most important
ADL activities. Throughout the experiments, spurious spikes in the EMG signal
were noted during the sessions for S8, S9, S13, and S16, likely due to loss of contact
from one or more electrodes. Since the single-differential derivation is performed
in real time, if one of the two longitudinally adjacent electrodes suddenly lost skin
contact, its signal shifted to zero, and the difference between the two channels
became the monopolar signal of the electrode still in contact. This produced a
spike in the EMG, as the monopolar signal has higher amplitude, containing more
information as well as common-mode noise. This could plausibly cause latency or
missed detections, and is likely a contributing factor to S13’s higher latency. S13
was also the only subject to ever produce instabilities during arm movements and
wrist movements in the CLOSED state, and the source of this outlier result could
be related to its EMG signal quality. The same S13 was in fact the only subject to
not pass the mug-holding experiment.

During repositionings, out of 16 errors, 14 occurred when the hand was in the
OPEN state (Fig. 3.7); this, paired with the results of the wrist-distractor test
(Section 2.3.10), confirms the OPEN state was the less robust of the two. It is
important to note, however, that 38.2% of all errors pooled together from the main
experiment (18 out of 47) came from instabilities during the OPEN state of S2,
who was also the subject achieving the lowest rejection rate of wrist movements
while keeping the hand open (62.5%, accounting for 6 of the total 8 errors from
all subjects in this phase). Reviewing the videos of the experiment, it can be
observed that the subject performed the task of opening the hand and keeping it
open with what appeared to be a near-continuous, isometric finger extension, or a
co-contraction, almost over-extending the fingers. This behaviour could plausibly
explain the OPEN state’s lower robustness, if the co-contraction produces an EMG
pattern more similar to the activation seen during hand closing. No quantitative
EMG-pattern analysis was performed on S2’s recordings, however, leaving this an
open question.

The wrist- and finger-distractor results point to two qualitatively different fail-
ure mechanisms. Wrist movements were rejected well overall, consistent with the
premise that the wrist flexor and extensor compartments, while adjacent to the
finger flexors, are not spatially and temporally identical to them, even if their posi-
tion in the forearm overlaps with the finger flexors and extensors. Pilot experiments
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4.2 — Comparison with States of the Art

carried out during the early stages of this work, using the CatBoost classifier al-
ready available within MyoGestic (Section 1.6.2), had flagged wrist movements as
a major source of false positives; Spatial DTW, by contrast, was found to reject
these movements almost entirely.

Finger movements were markedly harder, particularly with the hand closed
(Fig. 3.17), where the ring finger was the single worst-performing gesture (33.3%
rejection rate). This is plausibly explained by the limited functional independence
of the ring finger relative to the other digits: movements of the thumb, index,
and middle finger are typically more individuated than movements of the little or
ring fingers (22), consistent with the ring finger’s extension being mediated largely
through the same shared extensor mechanism responsible for whole-hand opening,
rather than through an independent muscle. Isolating ring extension without par-
tially recruiting this shared mechanism is therefore mechanically difficult, which
plausibly explains why the resulting activation pattern is so often mistaken for a
genuine hand opening. It is also worth noting that isolated ring-finger extension
while the rest of the hand remains closed is not itself a common activity of daily liv-
ing; this gesture was included in the test battery specifically to probe a worst-case
scenario, and its low rejection rate should be weighed accordingly.

The mug-holding experiment (Sections 2.3.12 and 3.4) showed that the algo-
rithm performs correctly even while the hand holds a heavy object, such as the
ceramic mug used, without the predicted hand opening. This is a behavioural con-
sequence of the design choice to detect discrete events rather than a continuous
prediction: even though holding a mug is intrinsically a muscle activation the algo-
rithm was not explicitly trained for, as long as the activation produced by holding
the mug differs from the one produced by opening the hand, which this experiment
demonstrates, the predicted hand does not open. However, since the templates
were recorded without the subjects holding any object, i.e. "grasping the air", the
algorithm trained like that is expected to detect a grasp of a real object only if
the object is thin enough so that the movement recreated is similar to the closed
templates. It has not been quantified, but in pilot experiments, grabbing a glass,
a wide object which does not require the hand to fully close, resulted in most of
the times in a missed closing. The EMG-activation generated by simply closing the
hand and grasping an actual, wide object is therefore different.

4.2 Comparison with States of the Art

Spatial DTW outperformed the CatBoost baseline by a wide margin on every met-
ric. On the wrist-distractor test, CatBoost’s rejection rate for wrist flexion in the
OPEN state was only 12.5% (Fig. 3.31), meaning a voluntary wrist flexion pro-
duced a false hand closure in roughly nine out of every ten instances, against a
98.2% rejection rate for the same gesture under Spatial DTW (Fig. 3.10). This gap
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is large enough that it should not be read simply as a better classifier, but as a
consequence of a fundamental design difference: CatBoost judges each 9 ms win-
dow independently, with just a post-prediction filter for some sustained temporal or
spatial consistency, while Spatial DTW requires agreement across a full second of
signal, five consecutive votes, and spatial consistency with the calibrated templates
before committing to a state change. This outperformance was, to some extent, ex-
pected: pilot experiments carried out during the early stages of this work, using the
CatBoost classifier already available within MyoGestic (Section 1.6.2), had flagged
wrist movements as a major source of false positives; Spatial DTW, by contrast,
was built to reject these non-target movements and did almost entirely. CatBoost
was designed within MyoGestic to maximise the number of decodable degrees of
freedom under a continuous-control paradigm, not to reject non-target activity, so
the comparison primarily illustrates the cost of that design choice rather than es-
tablishing Spatial DTW’s superiority over discrete, temporally-aware methods in
general. It is also worth reiterating that the comparison is not symmetric in cali-
bration burden: even though the actual amount of data used by the two algorithms
is the same, CatBoost requires only a session of approximately 80 seconds, against
roughly 15 minutes of session for the full Spatial DTW protocol, a trade-off the
position-aware design of this thesis is explicitly intended to justify, and one that
an automatic template-management strategy (discussed below) could further miti-
gate. A more demanding comparison would benchmark Spatial DTW against other
posture-robust or discrete-gesture architectures explicitly designed for false-positive
rejection, such as the wake-gesture DTW system of (20) or the LSTM-based archi-
tectures evaluated by (11); this was beyond the scope of the present work and is
left for future comparison.

4.3 Algorithm and Design Choices

A direct mechanistic explanation for the algorithm’s general posture robustness
comes from the template-proximity analysis (Fig. 3.40): in 46.7% of correctly de-
tected events overall, the cued arm position’s own templates were not among the
three closest matches used by the distance-aggregation rule (Section 2.2.5), and a
comparable proportion (44.8%) of error events had the cued position absent from
top-3. This indicates that the algorithm does not depend on strict same-position
template matching to succeed; templates recorded at nearby or kinematically sim-
ilar postures appear to substitute adequately for one another. This interpretation
is consistent with the modest cost of the five-position ABFGI protocol (Fig. 3.42,
a 2.5-percentage-point drop in CDR): if templates share information across pos-
tures, a sparser but well-distributed set of calibration positions can cover much of
the same operating space as the full ten. The templates-reduction analysis showed
that the number of templates per position can be reduced from four to three at
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essentially no cost (a 0.1-percentage-point drop), while reducing further to two or
one incurs increasing losses (1.4 and 4.8 percentage points respectively). Together,
these analyses might suggest the current calibration protocol is more conservative
than strictly necessary for the level of performance achieved. Regarding the in-
fluence of the spatial correction, removing this layer reduced the main-experiment
CDR by 6.5 percentage points overall, and produced comparable losses in distractor
rejection. Its contribution was not uniform: the benefit was consistently larger for
the OPEN-state distractor tests than for the CLOSED-state finger-distractor test,
and the ring finger remained the dominant source of error even with the correction
active. This asymmetry is consistent with the correction’s underlying mechanism:
it penalises templates whose spatial activation pattern disagrees with the live signal,
and is therefore most effective against confounds that are spatially distinct from
the target movement, as is largely the case for wrist rotations and deviations, but
offers comparatively little protection against confounds that share substantial mus-
cle synergy with the target gesture itself. While one concern regarding this layer
was the possibility that it would overtook the Dynamic Time Warping mechanism
underlaying, this study instead demonstrates the spatial correction’s overall contri-
bution was nonetheless consistently positive, never degrading performance relative
to plain cosine DTW, confirming it as an additive layer that complements rather
than competes with the base DTW distance.

4.4 Clinical Deployment

The two SCI patients achieved Correct Detection Rates of 90.3% and 88.0% (Fig. 3.29),
meaningfully lower than the healthy cohort’s 98.4%. Part of this gap is expected
and not directly comparable to the healthy-subject results: the patient protocol
used a single fixed posture rather than the full ten-position battery, and both ses-
sions were shortened by fatigue. The remaining gap likely reflects genuinely less
consistent voluntary EMG activity in patients with impaired hand function. It is
worth noting, however, that of the total 6 errors, 5 were missed events, with the
patients attempting the movement but no transition being detected; in terms of
robustness, missed events represent a more benign failure mode than instabilities
or false positives, since they do not risk an unintended actuation of the orthosis.
These results should be read as a proof of concept that the Spatial DTW algorithm
works on EMG from SCI patients, and as a pilot step toward an eventual clinical
deployment of this algorithm.

The one-week pilot retest (Fig. 3.28) showed only a small overall change in
performance, driven almost entirely by S6, whose second-trial latency distribution
is visibly wider and shifted higher than the first, while S5’s distribution changed
only marginally between sessions. The sample size (two subjects) is too small
to draw general conclusions about long-term calibration stability but, again these
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results are promising and suggest that a single calibration session can remain valid
over short timescales without requiring a substantial re-tuning.

Two of the algorithm’s tunable parameters offer a direct and concrete route
toward improving robustness for an eventual clinical use without any major change
to the underlying method. First, since the per-class thresholds are independently
calibrated (Section 2.2.5), a clinical deployment could deliberately favour missed
events over false positives by lowering the thresholds further, especially for the
closed state: once the subject grasps an object, raising the specificity over the
sensitivity reduces the the possibility of dropping the object due to a false opening,
at the cost of requiring the user to occasionally repeat the gesture of opening when
it actually wants to. Second, although reducing the number of templates was shown
not to produce drastic performance losses, this should not be read as a reason to
minimise the template bank in a real deployment: since the distance-aggregation
rule selects only the three smallest per-class distances, additional templates beyond
this minimum do not dilute the decision, provided the two classes remain well
separated. A larger and more diverse template bank, spanning more postures,
grip variations, or movement speeds, could in principle only improve robustness at
negligible cost to accuracy. Since it’s being proven less templates can still achieve
>90% accuracies, an hypothetical final product could be initialized with a first
calibration consisting in a limited number of templates (to reduce the calibration
burden); some transitions will likely still be detected and, since the templates and
the real-life gestures are the same, a system which recognizes the correctly detected
activations could automatically add them to the set of templates, continuously
adding more templates, improving the performance and keeping it high over time.
The same automatic system could at the same time be responsible of deleting the
most outdated or less used templates to keep the set balanced.

The algorithm latency was expected to be around one second, since the al-
gorithm intrinsically relies on similarity between one-second-long windows. The
average latency being substantially smaller than a second demonstrates the value
of extracting templates that capture not only the movement itself but also its
onset, the preparation phase anticipated by 200 ms during template extraction
(Section 2.2.2). A plausible explanation for this sub-second detection lies in the
warping flexibility of DTW itself: while a template is composed of roughly 20%
onset and 80% sustained activation, the live buffer at the moment of detection
is likely composed of the opposite proportion, mostly residual rest or onset signal,
with only a small, recently accumulated fraction of genuine activation at its trailing
edge. Because DTW does not require a strict sample-by-sample correspondence,
the alignment path can compress the template’s activation segment against this
small but growing fraction of real signal in the live buffer, allowing the cumula-
tive distance to fall below threshold before a full second of movement has actually
occurred in real time.

A further consideration for real-world use concerns the nature of the calibration
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templates themselves. As noted in the discussion of the mug-holding experiment,
the templates used in this experiment were recorded during unresisted, “grasping
air” movements, whereas an orthosis actuating against a real object requires the
user to sustain what is closer to an isometric contraction against genuine mechanical
resistance. The EMG activity underlying a sustained isometric contraction can
differ from that of a dynamic, unresisted movement, in amplitude, in the balance
between agonist and antagonist activation, and potentially in spatial recruitment
pattern, a factor any clinical calibration protocol would need to account for.

4.4.1 Limitations - Future Work

The patient cohort was small (two participants) and tested under a simplified,
single-posture protocol. The temporal-stability analysis involved only two subjects
over a single one-week interval. Several subject-specific observations in this chap-
ter, particularly regarding S2 and S13, are based on qualitative impressions from
the experimental sessions rather than quantified signal-level analysis, and would
benefit from further investigation of the raw EMG data. The mug-holding experi-
ment was evaluated qualitatively and is intended as a usability check rather than a
quantitative validation. The current calibration templates, recorded without resis-
tance, may not fully anticipate the isometric contraction conditions of real orthosis
actuation, as discussed above.

The latency of the algorithm is higher than the delay generally considered opti-
mal in the literature for continuous myoelectric control, approximately 100-125 ms,
with controllability degrading noticeably beyond this range (23). However, half a
second can be considered good enough for the 1-DoF discrete control of an orthosis
that helps patients open and close their hand, a task that rewards a correct, stable
decision over an instantaneous one. The higher latency is accepted as a trade-off to
maximise the robustness of the decision, since the state machine requires sustained
agreement across a full second of signal and five consecutive votes before committing
to a change of state (Section 2.2). However, given how the whole framework was
designed around this trade-off, extending the algorithm to multi-DoF continuous
control would be considerably more difficult: a continuous controller cannot tolerate
the same sub-second commitment delay without becoming visibly unresponsive, so
achieving both robustness and the shorter latency required for continuous control
would likely require a substantially different decision architecture.

As previously mentioned, the algorithm’s architecture itself is a pipeline of sev-
eral sequential stages, temporal alignment, spatial correction, aggregation, and
thresholding, each involving its own subjective design choices, such as the specific
saturating function used in the spatial correction layer (Section 2.2.4). The result
is therefore a sum of different choices, in terms of values of different parameters of
each layer, manually (and were possible semi-automatically) tuned with the goal
of achieving the best performance possible. The offline results demonstrates each
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layer is not dominantly influencing the performance, instead contributes to improve
the accuracy and robustness of the framework. On the other hand, each layer is
dependent from choices (e.g. value of the thresholds, template extraction methods,
length, spatial correction function parameters) which in this exact experiment were
fixed to a value but are yet to be optimized: each combination of different values
could affect the resulting performance, and there might be combination of tunings
which can obtain even better results. Considering that an important requirement
for a limb prosthesis or orthosis is its simplicity in usage and setting, a more ele-
gant alternative would optimize this value so that the parameter tuning becomes
objective rather that subjective. For example, defining a single, jointly-optimised
functional capable of aligning all channels simultaneously while integrating their
spatial relationships directly into the alignment cost, rather than treating temporal
and spatial similarity as separate, sequentially-combined stages, would already re-
duce the amount of parameters derived from the cosine-DT'W and spatial correction
layers alone.

Several other directions can be the natural follow-up to this work. Embedding
the algorithm directly on the orthosis hardware, rather than running it on a labora-
tory laptop, is a necessary step toward untethered daily use. As discussed above, an
automatic template manager, periodically discarding the most outdated or outlier
templates and replacing them with recent correct detections, could reduce the need
for full manual recalibration over time. Similarly, an automatic thresholding mech-
anism, adjusting the per-class thresholds in response to changing conditions such
as skin-electrode impedance, could improve robustness without requiring manual
retuning. A future calibration protocol may also need to include representative
isometric holds against real or simulated resistance, rather than relying solely on
unresisted movement templates, to fully anticipate the EMG conditions of real
orthosis use. A larger and more diverse patient cohort, tested across multiple
postures, would be needed to properly assess the postural-robustness claim in the
target clinical population. Finally, extending the framework beyond a single de-
gree of freedom, for instance to include a pinch gesture, would move the system
closer to the multi-gesture control needed for full clinical utility while preserving
the robustness from the discrete gesture detection approach.
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Chapter 5

Conclusion

This thesis addressed two of the most persistent barriers to the clinical deployment
of myoelectric hand orthoses, the limb-position effect and robustness to false acti-
vations, by proposing Spatial DTW, a posture-robust, state-machine-based 1-DoF
myoelectric control algorithm built on a spatially-corrected adaptation of Dynamic
Time Warping. The algorithm was implemented within the MyoGestic framework
and validated across 16 healthy subjects, ten activities-of-daily-living arm positions,
and two spinal cord injury patients.

Taken together, these results support Spatial DTW as a viable, lightweight al-
ternative to more data-hungry or sensor-heavy approaches to myoelectric control:
posture-robust, resistant to most non-target activity, requiring only surface EMG,
and workable on clinical signals from spinal cord injury patients. Relative to the
DTW-based approaches it builds upon, Spatial DTW extends single-posture, single-
gesture designs with a multi-position, multi-template calibration bank and a spatial
correction layer explicitly targeting confounds that share musculature with the tar-
get gesture, and achieves comparable or superior robustness on a substantially more
demanding, bidirectional control task. Its main limitations, restriction to a single
degree of freedom, dependence on fixed calibration templates and thresholds, and
calibration on unresisted movements that may not fully anticipate the isometric
contraction required to actuate a loaded orthosis, define a clear set of next steps:
embedding the algorithm on the orthosis hardware for untethered use, an auto-
matic template-management mechanism to ease long-term recalibration, and an
adaptive thresholding scheme responsive to changing acquisition conditions. Ad-
dressing these would move Spatial DTW from a validated proof of concept toward
a deployable component of a clinically usable neuroprosthetic hand orthosis.
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