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Abstract

Brain-computer interfaces offer a direct communication pathway between the nervous system and

external devices, promising transformative applications in neurorehabilitation and assistive tech-

nology. Among non-invasive modalities, surface electromyography has emerged as a prominent

solution, leveraging the muscle as a biological amplifier to provide a high-fidelity, accessible read-

out of motor intent. However, widespread adoption is hindered by surface electromyography vari-

ability across conditions, with particularly severe performance degradation observed in subject-

specific models due to electrode displacement across recording sessions. Existing solutions typi-

cally rely on prohibitively large-scale data collection or strenuous calibration procedures.

This thesis aimed to develop machine learning approaches that ensure robust intersession gen-

eralization without resource-intensive data collection. Initially, spatial data augmentation using

high-density surface electromyography channel subsets was evaluated using a publicly available

gesture classification dataset. The approach yielded poor final performances, achieving less than

45% accuracy for classification between eight sustained hand gestures. Consequently, the Spa-

tial Adaptation Layer was introduced: an interpretable, input-based domain adaptation approach

designed to virtually correct electrode displacement.

Validated on two independent public datasets with surface high-density electromyography record-

ings during sustained hand gestures, the introduced layer achieved significant performance im-

provements over state-of-the-art methods. Specifically, it provided a > 30% accuracy improve-

ment when using a sparse calibration set of only one sustained gesture. To demonstrate its

versatility, this framework was extended to the domain of motor unit decomposition. Validated

on both phenomenological simulations and experimental data, the proposed adaptation method

significantly reduced simulated electrode displacement (median post-calibration displacement of

< 0.25 mm) and enabled the tracking of the majority of originally decomposed motor units. Col-

lectively, these contributions establish a versatile, computationally efficient framework for han-

dling electrode displacement, facilitating reliable neural interfaces for longitudinal use.
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SNR = 10). Given synthetic sEMG at different fc values, a translation of (Ty0 =

−0.8cm,Tx0 = 0.6cm) was applied. Subsequently, the normalized negentropy
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pipeline in Figure 5.2, considering 400 Spatial Adaptation Layer (SAL) corrective

translations from a grid within the range Tx,Ty ∈ [−1.0cm,1.0cm], resulting in

the above heatmaps. Even as the spatial bandwidth increases, the blind source

separation optimal region remains significantly different from other regions in the

landscape, suggesting a single, robust global optimum. . . . . . . . . . . . . . . 118
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5.4 Motor unit (MU) decomposition performance metrics for Experiment I, with sim-

ulated HD-sEMG and spatial transformations. The RoA, %MU Tracked, and aver-

age electrode distance post-adaptation (d cm) were obtained for different optimiza-

tion methods, signal-to-noise ratio, and spatial lowpass cutoff frequencies. While

performance was usually high for mid-range values of fc, drops in performance

were observed for higher and lower values of fc, an effect that was exacerbated by

lower signal-to-noise ratio. As expected, without adaptation, the number of MUs

tracked is approximately 0 across all conditions. . . . . . . . . . . . . . . . . . . 119
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a 25% MVC contraction. To each HD-sEMG grid, a translation sampled from a
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sampled from (Tx,Ty ∈ [−1.0cm,1.0cm]), resulting in the above heatmaps. Sam-

pled negentropy estimates were normalized by negentropy prior the spatial per-

turbation, a practical performance upper bound. In experimental recordings from

healthy subjects and decomposed manually edited motor units, the blind source

separation optimal region remained distinct as a robust global optimum. . . . . . 120
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Chapter 1

Introduction

1.1 Problem Definition

Human-machine interfaces (HMIs) involve the conversion of human intent into commands that

can be processed by computer software. A large portion of HMIs are mechanical, such as com-

puter keyboards and mice. Whenever humans interact with the external world, the nervous system

generates and transmits high-dimensional commands that constitute intention, often limited by

low-dimensional interfaces, such as a joystick. Thus, over recent decades, numerous interface

modalities have been developed to extract human intent directly from the dynamics of the ner-

vous system. These are known as neural interfaces, or more specifically brain-machine interfaces

(BMIs) when neural information is extracted from the central nervous system (CNS).

Through direct interfacing with the CNS, BMIs have the potential to replace the need for an

intermediary mechanical interface between humans and machines, providing a large number of

natural degrees-of-freedom, even for users with motor impairments [17]. In particular, while the

CNS contains information about numerous human functions, motor commands are relatively more

objective than complex and abstract thoughts and have a high degree of spatial consistency in the

motor cortex. Thus, a large number of BMIs have been developed to extract motor intent, primarily

by measuring the electrical activity in target neuronal populations [17].

However, even within the scope of motor intent, these neural phenomena are encoded in the ac-

tivity of billions of neurons, most of which are located within the bony enclosure of the cranium,

making their extraction a non-trivial problem. While intracortical arrays provide the readout of

single-neuron activity for tens to hundreds of neurons with high-temporal resolution, their inva-

siveness and need for surgical procedures render them impractical for daily use. Furthermore,

while electroencephalography (EEG) measures cortical activity non-invasively from the scalp, the

volume conduction effects of the skull and scalp result in EEG measurements only capturing the

aggregated activity of millions of neurons, providing low spatial resolution.

One promising modality is surface electromyography (sEMG): the non-invasive measurement of

electrical activity on the skin surface from muscles, originating from motor neurons. Unlike other

non-invasive sensing modalities, sEMG targets the peripheral nervous system, leveraging the mus-
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cle as a biological amplifier. Since a single spinal motor neuron innervates hundreds to thousands

of muscle fibres, its activation generates a large, aggregated electrical response that is easily de-

tectable from the skin surface. Furthermore, because the nervous system converges billions of

cortical neurons onto a much smaller pool of spinal motor neurons, sEMG provides a lower-

dimensional, high signal-to-noise ratio (SNR) readout of motor intent [41].

The mapping of sEMG to motor intent enables numerous downstream applications, such as natu-

ralistic interaction with augmented/virtual reality (AR/VR) systems [83] and the intuitive control

of prosthetic limbs and exoskeletons by amputees [108]. Crucially, sEMG offers unique capa-

bilities for populations with motor impairments. For instance, the majority of spinal cord injury

(SCI) subjects exhibit detectable residual activity from sEMG, even in cases of complete paralysis

(no movement) [102]. Similar observations were made based on the residual activity of stroke

survivors [145]. Thus, sEMG can provide invaluable information about residual motor commands

during neurorehabilitation through biofeedback, as well as be used as an interface to control assis-

tive devices, scenarios where mechanical interfaces provide limited to no information about motor

intent.

One of the primary ways to extract motor intent from sEMG is through machine learning, a frame-

work of methods that learns a mapping from sEMG recordings to motor quantities of interest. In

supervised machine learning, recordings are acquired jointly with labels (supervision signals), of-

ten denoting discrete movements such as hand gestures1 or continuous measurements such as joint

angles and forces [156]. In unsupervised learning, instead of labels, prior knowledge of sEMG bio-

physics and motor control is leveraged to map sEMG to physically interpretable representations,

such as extracting the low-dimensional degrees of freedom underlying movement generation [12].

One prominent unsupervised learning framework applied to sEMG is motor unit decomposition,

which uses known statistical properties of neural activity to extract the discharge times of a subset

of task-relevant neurons [116].

Numerous machine learning methods demonstrate high degrees of intrasession generalization:

high motor intent decoding performance when training and testing algorithms on recordings from

the same subject and recording session [39, 1]. However, despite machine learning methods yield-

ing robust predictions of motor intent for a large number of degrees-of-freedom in controlled

settings, most methods lack robustness in real-world conditions. Since machine learning provides

mappings based on the statistical distribution of sEMG observations, changes in sEMG properties

invalidate the original mapping. These algorithms often require time-consuming data collection

procedures for every new recording session, limiting their clinical and day-to-day use.

Ideal algorithms should exhibit intersubject generalization: accurate and robust motor intent de-

coding for any subject and recording session with minimal to no calibration. Anatomical differ-

ences across subjects, such as muscle geometries and subcutaneous fat thickness, result in large

differences in sEMG properties for the same electrode placement. These differences result in poor

performance across subjects when mappings are obtained from sEMG recordings from a small

1Throughout this thesis, the standard term gesture is used as a macro-level class label for configurations of sustained
isometric muscle effort rather than physical movement. See the front-matter Glossary for the complete methodological
definition.
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number of subjects [38, 83]. A recent study has shown remarkable improvement by training a

"generic" model on sEMG recordings from thousands of subjects, obtaining substantial perfor-

mance improvements across multiple motor intent decoding tasks [83]. Despite a leap in inter-

subject generalization, the personalization of generic models to individual subjects substantially

improved performances, suggesting a gap in intersubject performance still remains.

More importantly, sEMG mappings developed in this study are specific to the hardware used, thus

not directly applicable to other sEMG acquisition systems. The acquisition of sEMG recordings

from a large population requires a lot of time and resources, especially for patients with motor

impairments, limiting the practicality of the large-scale data collection approach within healthcare

applications.

A weaker, yet sufficient condition for practical sEMG motor intent decoding is subject-specific

intersession generalization: the accurate and robust subject-specific motor intent decoding for a

single subject with minimal to no calibration for new recording sessions. This simplification en-

ables the use of motor intent decoders on new recording sessions while bypassing the challenge of

anatomical differences. Despite the simplification, subject-specific generalization across recording

sessions is still limited by various confounding factors such as contraction level, limb pose, move-

ment technique and electrode displacement [156]. In particular, electrode displacement introduces

significant challenges, with a shift of even 1 cm severely degrading motor intent decoding perfor-

mance [63]. While numerous algorithms have been developed to mitigate intersession changes or

electrode shift explicitly, high-performing methods typically depend on an extensive amount of

calibration data [38, 44] or use processing methods that cannot be implemented in real-time [1].

Therefore, intersession generalization for practical applications remains limited.

1.2 Aims & Objectives

The aim of this thesis is to develop machine learning approaches to improve the robustness of

sEMG motor intent estimation without resource-intensive data collection efforts or impractically

strenuous calibration sessions. Since intersubject generalization appears to be highly dependent

on large datasets, this work only focuses on subject-specific intersession generalization. Given

the large amounts of previous studies and publicly available datasets [1, 38], I select hand-gesture

classification as the key task to explore robustness improvements. Given its relevance, this thesis

focuses on approaches that explicitly mitigate electrode displacement. These robustness improve-

ments should not be classification specific, but applicable to other sEMG machine learning tasks.

Thus, methods that show promise in gesture classification are also investigated in the context of

tracking motor units across sessions. Thus, my work can be broken down into three key parts:

I Intersession Generalization Method Development: Investigation of methods that extract

displacement invariant models, or alternatively, adapt electrode placement specific models to

new placements. Both methods aim to improve intersession generalization.

II Intersession Gesture Classification: Validation of implemented methods using multi-session

sEMG recordings from hand gesture classification tasks.
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III Longitudinal Motor Unit Tracking: Validation of methods that result in sufficient inter-

session generalization improvements in gesture classification to motor unit tracking across

sessions.

Figure 1.1: Thesis structure: a schematic showing the sequence of systematic steps undertaken
in this project, linking studies to each other and to the success criteria defined. sEMG array and
gesture set sub-figures were adapted from [38] and [1] respectively.

To measure the success of this line of enquiry, I define the following as success criteria:

I Response time: As in the canonical work from [39], I define an acceptable delay for win-

dowing/processing to be 300 ms, such that the delay is not perceptible by the user.

II Gesture Classification Performance: While difficult to define an accuracy threshold, I de-

fined an acceptable classifier accuracy to be ≥ 85%.

III Number of Calibration Gestures: While there is no agreement in what constitutes too many

calibration gestures (or repetitions), having to collect one repetition of every gesture can be

impractical for large gesture sets. Thus, I define the number of allowed calibration gestures

for adaptation as three.

IV Motor Unit Tracking Performance: Since there is not a substantial body of work on mo-

tor unit tracking across sessions, I defined the success criterion as matching or surpassing

performances reported in a previous intersession tracking study [100] that did not consider

electrode displacement. Thus, the aim is to obtain %MU Tracked to be ≥ 40%.

1.3 Thesis Breakdown

This thesis is broken down into 6 chapters, as shown in Figure 1.1. Beyond the introduction of the

project motivation and objectives in Chapter 1, Chapter 2 provides a literature review of relevant

past work in sEMG, including the neural origins of sEMG generation, acquisition devices, motor

unit decomposition methods as well as sEMG-based machine learning. Additionally, Chapter 2

covers past machine learning research that is either relevant or has directly been used in sEMG,
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such as classic methods of sEMG classification, novel architectures, and domain adaptation and

transfer learning methods, with a special focus on electrode displacement. Popular techniques for

electrode displacement mitigation and intersession generalization are also discussed in Chapter 2.

In Chapter 3, a novel method of leveraging high-density surface electromyography (HD-sEMG)

as a method of spatial data augmentation for more practical, low-density sEMG is explored as an

avenue for generalizing across sessions for subject-specific sEMG classification models. While

significant improvements are observed over the baseline, performance is not promising enough to

warrant further investigation, acting as an incentive to explore efficient adaptation methods.

In Chapter 4, inspired by Spatial Transformer Networks [78], I introduce the Spatial Adaptation

Layer (SAL): an interpretable approach to rapidly find the optimal spatial transformation that mit-

igates electrode displacement on a uniform sensor array, such as HD-sEMG. With a small number

of parameters and entirely preserving the original learned representations, subject-specific inter-

session performances after adaptation on a single gesture or even three gestures are substantially

higher than other popular intersession adaptation methods.

In Chapter 5, the SAL procedure I introduce in Chapter 4 is extended to motor unit decomposition

to enable the use of optimal separation vectors from one recording sessions to decompose another

session. This is crucial in the context of motor unit tracking: consistent analysis of the same motor

units across sessions. This is validated on phenomenologically simulated HD-sEMG, as well as

experimental recordings acquired from healthy subjects. The method proposed exhibits strong

tracking performance within a range of realistic conditions.

In Chapter 6, I discuss the implications of the most crucial findings in the wider context of HD-

sEMG applications, summarize the work carried out, its limitations, and future lines of work.
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Chapter 2

Background

2.1 EMG: A Non-Invasive Glimpse Of The Nervous System

2.1.1 Voluntary Movement Generation

The nervous system is the primary communication network of the body, and primarily transmits

and receives information with specialized cells known as nerve cells or neurons. When the mem-

brane potential of a neuron, fluctuating about its resting potential, exceeds a certain threshold, an

all-or nothing event known as an action potential (AP) is generated and propagates through the

axon of the neuron. Once the AP reaches the synapse, neurotransmitters are released and bind

to receptors in the dendrites of receiving neurons, resulting in membrane potential modulations

[42]. Given the all-or-nothing property of APs, the initiation of an AP is commonly referred to

as a "firing", "discharge" or "activation". With an interconnected network of billions of neurons,

numerous complex commands are simultaneously transmitted. The nervous system is composed

of the brain and the spinal cord, jointly known as the central nervous system (CNS), as well as an

additional complex network of nerves and ganglia, composed of primarily neurons, known as the

peripheral nervous system (PNS).

In movement generation, with the involvement of multiple parts of the brain, a motor command

signal is synthesized in and sent from the primary motor cortex (M1) through upper motor neurons

(UMNs) The M1 has a somatotopic representation: different parts are associated with the control

of different muscles in the body. From the M1, UMNs transmit motor commands (efferent signals)

to interneurons or directly to lower motor neurons (LMNs) either in the brainstem (head, neck and

face) or the spinal cord (body and limbs). In particular, one sub-type of LMNs known as alpha

motor neurons (α-MNs), carries these signals to the respective muscles. Each α-MN always

activates the same subset of muscle fibres, jointly referred to as a motor unit (MU), resulting in

muscle contraction. After movement execution, sensory receptors send signals from the PNS back

to the CNS (afferent signals) for movement execution feedback. With different sensing modalities

and levels of the nervous system, different proxies of motor intent can be extracted without the

need for any dynamics or kinematics measurements.
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2.1.2 Brain-Machine Interfacing

Typically, most brain-machine interfaces (BMIs), i.e. systems that translate neural information

into computer control commands, have similar working principles. Signals are detected, amplified

and filtered. While not exclusively, BMIs predominantly measure the potential difference between

some neurofunctional tissue and a reference to track an aggregation of the dynamics of propagating

APs of the underlying neuronal population. From the detected signals, various algorithms can be

used to infer motor intent, which can then be used as control signals for different assistive devices

or neurorehabilition feedback [17].

Direct Brain Interfacing

Given the relevance of the brain in the CNS in motor planning and command transmission, there

are numerous BMIs that aim to capture the best possible representation of the activity in the

M1. Invasive micro-electrodes have historically established the baseline for high-fidelity control,

detecting single-unit activity (SUA), multi-unit activity (MUA) or local field potentials (LFPs)

[8]. While SUA provides high resolution activity of single neurons, MUA provides the activity

of a cluster of neurons, still detecting APs of nearby neurons. LFPs, on the other hand, provide a

low-frequency aggregation of a local neural population.

While such micro-electrodes detect highly relevant information for control tasks, its invasive na-

ture (electrodes that pierce through brain tissue) is accompanied by risks and consequently slower

research and development. A semi-invasive solution to this is the use of electrocorticography

(ECoG) [94], which places a thin film over the surface of the cortex, detecting an aggregation of

the activity of the underlying neuronal population. However, despite being less invasive, ECoG

still requires a craniotomy for every re-placement, suffering from similar downsides to the afore-

mentioned techniques.

Therefore, non-invasive BMIs have been used to detect brain signals from the surface of the scalp,

such as electroencephalography (EEG). Without a surgical procedure, these tools provide mea-

sures of slow cortical potentials, sensorimotor rhythms and evoked potentials (dynamic responses

to specific stimuli) [139]. Instead of measuring changes in electrical activity, BMIs have also been

implemented by measuring blood oxygenation in different tissues, such as for functional magnetic

resonance imaging (fMRI) and functional near-infrared spectroscopy (fNIRS) [13]. By measuring

blood oxygenation dynamics, active regions can be tracked during specific periods of time. While

EEG retains good temporal resolution, due to the high electrical impedance of the scalp, signals

acquired typically have low signal-to-noise ratio (SNR), only providing measurable signals for

activity aggregated over large neuronal populations. While fNIRS and fMRI experience higher

spatial resolution, due to the underlying processing, temporal resolution remains low, sometimes

referred to as the electromagnetic vs. haemodynamic trade-off, which can limit real-time applica-

tions [111].

23



Figure 2.1: During movements (or attempted movements), efferent commands are sent from the
central nervous system for force generation at the muscles. Using EEG sensors, high-fidelity
signals can be extracted from the skin surface, enabling numerous downstream brain-machine
interface applications (figure adapted from [104]).

2.1.3 Electromyography: A Window Into The Nervous System

As shown in Figure 2.1, efferent motor commands travel from the M1 through UMNs and interneu-

rons to α-MNs, which then innervate a fixed group of muscle fibres. When an α-MN activates, all

innervating muscle fibres in the MU obligatorily activate, making the MU the smallest functional

unit of force generation [57]. Fundamentally, an MU is a transducer that converts neural signals

into force generation. All the α-MNs that innervate the same muscle are known as a motor pool

or nucleus [67].

Furthermore, since when an α-MN activates, the muscle fibres it innervates also activate, the MU

amplifies the activity of a single motor neuron by the number of innervating muscle fibres (which

ranges from 10-1800 [67]). The aggregated activity from muscle fibres in an MU during activa-

tion is referred to as a motor unit action potential (MUAP). Hence, in surface electromyography

(sEMG), when electrical activity is sensed from the skin surface over the muscle of interest, ac-

quired signals are a naturally amplified, high SNR proxy measurement of efferent commands at

the spinal cord level. While not widely adopted in clinical applications, a signal processing ap-

proach referred to as MU decomposition can be applied to high-density surface electromyography

(HD-sEMG) to extract the specific times MUs are active, providing non-invasive measurements of

single neuron activity [116]. MU decomposition is discussed in more technical detail in Section

2.4.

One promising feature of BMIs, including sEMG, is that while subjects with partial or complete

motor impairments are not able to appropriately generate force, residual signals can still be de-

tected at the cortex and periphery. These signals can be acquired during attempted movements

and processed to decode motor intent. Residual sEMG activity has been detected in up to 64% of

clinically motor-complete spinal cord injury (SCI) patients [102]. More recently, even for severely

affected SCI patients, single MU activity extracted from HD-sEMG was shown to be volitionally
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modulated to control a virtual hand on a screen [119]. Additionally, from a sample of stroke pa-

tients with complete motor impairments, all subjects exhibited detectable sEMG activity [145].

Thus, sEMG provides a non-invasive, high temporal resolution and fidelity measurement that can

be leveraged to decode motor intent and power BMI applications, with detectable activity even in

patients unable to generate measurable force.

2.2 Biophysics Of EMG Generation

EMG is a measurement of the electric potential field generated by the aggregation of the depo-

larization of the outer muscle fibre membrane, known as the sarcolemma. The tissue between the

sources of the net electric potential field and the measuring electrodes, referred to as the volume

conductor, significantly affects the properties of the detected sEMG [45]. Thus, to analytically

understand the properties of EMG, both the signal generation at the sources and the effects of

volume conduction must be modelled.

2.2.1 Motor Unit Action Potential: Signal Generation

When a motor neuron activates, its AP is transmitted through the neuromuscular junction (NMJ),

generating a local potential gradient in the fibre near the midpoint, corresponding to an inward

current density or depolarization zone. Since the depolarization zone is significantly larger than

the width of the fibre, its propagation from the NMJ towards the fibre tendons’ endings can be

modelled by the line source model [45]. The propagating potential is known as the intracellular

action potential (IAP), and causes an ionic transmembrane current through the sarcolemma. In this

model, the muscle fibre is assumed to be a thin cylinder through which current only flows axially.

Given a change in length ∆z, the change in potential per unit length can be modelled at the outside

and inside of the fibre membrane as follows:

∂φe

∂ z
=−Iere,

∂φi

∂ z
=−Iiri (2.1)

where φe and φi are the extracellular and intracellular potentials, Ie and Ii are the extracellular and

intracellular currents, and re and ri are the extracellular and intracellular resistances per unit length.

Furthermore, given the conservation of current, the longitudinal rate of change of the intracelullar

current is given by:

∂ Ii

∂ z
=−im (2.2)

where im is the transmembrane current density.

Similarly, the longitudinal rate of change of the extracellular current is determined by the trans-

membrane current density, as well as the current density due to any indwelling electrodes:

∂ Ie

∂ z
= im + ip (2.3)
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To determine the potential gradient, the transmembrane voltage is computed as:

Vm = φi−φe (2.4)

Combining these relationships, the first and second derivatives of the transmembrane voltage can

be determined with respect to longitudinal length:

∂Vm

∂ z
=−riIi + reIe (2.5)

∂ 2Vm

∂ z2 = (re + ri)im + reip (2.6)

Thus, under the line source model, the second derivative of the transmembrane voltage (deter-

mined by the propagating IAP) is almost proportional to the transmembrane current density. From

this relationship, the transmembrane current density source (im) can be mathematical derived from

the known shape of the (Vm). The IAP is typically modelled through various approximations, each

consisting of depolarization, repolarization, and a hyperpolarization long afterpotential. Typically,

to constrain the generation and extinction of the IAP, the integral of the transmembrane current

density (im) over its longitudinal length is assumed to be zero. For instance, under the triangular

IAP approximation, its first derivative is a constant value for each phase, and its second deriva-

tive (i.e. transmembrane current density) is represented by a series of Dirac delta functions at the

change-point of each phase, referred to as a current tripole.

One model of propagation is the progressive appearance of this tripole at the NMJ and disappear-

ance at the tendons in both directions [35]. From different models under the same assumptions,

it can be shown that, unlike propagating waves in infinitely long wires, EMG signals at different

positions are not simply time-delayed versions of each other [45]. In particular, the disappearance

at the tendons introduces non-propagating components with different shapes at different locations

of the muscle, known as the end-of-fibre effects. IAP propagation also depends on the conduction

velocity (CV), an inherent property of a muscle fibre that shows a strong dependence on fibre

diameter. From different models of IAP propagation, the properties of the spatiotemporal distribu-

tion of the transmembrane current density can be investigated. However, to understand how these

properties relate to sEMG signals, volume conduction effects must also be considered.

2.2.2 Volume Conduction

The volume conductor acts as the physical transfer function that maps the transmembrane current

density (im) derived above to the detected EMG at different locations within the tissue. Since the

biological CV of IAPs is orders of magnitude lower than the speed of light, the assumption of

quasi-stationarity can be employed, simplifying volume conduction to an electrostatic problem. In

particular, this implies solving the Poisson equations in the electrostatics case, commonly referred

to in this context as forward equations [99]. Given the previously modelled transmembrane cur-

rent source density from a muscle fibre, as well as the conductivity of the surrounding tissue, the
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Figure 2.2: A schematic of the cylindrical model of volume conduction for the line-source model
of muscle fibres. Given the assumed geometry, volume conduction effects can be computed ana-
lytically (figure adapted from [107]).

solution to these equations is the potential at any point in space. For various approximations of

the tissue geometry, such as the cyllindrical model in Figure 2.2 these equations can be solved an-

alytically [49, 46]. Recent methods have used numerical methods to obtain anatomically realistic

EMG distributions from 3D tissue meshes constructed from segmented MRI scans [99].

From these models, it has also been noted that end-of-fibre potentials are considered far-field po-

tentials, decaying more slowly over space than propagating signals. This implies the prominence

of end-of-fibre potentials increases in EMG measurements with the distance from the source. This

greatly contributes to the problem known as cross-talk in sEMG recordings, where detected sig-

nals contain significant contributions from non-propagating components from non-targeted mus-

cles [45]. Through finite volume conductor models, it has also been shown that beyond signal

attenuation, the volume conductor acts as a spatial lowpass filter. These effects are dependent on

the conductivities of different tissue layers, their thickness, as well as the orientation of the tis-

sue relative to the source. Therefore, each location of skin over a muscle is a mixture of unique

spatiotemporal responses to sources deep within the muscle tissue. This highlights the sensitivity

of sEMG recordings to electrode displacement, as small deviations from the original location can

have large consequences on the volume conduction effects of all active sources.

2.3 Surface EMG Acquisition

As detailed in the previous section, the firing of MUs generates complex electrical potential dy-

namics that propagate through different layers of tissue. There are two primary levels at which this

activity is measured: semi-invasively using needle electrodes, referred to as intramuscular elec-

tromyography (iEMG), or non-invasively at the skin surface (sEMG). iEMG recordings provide

the gold standard for precisely locating the electrophysiological centre of specific MUs [135] and

offer the easiest path to MUAP separability due to their proximity to the source [93]. However,

the invasive nature of the implantation requires a complex, highly controlled experimental setup,

making long-duration or dynamic monitoring impractical. Therefore, the scope of this thesis is

solely on sEMG (wearable muscle sensors).
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2.3.1 Signal Instrumentation & Conditioning

In biological tissues, charge is carried by ions in electrolytes and electrons in metal conductors.

Therefore, the electrode serves a crucial function: it must be capable of transduction, converting

ionic current flow from the tissue into electronic current flow for measurement. This electronic

current is then fed into a differential amplifier to obtain a measure of the potential difference

relative to another electrode, either from an active location or a reference point. Beyond amplifying

the underlying signals, acquisition systems perform analogue signal conditioning, including anti-

aliasing filters, followed by digitization with an analogue-to-digital converter (ADC) [105].

For the commonly used wet (or gelled) electrodes, the transduction from ionic to electronic current

is mediated by an electrolyte gel. With these, ions from the biological tissue flow into the gel, and

through an electrochemical reaction with the electrode metal (often silver or silver chloride), result

in a propagated electronic current [105]. Some electrode designs are built to bypass the need for

a conductive gel or paste, either by using the body’s moisture as the intermediate layer, or by de-

pending on capacitative mechanisms. These latter electrodes are referred to as dry electrodes, and

while their placement is significantly more practical and has already been adopted in commercial-

grade sEMG devices [83], they often experience significantly higher contact impedance, leading

to various downstream complications.

Electrode-skin impedance significantly affects the SNR of the acquired sEMG signals. Firstly, an

increase in absolute impedance results in a decrease in the common-mode rejection ratio (CMRR),

which can lead to an excessive amount of common-mode noise in the signal. Secondly, higher

absolute impedances lead to a greater amount of thermal noise generated. Thus, skin-electrode

interface properties are vital to acquiring high-fidelity surface potential measurements. Lastly,

impedance mismatch across electrodes can lead to further complications since a differential am-

plifier is no longer able to perfectly cancel out the noise between them, further decreasing CMRR.

For instance, impedance is inversely proportional to the contact area, suggesting larger electrodes

will detect signals with greater SNR. However, not only do larger electrodes add a greater physical

constraint on how densely electrodes can be placed, but as long as the electrode-skin impedance

is lower than amplifier impedance, the contact surface approximately averages the surface poten-

tial [34], introducing spatial lowpassing effects on the acquired signals [49]. Thus, while higher

SNR is always desirable, such a property must be balanced with the tolerable amount of spatial

lowpassing for the downstream task. Furthermore, since the skin surface has variable properties,

skin preparation has significant effects on the measurement impedance. While stripping the sur-

face with tape and rubbing alcohol onto the skin did not lead to significant changes in impedance,

rubbing the skin with abrasive paste significantly lowered the impedance relative to all other treat-

ments [130].

2.3.2 Surface EMG Montages

Surface EMG signals are not acquired through single electrodes, but rather as a linear combi-

nation of more than one electrode (montages) and a series of differential amplifiers [47]. Such

montages can be interpreted as a form of spatial filtering, often used as spatial highpass filters to
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counteract the spatial lowpassing effect of volume conduction and increase spatial selectivity of

the recording. This framework can be leveraged to minimize the effects of noise present equally

across all channels (common-mode noise), such as powerline interference, as well as to minimize

the detection of electrical activity from nearby muscles, known as cross-talk.

The most traditional montage is the bipolar (single differential), which measures the difference be-

tween two electrodes a short distance (1-3 cm) from each other along the direction of the muscle

fibres, mathematically approximating the first spatial gradient of the surface potential [45]. Sig-

nals can also be acquired with a monopolar montage, which uses a far-away reference electrode.

Bipolar montages were shown to provide greater spatial selectivity, significantly reducing the ef-

fect of cross-talk for superficial MUs. However, for deeper MUs, the gradient of surface potential

was not large enough to be detected. The advantages and shortcomings of bipolar montages are

accentuated in double differential montages, which measure the difference between two adjacent

bipolar recordings, providing a measure of the second-order gradient of potential over the skin

surface [29]. The trade-off between differential and monopolar montages of spatial selectivity vs.

amplitude preservation of deeper MUs in 1D recordings highlights the need for more advanced,

2D acquisition and processing techniques.

2.3.3 Surface EMG Armbands

While single-channel recordings provide a measure of electrical activity of the muscles under-

neath the sensing region, downstream tasks often require discriminatory information from mul-

tiple muscles. Commercial myoelectric control systems (from the domain of prostheses control)

traditionally depended on an anatomically-oriented placement: placing sEMG electrodes directly

over the bellies of muscles of interest for the downstream task [55]. However, for popular control

strategies, was not significant difference in performance between an anatomically-oriented place-

ment strategy and an untargeted strategy was detected, where for the latter, the same numbers of

electrodes were placed at a constant interelectrode distance (IED) from each other along the cir-

cumference of the arm [56]. The apparent match in performance without the need of an expert

operator for appropriate placement inspired various future studies that adopted the circumferential,

untargeted placement [158, 86, 121].

This untargeted placement strategy likely informed the design of the Myo Armband: an 8-channel,

dry-electrode, low-cost consumer-grade sEMG armband [27]. Despite its low sampling rate ( fs =

200 Hz) likely introducing aliasing artifacts, myoelectric control performance was not significantly

different from the CONV system of bipolar electrodes [103]. Thus, its relatively low-cost, untar-

geted placement and dry electrodes propagated the use of the Myo Armband in numerous myo-

electric control studies [131, 103, 27]. Although the Myo Armband was discontinued in 2018, the

initial promise of commercial sEMG systems was arguably a great inspiration behind the sEMG

hardware developed for myoelectric control by CTRL-Labs, a company that was acquired by Meta

(formerly Facebook) and integrated into Reality Labs in 2019. Since then, with their proprietary

sEMG armband, Kaifosh, Reardon, and CTRL-labs at Reality Labs, (2025) achieved state-of-the-

art (SOTA) performance for myoelectric controllers that generalize across subjects through the

use of deep learning and a dataset of thousands of participants [83]. Further contributions were
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made with their two publicly available datasets, each containing sEMG recordings from hundreds

of subjects with their sEMG armband for various myoelectric control tasks [138, 143].

While Reality Labs showed the feasibility of developing myoelectric controllers that generalize

across subjects, as well as publishing datasets for myoelectric algorithmic development, such con-

trol strategies are only applicable to controllers using the same sEMG acquisition set-up as in the

originally collected dataset. Furthermore, the scale of the collected dataset (thousands of subjects)

is often prohibitively expensive to acquire outside of a commercial setting, as is often the case

for medical applications. For single-subject models, the same study reported significantly worse

performances across recording sessions, reflecting the lack of robustness of such myoelectric con-

trollers without sufficient data.

2.3.4 High-Density Surface EMG

Traditional sEMG acquisition set-ups focused on acquiring sEMG signals from one or multiple

locations with high temporal resolution. However, sEMG over the skin surface is modelled as a

three-dimensional signal: two spatial dimensions and one temporal dimension [46]. This implies

that low-density electrode placements such as for the aforementioned Myo Armband only capture

a small subset of the spatio-temporal dynamics of the underlying signal. A logical progression

is to increase the spatial resolution of acquisition set-ups, achieved by decreasing the IED. The

acquired signals with this increased spatial sampling density are referred to as HD-sEMG sig-

nals. Such high-density systems are typically acquired with two-dimensional uniform arrays (grid

with constant IED), providing time-varying images of the spatial distribution of electrical poten-

tial [106]. In HD-sEMG images, the value of a "pixel" is the measured sEMG value at a given

electrode location.

When digitally sampling a signal, to prevent aliasing, the sampling frequency must satisfy the

Nyquist-Shannon sampling theorem, given by fs > 2 fmax, where fs is the sampling frequency and

fmax is the highest frequency component present in the signal. This criterion provides a theoretical

guarantee that the sampled signal can be used to reconstruct the underlying analogue (continuous)

signal. In other words, the signal is sampled with sufficient density to capture all the information

in the signal. The temporal bandwidth of sEMG signals has been studied extensively, usually

assumed to be bounded by fmax = 500 Hz. Hence, common acquisition set-ups capture all the

underlying temporal information. Due to the complexity introduced with increased spatial density

of electrodes, the Nyquist limit of spatial sampling frequencies has been primarily investigated

in a simulation setting. Simulation studies utilizing single fibre potentials have demonstrated

that spatial aliasing is avoided when IED < 1 cm [106]. Since electrode surfaces have a spatial

lowpassing effect on the underlying signals [49], it is likely that IEDs higher than 10 mm can be

used reliably.

Given a small enough IED, HD-sEMG images can be safely processed as images, with extensively

studied methods from the domain of image processing. This has been used extensively for HD-

sEMG imaging to visually interpret the spatiotemporal variations across conditions over a muscle

[106]. From these images, image processing techniques can also be used to estimate motor intent

for myoelectric control, such as segmentation of active regions [136, 1] and image-based deep
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learning [38, 160]. Furthermore, the understanding of the underlying geometry can be leveraged

by explicitly accounting for spatial information. For instance, HD-sEMG over the forearm was

processed as time-varying images using the Watershed algorithm to determine the location of the

ulna, a location in space with low expected EMG activity [1]. The estimated ulna location was

used to calibrate myoelectric control algorithms by virtually readjusting the grid in space.

Lastly, when the IED is small, the number of channels in the vicinity of the same MUs is in-

creased, providing different perspectives of the spatiotemporal impulse response of a MU at the

skin surface. While for a single channel, the response of different MUs may appear similar, the

more channels in the vicinity of the MU, the better the response of each active MU can be dis-

criminated. This was investigated by measuring the normalized mean-square difference between

MUAP shapes of different MUs for experimental recordings and simulated EMG [53]. While a

single-channel did not provide enough information to reliably discriminate a significant number of

MUs, increasing the number of channels and density increased the number of MU pairs that were

supra-threshold. With enough discriminability between sources, blind source separation methods

were developed and extensively studied that estimate the discharge times and MUAP shapes of un-

derlying sources during isometric contractions [70, 116], a process known as MU decomposition

(see Section 2.4 for decomposition information). More recently, larger and denser grids resulted

in the decomposition of a more representative pool of MUs [15]. Thus, besides HD-sEMG im-

ages, denser recordings can provide a reliable window into the efferent motor commands for the

muscle(s) under the recording surface.

2.4 Motor Unit Decomposition: Interfacing With The Nervous Sys-
tem

2.4.1 Electromyography: A Window Into The Nervous System

MU decomposition separates the contributions of individual MU activity from EMG recordings.

From the simultaneous activity of MUs innervating a muscle, different properties of neural con-

trol of movement can be investigated. Classically, MU activity is extracted with the use of iEMG.

However, due to the invasive nature of intramuscular recordings, this approach is limited in prac-

tical applications and daily use. Thus, numerous methods have been developed to decompose MU

activity from sEMG recordings.

2.4.2 EMG Data Model

sEMG recordings measure the superposition of underlying activations of single-fibres, known as

single-fibre action potentials (SFAPs). The activation of a muscle fibre generate a propagating

potential from the NMJ towards the tendons. Since single-fibres have the same CV for the same

muscle, and can be seen as propagating synchronously under the assumption of sufficiently close

NMJ locations. By treating the simultaneous SFAPs as phase-locked, their aggregate response at

the surface level can be modelled as the joint response to a single MU discharge, referred to as a

MUAP [71]. Thus, sEMG is often mathematically represented as a linear convolutive mixture of

sparse sources, as visualized in Figure 2.3. This comes from the assumption that during stationary
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Figure 2.3: A visualization of the linear convolutive mixture data model typically assumed in
motor unit decomposition (figure adapted from [48]).

conditions, the MUAP of each MU is constant for a given channel. Given M channels and N MUs,

EMG at a discrete time point k can be represented for each channel as:

ym[k] =
N

∑
n=1

L−1

∑
l=0

hmn[l]tn[k− l]+wm[k] (2.7)

where ym[k] is the EMG observation at channel m, hmn(k) represents a MUAP of length L, tn(k) =

∑k f∈Ψn δ [k− k f ] is the delta spike train representing the firings of MU n and Ψn is the set of

discharge times of MU n, and wm[k] is additive noise. This model assumes that the average number

of samples between consecutive spikes is significantly larger than L.

Rather than computing convolutions directly, the same operation can be expressed as a matrix

multiplication through the extended matrix representation [70]. First, the extended representations

can be defined for the observations(ỹ[k] ∈ RMR×1), noise (w̃[k] ∈ RMR×1), mixing matrix (H ∈
RMR×N(L+R−1)), and spike train vectors (t̃[k] ∈ RN(L+R−1)×1):

ỹ[k] = [y1[k], ...,y1[k−R+1], ...,yM[k], ...,yM[k−R+1]]T

w̃[k] = [w1[k], ...,w1[k−R+1], ...,wM[k], ...,wM[k−R+1]]T

t̃[k] = [t1[k], ..., t1[k−R−L+2], ..., tN [k], ..., tN [k−R−L+2]]T
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H =

⎡⎢⎢⎣
h̃11 · · · h̃1N

...
. . .

...

h̃M1
... h̃MN

⎤⎥⎥⎦
and h̃mn represents a sub-matrix for the MUAPs of MU n appearing at channel m:

h̃i j =

⎡⎢⎢⎢⎢⎢⎣
h̃mn[0] · · · h̃mn[L−1] 0 · · · 0

0
. . . . . . . . . . . .

...
...

. . . . . . . . . . . . 0

0 · · · 0 h̃mn[0] · · · h̃mn[L−1]

⎤⎥⎥⎥⎥⎥⎦
Given the extended representation, the extended observations can be represented as a single linear

operation:

ỹ[k] = Ht̃[k]+W̃[k] (2.8)

Given Ts samples across over time, the multichannel EMG can be holistically represented as:

Y = HText +W (2.9)

where Y ∈ RMR×Ts , H ∈ RMR×N(L+R−1), Text ∈ RN(L+R−1)×Ts , and W ∈ RMR×Ts . In this repre-

sentation, R is the extension factor, and represents the number of delayed repetitions included to

improve the condition number of the system. The decomposition problem involves the estimation

of Text given Y while H remains unknown. This involves the estimation of the separation matrix

B f ull that provides an estimate for the sources Text , such that:

T̂ext = B f ullY = B f ullHText +B f ullW (2.10)

where B f ull ∈RN(L+R−1)×MR. Therefore, the upper limit of the performance of the MU decompo-

sition is determined first by how well B f ull inverts H (||B f ullH− I||), as well as its effect on the

noise component, where the large weights in the separation vectors can result in disproportionate

scaling of the noise power. Additionally, as in practice unidentified sources are often treated as

part of the noise component, the optimal separation matrix must also be able to suppress activity

from unidentified sources.

Ideally, B f ullH approximates a permutation and scaling matrix. In this formulation, B would re-

cover the sources at all L+R−1 possible delays. However, since these delayed versions represent

the same underlying source, recovering all of them is redundant. In practice, the aim is to recover

each source at a single, optimal latency k0. Thus, the reduced separation matrix B ∈ RN×MR that

retains only the rows corresponding to this specific lag is estimated as:
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T̂ = BY+BW (2.11)

where T̂ is the estimate of the reduced source representation, such that only a single source vector

is estimated per MU.

2.4.3 Optimal Separation Matrix

Using the Wiener-Hopf equation [84], given the sources signals, the linear minimum mean square

error (LMMSE) optimal separation vector b∗n is estimated for MU n as:

b∗n = cT
ỹ,t̃n

C−1
ỹỹ (2.12)

where cT
ỹ,t̃n

is covariance between the extended observations and the ground-truth source signal for

MU n. In the context of MU decomposition, since the source signal is assumed to be a series of unit

spike trains, the covariance term cT
ỹ,t̃n

is effectively the spike-triggered average (STA) estimator

[74] scaled by the spike rate of MU n.

In practice, the source magnitude is often ignored, where separation vectors are normalized and

estimated sources are post-processed into a series of binary discharge times. Thus, spike-rate

scaling is often ignored, and separation vectors are estimated as:

b∗n = sT
ỹ,t̃n

C−1
ỹỹ (2.13)

where, as in [70], the STA estimator of a window of length R across channels and set of discharge

times Ψn is defined as:

sỹ,t̃n
= lim

card(Ψn)→+∞

1
card(Ψn)

∑
k f∈Ψn

ỹ[k f ] (2.14)

Since ground-truth MUAPs are known, c∗ỹ,t̃n is computed with the central R samples of the

MUAP for all channels for each given MU. Therefore, by concatenating all separation vectors,

the LMMSE optimal separation matrix for all MUs is estimate as:

B∗ = (

⎡⎢⎢⎣
sỹ,t̃1

T

...

sỹ,t̃N
T

⎤⎥⎥⎦C−1
ỹỹ )

B∗ = ST
ỹ C−1

ỹỹ (2.15)

where ST
ỹ ∈ RN×MR is the STA matrix for all MUs.
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2.4.4 Blind Source Separation

The majority of MU decomposition methods rely on the above data model, and intrinsically de-

pend on the difference between MUAP spatiotemporal distributions for accurate separation of

each MU. Given the spatial lowpass filtering effects of volume conduction, sEMG measurements

are primarily explained by superficial MUs with similar MUAP distributions. While this limits

the separability of MU activity for a small number of sparsely placed sensors, a simulation study

showed that by increasing the density of electrode placement within the same surface area, the

spatial distribution of MUAPs exhibited a significantly larger difference across MUs [53]. Thus,

leveraging the differences in MUAP distributions at the skin surface, different approaches can be

categorized as either template matching or blind source separation (BSS) approaches.

Template matching approaches extend work from iEMG recordings to multichannel sEMG record-

ings, where the aim is, from distinguishable waveforms, to extract MUAP templates, followed by

clustering of MUAP templates to assign detected templates to these waveforms. Typically, these

approaches look for time-points with high energy sEMG signals, and use clustering algorithms

to find potential candidates of isolated MUAP firings [30]. While these algorithms can be further

improved with heuristics such as regularity of firing rates, their dependence on identifying isolated

MUAPs significantly limit their use in sEMG applications, where MUAP overlap is high between

different MUs, and increases at higher contraction levels.

One more suitable alternative for handling the superposition of MUAPs is the BSS framework.

This class of algorithms are used to solve the cocktail party problem where, under the assumption

that observations are a linear mixture of latent, unknown sources, the aim is to extract these under-

lying sources. With only the observations available, the process is "blind" to the structure of the

underlying sources and the mixing process. Despite the complexity of BSS, it has been success-

fully applied to HD-sEMG recordings, leveraging the property that MU discharges are sparsely

distributed [70, 19, 116]. Since sEMG is represented as a convolutive mixture (MUAPs) of sparse

sources (spike trains), the process of applying BSS to the extended observations is referred to as

convolutive BSS.

Convolutive Kernel Compensation

The first successful convolutive BSS algorithm developed for MU decomposition is known as

convolution kernel compensation (CKC) [70]. Given the extended observations ỹ[k], their global

activity index γ[k] ∈ R is computed using the Mahalanobis distance, defined as:

γ[k] = ỹ[k]T C−1
ỹỹ ỹ[k] (2.16)

where C−1
ỹỹ is the inverse covariance matrix of the extended observations. Under the noise-free

assumption, the convolutive mixture representation can be used to define γ[k] in terms of MU

properties:

γ[k] = t̃[k]T HT (H−T C−1
t̃t̃ H−1)Ht̃[k]
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γ[k] = t̃[k]T C−1
t̃t̃ t̃[k] (2.17)

Thus, the global activity index can be seen as an indicator of global pulse train activity. In CKC,

instead of directly using γ[k], the Mahalanobis distance is computed between two different discrete

time points, obtaining the following relationship:

νk0 [k] = t̃[k0]
T C−1

t̃t̃ t̃[k] (2.18)

where νk0 [k] is the activity index between a discrete time-point k0 and any other time-point k.

This activity index can be interpreted as the degree of similarity between extended observations

at two different time-points that is significant relative to the general covariance structure of the

observations. Since spike trains are sparse, their extended covariance matrix is assumed to be

approximately diagonal (uncorrelated). This new activity index is approximately given by:

νk0 [k]≈ ∑
j∈Gk0

cinv
j j t̃ j[k] (2.19)

where Gk0 is the set of source vector indices that are active (non-zero) at time k0.

Thus, the primary contributions to this activity index are the scaled spike trains of MUs that were

active at k0. If a single MU is active at k0, νk0 [k] is a direct estimator of its source vector. How-

ever, this is not practical in real-world contexts, especially at higher contraction levels with many

concurrently active MUs, breaking the assumption of uncorrelated sources.

To overcome this, the sequence νk0 [k] is used to identify candidates by determining the time index

with large sequence values, as these points must have contributions from at least one of the active

MUs at k0, followed by the selection of a single candidate, termed k1. From Equation (2.19),

it can be seen by taking the element-wise product between the sequences νk0 [k] and νk1 [k], the

primary contributions are from MUs that are active at both k0 and k1. This new sequence can

be used, termed νk0,k1 , to identify a new time index candidate, referred to as k2, and compute

the element-wise product νk0 [k] · νk1 [k] · νk2 [k]. This process is carried out for a total of NC time

indices, obtaining a sequence νk0,k1,...,kNC−1 [k], primarily composed of contributions from MUs that

are active at all time indices k0,k1, ...,kNC−1. Since sources are assumed to be weakly correlated,

by choosing a large enough NC, contributions can be assumed to come from a single active MU

with high probability. This is effectively an estimate of the discharge times of a single MU, which

are used to estimate the LMMSE optimal separation vector from Equation (2.15) to further refine

the estimates of the underlying discharge times. Thus, under the assumption of sparsity, even

when allowing overlap between spike trains, CKC can extract the discharge times of single MUs

without any knowledge of the mixing matrix.

When applied to phenomenological and biophysical HD-sEMG simulations, CKC was able to ac-

curately decompose a large number of active MUs, even when introducing weak correlations be-
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tween sources [70]. In a subsequent study, CKC was applied to HD-sEMG recordings from healthy

subjects during isometric contractions at 10% of the maximum voluntary contraction (MVC). Si-

multaneous iEMG recordings were acquired for validating the accuracy of decomposition [72].

CKC was able to identify between 6-19 MUs for each muscle with a total agreement with iEMG

decomposed activity of 98±1%, validating its ability to decompose MU activity from experimen-

tal HD-sEMG recordings.

Independent Components Analysis

A technique that is more widely established for general BSS applications is independent compo-

nent analysis (ICA), an unsupervised learning method that extracts the underlying sources that

are the most independent. The central limit theorem states that the sum of independent random

variables of any distribution will tend to a Gaussian distribution. leverages this theorem under the

working principle that independent, unknown sources should follow less of a Gaussian distribu-

tion than any linear mixture of them. Hence, assuming underlying sources are independent and

non-Gaussian, aims to invert the mixing process by maximizing the non-Gaussianity of extracted

sources [76].

To maximize non-Gaussianity, functions of the data are implemented that measure the deviation

from some property of the Gaussian distribution, referred to as contrast functions. One intuitive ex-

ample is kurtosis, a scaled fourth-order moment of a probability distribution that measures "tailed-

ness". Since Gaussian distributions are symmetric and have zero kurtosis, this statistical property

can be directly used as a learning objective for maximizing source non-Gaussianity. However,

kurtosis is sensitive to outliers, and can result in unstable optimization. Thus, more robust func-

tions have been introduced, such as negentropy, which computes the difference in the entropy of

a Gaussian distribution with the extracted sources. Since for a fixed covariance structure of con-

tinuous random variables the distribution that maximizes the differential entropy is the Gaussian,

negentropy increases with non-Gaussianity, only being zero when the extracted sources are Gaus-

sian. Since differential entropy requires a complex estimation procedure, it is often estimated with

specific approximation procedures [76].

Rather than jointly optimizing all sources, one of the most common implementations of the frame-

work is the fast independent component analysis (fastICA) algorithm, which greedily optimizes

separation vectors to extract each source sequentially (as in CKC) with an iterative gradient-based

optimization method [76]. Typically, a whitening algorithm is applied to the observations prior

to optimization to obtain normalized, uncorrelated representations of the observations. FastICA

uses an efficient estimation of a Newtonian update at every iteration referred to as the fixed-point

iteration algorithm until convergence. Once a source estimate is obtained, the separation vectors

are re-initialized and algorithm is re-run. To prevent convergence to the same sources as already

identified, the extracted sources must be decorrelated with the observations at every iteration. This

is typically done with or Gram-Schmidt process [76] or a peel-off approach [116].

The framework can be readily applied to the sEMG signals due to the same property of MU activity

that is leveraged by CKC: sparsity. Under the linear convolutive mixture model where sources

are represented by spike trains, the probability of exact overlap between sources is negligible, a
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manifestation of statistical independence. Additionally, MU activity is also highly non-Gaussian,

following a highly leptokurtic distribution (fat tail) due to its spiking nature. Thus, fastICA can be

applied to HD-sEMG signals, extracting a large portion of MUs with high rates of agreement with

simulated signals, and extracting 14 MUs from experimental recordings [19]. However, without

simultaneous iEMG recordings, there was no concrete way to evaluate decomposed MUs from

experimental data.

Negro et al., (2016) implemented a framework with fastICA at its core [116], but with two key

additional steps: the use of the K-means++ to cluster real-valued source values into spikes and

non-spikes, and a refinement procedure based on the estimate of the LMMSE optimal separation

vector from predicted discharges, as done in the original CKC study [70]. This framework was

also evaluated on simultaneously acquired iEMG and HD-sEMG recordings, and found not only

a large number of MUs with high rates of agreement between the two acquisition modalities (an

average of 14 MUs across tasks and subjects), but were able to decompose MUs even at higher

contraction levels (50% and 90% MVC), a problem that cannot be solved with simple template

matching approaches. Thus, convolutive BSS is a powerful tool to extract the activity of a large

number of MUs non-invasively.

2.4.5 From Motor Unit Activity To Motor Intent

α-MNs provide the neural commands for movement generation, hence their activity can be lever-

aged for estimating motor intent. In particular, one popular use of activity sampled from the

same motor neuron pool is to estimate the common synaptic input. The output of a neuron can

be treated as a transformation of continuous synaptic current into discrete events (spikes) via a

non-linear thresholding mechanism. Since force generation in muscles requires the coordinated

firing of individual MUs, the input to motor neurons can be separated into a common input and

non-common inputs. Intuitively, as the common input increases, a larger number of MUs will fire

within the same time-period, both due to MU recruitment and increasing firing rates. Thus, the

magnitude of the common input is correlated with instantaneous firing rate averaged over MUs.

On the other hand, the outputs due to independent components are cancelled out due to destruc-

tive interference. Thus, this average instantaneous firing rate is proportional to the common input

intensity.

To investigate this, simultaneous HD-sEMG and iEMG recordings were acquired from healthy

subjects and based on the decomposed MU subset, principal component analysis (PCA) was ap-

plied to lowpassed spike trains, providing a measure of instantaneous firing rate [115]. Given

the low-frequency properties of the muscle fibre twitch, it was expected that the low-frequency

components of the neural drive (MU outputs) would be the primary determinant of force gener-

ation. While the smoothed spike trains of single MUs were not strong predictors of force, the

first principal component of smoothed discharge rates across MUs explained 72% of measured

force variance. Additionally, the first principal component explained 44.2% of the variance in the

smoothed discharge rates, which was significantly higher than the explained variance of the con-

secutive components. This finding supported the linear transmission of the common input to the

neural drive. Altogether, this implies that the low-frequency components in the common input are
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responsible for force generation, later termed the effective neural drive [51].

Assuming a linear transmission of the common input across motor neurons, rather than employing

PCA, aggregate spike trains can be directly estimated with an unweighted sum known as the

cumulative spike train (CST), providing an estimate of the instantaneous firing rate averaged across

MUs. In this context, the significant linear coherence values observed between cortical (EEG)

measurements and sEMG envelopes (corticomuscular coherence) were investigated using the CST.

Using a collection of perfect integrate-and-fire (PIF) neurons, authors demonstrated analytically

that the CST shows a linear relationship with the common input, provided sufficient discharge

rates and number of MUs [114]. From simultaneously acquired EEG and HD-sEMG recordings,

the CST from 4-5 MUs was shown to be sufficient to reconstruct the observed corticomuscular

coherence, also reflecting how common input properties can be estimated from a small subset of

extracted MUs. When the coherence of the CST from two subsets of motor neurons from the same

motor neuron pool is computed, the coherence values increased significantly as a function of the

number of motor neurons [51]. Thus, not only do the lower-frequency components of common

synaptic input reflect the effective neural drive, but this common synaptic input, with origins in

the CNS, can also be estimated from a small subset of neurons from the motor neuron pool.

2.4.6 Applications in Physiology and Neural Engineering

The ability to extract MU spike trains from HD-sEMG has fundamentally advanced our under-

standing of the neural control of movement in both health and disease. In healthy ageing, de-

composition has highlighted the mechanisms of sarcopenia, distinguishing between the loss of

functional MUs and the remodelling of NMJs [129]. In pathology, the analysis of MU populations

provides a window into the CNS that global sEMG amplitude cannot. For example, in move-

ment disorders such as Essential Tremor or Parkinson’s disease, the coherence analysis of MU

spike trains allows researchers to isolate the CNS oscillatory sources of tremor from peripheral

mechanical resonances, offering specific biomarkers for differential diagnosis [58].

In the domain of myoelectric control, MU spike trains offer a superior alternative to traditional

intensity-based sEMG control. By tracking individual motor neurons, researchers can bypass the

amplitude cancellation and cross-talk inherent in global sEMG. Control signals derived from the

smoothed discharge rates of populations of MUs were shown to significantly outperform tradi-

tional sEMG amplitude metrics in a gesture1 classification task [54]. Discharge rates were also

mapped to continuous degrees of freedom, exhibiting a high degree of controllability across sub-

jects while providing means of proportional control. Researchers have also investigated the use of

MU firing rates as degrees of freedom, enabling motor complete SCI subjects to control a virtual

hand [119].

1Throughout this thesis, the standard term gesture is used as a macro-level class label for configurations of sustained
isometric muscle effort rather than physical movement. See the front-matter Glossary for the complete methodological
definition.
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2.5 Motor Intent Decoding: Machine Learning

2.5.1 Machine Learning

One of the most popular means of estimating motor intent from EMG is through machine learning

(ML), which is used to solve tasks (T ) that are too complex for fixed computer programs. Over the

last two decades, ML has resulted in widespread applications that are now a part of everyday life.

This involves solving scientific problems that have been deemed unsolvable for the last century,

as in the case of protein folding prediction [81], to the use of large-language models (LLMs) in

business and everyday life [132], among many others. Given the complex nature of predicting

motor intent from sEMG, ML provides numerous frameworks based on concurrent recordings of

sEMG and motor intent. ML algorithms involve the processing of an example, a collection of

features often represented as a vector x ∈ Rn, to solve the task of interest.

The three categories of ML are:

1. Supervised Learning: the ML algorithm experiences a dataset with examples, where each

example is also associated with a label, y ∈ Rm, also referred to as a target (supervision),

where m is the number of quantities to predict. The aim of supervised learning is to optimize

a set of model parameters, denoted as θ , to approximate a function fθ that best maps the

input to the desired output according to this distribution. From a probabilistic perspective,

given random variables X and Y associated with example and label vectors respectively, this

is equivalent to estimating the conditional probability distribution P(Y |X) (also referred to

as target concept). In the ideal case, y = fθ (x) is obtained [61].

2. Unsupervised Learning: the ML system experiences a dataset with examples and no as-

sociated labels, hence no supervision. Probabilistically, the observations X are assumed to

be generated by latent variables Z via a generative distribution P(X |Z). The goal of un-

supervised learning is often to optimize parameters θ to estimate the posterior distribution

P(Z|X), effectively inverting the generative process to recover the latent structure.

3. Reinforcement Learning: a framework enables an "agent" to perform the optimal "actions"

within an "environment". The optimality of an action is dependent on the goals of the agent,

as well the "state" the agent is in within the environment [147].

From a multitude of different categories and taxonomies within the generic ML tasks, the most

relevant to motor intent estimation from sEMG are:

1. Classification (Supervised): In this task, the ML algorithm has to predict the discrete cat-

egory that an example belongs to out of k total categories based on example’s features.

Hence, the learning process optimizes parameters θ of a function fθ : Rn→ {1, ...,k} that

minimizes classification error [61]. This framework has been widely used in computer vi-

sion, such as classifying an image [89], or whether two face images belong to the same

person facial recognition [148]. It has also been used in prominent applications in natural

language processing (NLP) for tasks such as sentiment analysis ("thumbs up" or "thumbs

down" movie reviews) [123] and sentential paraphrasing (whether two sentences have the
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same meaning or not) [36]. By modelling motor intent as a discrete, finite set of actions,

such as wrist/finger gestures, classification algorithms can be trained based on an example

of sEMG features [156].

2. Regression (Supervised): In this task, the ML algorithm has to predict a continuous quan-

tity based on an example’s features. Hence, the learning process optimizes parameters θ

of the function fθ : Rn → Rm that minimizes the distance between predictions and labels,

where m is the number of real-valued quantities estimated. This framework has also seen a

wide array of applications, such as predicting the coordinates of bounding-boxes for object

detection in images [133]. Given this framework, the aim of a regression problem in the

context of sEMG is to, based on the features of an sEMG example, predict a continuous

motor quantity, such as force, torque or joint angles [156].

3. Representation Learning (Unsupervised/Supervised): In a representation learning task,

fθ is optimized to map complex inputs to a new representation, referred to as an embedding

or latent representation. In a probabilistic sense, this involves the optimization of parameters

θ such that P̂θ (Z|X) ≈ P(Z|X), effectively inverting the generative process. θ is usually

optimized to contain certain properties that make them valuable for other downstream tasks.

Thus, the outcome of the learning process is a function fθ : Rn→ Rm, where the input is an

example x ∈ Rn, and the output is the latent representation z ∈ Rm.

This can be useful for visualising examples with lower-dimensional representations, such as

with Laplacian eigenmaps [10], or for obtaining a more useful and holistic representation

of a given example, such as the case of Word2Vec, an algorithm that maps a word to a

numerical vector representation that encodes the relationship of a given word to all others

in a corpus [109]. Such functions are often used to obtain meaningful representations for

downstream tasks. In the context of sEMG, representation learning is not only used for

dimensionality reduction, but is also used to extract physically meaningful quantities within

the signals, such as MU activity [19].

In this section, I focus on the predominantly used classes of algorithms in motor intent estimation,

namely supervised and unsupervised learning.

Performance & Generalization

To evaluate the capabilities of an ML algorithm, a quantitative performance measure (P) must be

defined as closely related to the downstream tasks as possible. The aim of optimizing a model is

to maximise its performance on all possible examples, while only having access to a finite dataset.

In supervised learning, from a probabilistic perspective, a dataset D = {xi,yi}|D|i=1 is considered to

be a collection of independently and identically distributed (iid) samples from an underlying data

generating distribution P(X ,Y ), such that D∼ P(X ,Y ). However, if the dataset size |D| is limited

or the iid assumption is violated, the available dataset may not be representative of P(X ,Y ). In such

cases, the learned conditional distribution P̂θ (Y |X) is not a good estimate of the true P(Y |X). In

other words, models that are optimal given D may not exhibit high performance across all samples

from P(X ,Y ). Thus, the aim of ML is to train a model that performs optimally on examples
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unseen during training, a property known as generalization. The same framework can be extended

to unsupervised learning by considering instead the the estimate of P(Z|X).

To track the ability of a model to generalize, the dataset is often split into two principal sub-

datasets: the training set (Dtrain) for optimizing parameters θ , and the test set (Dtest) for evaluating

generalization performance. From these two sub-datasets, two generalization failure modes of ML

can be identified. Underfitting occurs when the ML algorithm exhibits low performance on both

training and test sets, while overfitting occurs when the performance measure is significantly lower

for the test set than for the training set. The capacity of a model is associated with its hypothesis

space: the extent of functions the model can fit to the training dataset. With low capacity, the

model struggles to fit the dataset, while large model capacity increases the probability of learning

functions that exhibit good training performance, yet low test performance.

One paradigm for improving generalization is known as regularization [61], which includes all

techniques that use inductive biases (i.e. assumptions about the function to be modelled) to con-

strain the hypothesis space of the ML model. One classic example known as weight decay or

L2-regularisation, which constraints the optimization problem to minimize the magnitude of all

individual model parameters [61]. This constrains the hypothesis space to functions with no single

model parameter that is too large, leveraging the assumption that generalizable models should not

be overly dependent on a single or few features. Another popular regularization method is known

as data augmentation, which artificially augments the training dataset by applying label-invariant

transformations to examples. An example of this is to randomly translate/rotate images during the

training of image classifiers, depending on the inductive bias that the category of an object in an

image should be invariant to its position and orientation in the image [89]. In this context, the

hypothesis space is constrained to functions that are invariant to translations and rotations of the

objects in the image.

During training, the model parameters θ are optimized given Dtrain, with the goal of achieving

the optimal performance on Dtest . However, ML models are often associated with parameters that

are not updated during training, referred to as hyperparameters. For instance, the degree of L2-

regularization, the number of trees in a random forest (see Section 2.5.3) or the number layers

in a neural network (see Section 2.5.6) are chosen before training. Typically, while the optimal

hyperparameters can be constrained to a small subset of candidates, these parameters must also

optimized. These parameters cannot be optimized with the training data, and if the test set is used,

the test examples cease to be "unseen" examples, increasing the chances of overfitting. Thus, it

is common practice split the training set into two further subsets: a training set and a validation

set. With this dataset split, the training set is used to optimize the model parameters, the validation

set is used to optimize the hyperparameters, and the examples in the test set remain unseen for

measuring generalization performance.
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2.5.2 Surface EMG-Based Machine Learning Tasks & Applications

Classification

For classification, sEMG signals are acquired from subjects while performing multiple repetitions
of a discrete set of movements given visual instructions, usually interleaved with rest periods (no

movement). Every sEMG sample is then associated with a label based on the visual instructions

displayed at the same time instance. From this dataset, classifiers can be trained by extracting fea-

ture vectors x ∈ Rn from every sEMG sample or from a contiguous time-window, and optimizing

θ to obtain a mapping from these examples to a target/labelled discrete movement, treated in this

context as classes.

For the upper-limb, a traditional framework is hand gesture classification, which involves mapping

multichannel sEMG signals to the sustained motor commands of different finger, hand and wrist

movements [5, 1, 38, 79], referred to gestures or poses. In lower-limb tasks, classification can

also be used to map sEMG signals to motor commands for a discrete number of locomotion modes

during walking [75]. While it is relatively easy to acquire labels for classification tasks from

visual cues or instructions, sEMG classification performance is often significantly impacted by

movement technique, and does not naturally provide measures of the intensity of the movement

being performed.

Applications: The primary downstream applications of supervised sEMG classification involve

myoelectric control, where the predicted classes or joint angles/forces (motor intent) enable the

user to control external devices. One canonical example is the myoelectric control of prosthetic

limbs. For instance for upper-limb amputees, multichannel sEMG recordings can be acquired

from the residual forearm muscles to predict movement intent, with sEMG acquired during at-

tempted movements given visual cues [6]. With lower-limb amputees, classification methods have

also been developed to predict motor intent from the residual leg muscles for lower limb pros-

thetic control [75]. Myoelectric control has also been used to control robotic exoskeletons, which

can provide power assistance during movement generation for activities of daily living and reha-

bilitation, mapping the motor intent of the user to force commands [110]. sEMG classification

has also been extensively investigated for the myoelectric control of virtual and augmented reality

(VR/AR) systems, allowing subjects to interact with virtual systems directly from motor intent,

eliminating the need for mechanical interfaces [138, 143, 83].

Beyond myoelectric control, supervised learning models can also be used for neurorehabilita-

tion and clinical assessment. The Fugl-Meyer Assessment (FMA) is a standard framework that

involves numerous time-consuming tests carried out by clinicians to assess upper-limb stroke im-

pairments. Supervised ML models have been trained to map sEMG recordings (along with other

motor information) during a small set of movements to Fugl-Meyer scores, significantly reducing

clinician time [120, 2]. Another ML model was trained to map sEMG recordings acquired from

various trunk muscles to different forms of trunk compensation for stroke patients, with the aim

of helping stroke patients correct their posture during rehabilitation [98].
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Regression

For regression, sEMG signals are acquired from subjects performing different movements, while

simultaneously acquiring signals from sensors that provide direct measurements or proxies of two

primary physical quantities: joint angles and force/torque. By dynamically measuring these quan-

tities for the task-relevant body parts, continuous measurements of the movements performed by

subjects are obtained. Since these quantities are both directly associated with the contraction lev-

els of relevant muscles, by simultaneously acquiring these continuous quantities and multichannel

sEMG recordings, regression models can be trained to predict them from sEMG examples. Typi-

cally, marker-based [82] or markerless [138] motion capture systems can be used to acquire joint

angles from the upper and lower limbs. Upper-limb hand kinematics can also be acquired through

Cyberglove systems, which are gloves that use resistive bend-sensing technology [5]. Force/torque

measurements can be acquired with strain gauge load cells [5].

Applications: Given appropriate sensor recordings, regression-based models can be used as an

alternative framework for the aforementioned tasks for classification. Although regression-based

prosthetic control is more nuanced, since direct force and joint angles cannot be acquired for the

missing limb, mirrored bilateral training has been used, where sensors are placed on the non-

affected limb and subjects are asked to perform movements using both limbs, and measurements

from the non-affected limb are used as the labels [117].

Unsupervised Learning

One standard use of unsupervised learning in sEMG is for dimensionality reduction, where the

number of features in the dataset is decreased for a downstream supervised learning task [40].

However, by leveraging inductive biases of the underlying motor control and biophysics genera-

tion of sEMG, examples can be mapped to new representations that correspond to some anatom-

ical or function property of motor control. Under the assumption that motor control uses a low-

dimensional basis to generate a diverse set of movements, unsupervised learning methods have

been used to estimate these low-dimensional components, referred to as synergies [12, 149]. An-

other widespread use of unsupervised learning is found in MU decomposition, where sEMG ex-

amples are processed into the activation of distinct underlying MUs [19, 116].

Applications: As in supervised settings, unsupervised learning can also be used directly or indi-

rectly for myoelectric control. When extracted synergies were provided as control signals, subjects

could intuitively activate them to control a virtual cursor on a screen [12]. Similarly, extracted MU

activity from decomposition has been shown to enable intuitive control, whereby subjects can learn

to modulate the firing rate of individual MUs, or more intuitively, using the aggregate firing ac-

tivity of all MUs from the same muscle as a proxy of muscle activation (see Section 2.4 for more

information on MU decomposition).

Another important benefit of unsupervised learning is improved understanding of the neural con-

trol of movement. Given the large number of degrees of freedom involved in human movement,

it has been hypothesised that the nervous system uses low-dimensional representation of joint

muscle activations for efficient motor control. By applying different matrix factorization methods
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to sEMG recordings from healthy subjects, a low-dimensional number of components were able

to effectively capture the structure of the data [12]. In stroke-affected subjects with mild motor

impairments, it was shown that while extracted synergies were comparable between the affected

and non-affected upper limbs, the modulation of these synergies varied significantly. This re-

flects how, under the view of muscle synergies, the CNS control of these underlying synergies is

affected, providing a potential tool for stroke clinical assessment [22].

2.5.3 Traditional Machine Learning

Feature Engineering

Traditionally, an ML pipeline would be composed of two distinct components: manual feature

extraction, and the training of an ML algorithm that uses those feature vectors as examples to

solve a particular task. The process of constructing a feature set manually is known as feature

engineering where, especially relevant in supervised learning, human experts build functions of the

data to return features that are known to be predictive of the target. This is an effective application

of domain-expert inductive bias to simplify the original (raw) data structure and reduce its feature

dimensionality. For instance, in NLP, Bag-of-Words (BoW) has been a simple, yet powerful

feature extraction framework, where the count of present words or stems of words are used as

independent features in an example vector [80]. Given a dataset of documents, models are trained

to learn relationships between feature vectors based on the frequency of key words for the desired

task or objective, such as topic classification. In the field of computer vision, image features are

designed by either aggregating pixel-level quantities over the whole image, such as computing the

average of channels in different colour spaces, or by manually designing digital filters or kernels

that extract meaningful spatial information, such as gradient estimators. A canonical example

of feature engineering in computer vision is the scale-invariant feature transform (SIFT), which

identifies key points in an image and extracts rotation and scale-invariant properties from these

points based on local gradients [96].

Linear Models

After feature engineering, there are numerous classes of supervised ML algorithms that can pro-

cess examples, now in a numerical vector form, to the desired target. One class of algorithms is

known as linear models, which assume a linear relationship between the features and the target.

All such models assume the form y = wT x+b, where w ∈Rn,b ∈R are the model parameters (θ )

that completely determine the mapping of the model. These models are trained by optimizing their

parameters to fit a hyperplane to the feature vector space. In regression, the optimization objective

is often to fit the hyperplane through the points that returns the lowest mean-square error across

all examples in the dataset. In classification, the aim instead is to fit the hyperplane between the

points to give the best class separability. For these canonical learning objectives, linear models

have the mathematical guarantee of convexity: the objective as a function of the model parameters

has a single, unique global optimum [32].

For unsupervised learning, linear methods are effectively different means of matrix factoriza-

tion, where the aim is to learn a linear projection of the original features in a (typically) lower-
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dimensional subspace, under the assumption that the examples can be modelled as:

x = HT z+w (2.20)

where z ∈ Rm is the lower-dimensional representation of example x ∈ Rn, often referred to as the

latent representation, w ∈Rn is additive noise, and H ∈Rm×n is the generative matrix that linearly

combines the lower-dimensional components to return the original examples.

While using the same data model, different methods learn different generative matrices depend-

ing on the learning objective for the downstream task. In PCA [32], the aim is to find the m-

dimensional latent representation with orthogonal components that minimize the reconstruction

error (remains as similar to the original examples as possible). PCA is useful for reducing the

dimensions of the feature set for downstream supervised learning tasks [40], as well as for visu-

alizing high-dimensional feature vectors in a low-dimensional subspace. Another method is the

previously discussed (see Section 2.4), which learns the generative matrix by maximizing the in-

dependence of components in the latent representation. Another matrix factorization technique

that is commonly applied to sEMG signals is non-negative matrix factorization (NMF), which

also aims to minimize reconstruction error, but instead of orthogonal components, the generative

matrix and input examples are constrained to be positive. Being purely additive, ML can extract

more interpretable latent representations, such as representing images of human faces as the sum

of different facial components [91].

While linear methods are still widely used and the assumption of linearity can work more gener-

ally for monotonic relationships, it still imposes significant constraints on the learnt relationships,

constraining feature engineering methods to provide features that exhibit linear relationships with

the target.

Non-Linear Models

To overcome the constraints of linearity, a simple solution is to expand the feature vector by adding

non-linear transformations of each feature. For example, a simple feature vector x = [x1,x2]
T can

be extended to obtain x̃ = [x1,x2
1,x2,x1x2,x2

2]
T . From this feature representation, linear models can

be trained, where each new transformed term is just treated as an independent feature of the model.

However, this explicit expansion results in the curse of dimensionality: the dimension of the ex-

tended vector grows rapidly relative to the input size n. For high-dimensional data, this imposes

prohibitive computational costs and increases model capacity, making it prone to overfitting.

One solution, known as the kernel trick, can be used in different linear geometric models while

maintaining the same number of parameters and computational complexity. This method, es-

pecially popular within support vector machines (SVMs) and support vector regression (SVR)

for classification and regression respectively, can use polynomial kernels, as well as kernels that

add other linearities, such as radial basis function (RBF) kernels [32]. Additionally, by scaling

the number of parameters with the number of support vectors rather than the feature dimension,

SVMs became dominant in complex domains with high-dimensional feature vectors.
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For text categorisation, an approach using a BoW feature representation achieved performances

with an SVM and an RBF kernel that significantly outperformed other classifiers [80]. In human

detection in computer vision, a histogram-of-gradients (HOG) method was used to extract a high-

dimensional feature vector with local gradient information from different image regions [28]. An

SVM using an RBF kernel was able to handle high-dimensional examples efficiently, outperform-

ing alternative classifiers. Despite these successes across domains, kernels still require explicit

design choices while still retaining the limitations of manual feature engineering for their linear

counterparts.

Decision-Tree Based Models

Another popular class of ML algorithms is decision trees. Such models recursively partition the

feature vector space into sub-regions based on a hierarchical set of numerical thresholds. While

decision tree classifiers assign predictions as the most frequent class within specific sub-regions,

decision tree regression assigns a continuous prediction as the aggregate value of training examples

within the sub-region [88]. Crucially, the sequential partitioning on individual features based on

certain split criteria allow decision trees to naturally ignore features that are not useful, without

having to manually select them. The model capacity can be improved by increasing the number

of allowed partitions, with every prediction having an interpretable and traceable number of steps

for the final decision-making. Additionally, by optimising the partitions, decision trees are able to

learn non-linear boundaries. Categorical features can also naturally be processed by comparing the

feature value to a fixed set of values. However, due to the hierarchical decision-making involved,

decision trees are inherently unstable to small changes in the training data.

One of the most prominent ways of overcoming the limitations of decision trees is to use ensemble

models that combine the use of multiple models of the same class. For instance, random forests

aggregate the outputs across simple decision trees trained on random training data and feature

subsets. By aggregating across many simpler models, the final output is significantly more robust

than its constituents and its training and inference can readily be parallelized. This made random

forests a strong candidate for pixel-level human pose classification for real-time applications where

a classifier was needed that was computationally efficient while still effective at handling non-

linearities and high-dimensional feature sets [141]. Another form of ensembles is tree-boosting,

which trains decision trees sequentially, with consecutive trees being optimized on the errors of

previous trees. XGBoost, an efficient implementation of gradient-boosting, was used in a broad

range of research and industry problems, used as the classifier in 17 out of the 29 winning solutions

in Kaggle data science challenges from 2015 [20].

Despite the success of feature engineering and the models discussed across disciplines, this paradigm

imposes a static representation of the data from which models are trained for a dataset. By sum-

marizing raw inputs into simplified scalars, such as word counts or image gradients, there is an

irreversible information bottleneck, preventing the model from learning relationships with features

of the data that were not included by the human expert. This approach also suffers from a depen-

dency on domain expertise: feature extractors are difficult to build, brittle, and often not directly

transferable across domains. Thus, feature engineering is prone to neglect relevant information in
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raw data and ultimately limits the capacity of the model trained to solve complex tasks.

2.5.4 Surface EMG-Based Traditional Machine Learning

After sEMG signals are acquired and appropriately filtered, feature vectors must be constructed

to train traditional ML models. For supervised learning, while typically labels are available for

every sEMG sample (discrete movement performed in classification or joint angle/force measure-

ment for regression), unprocessed sEMG samples are not strong predictors. Thus, large bodies of

research have been dedicated to feature engineering, whereby leveraging inductive biases of the

nature of sEMG biophysics generation, the aim is to manually extract a set of task-relevant feature

vectors.

Time-Windowing

The most common framework of feature extraction in sEMG involves time-windowing: extracting

feature vectors from short, contiguous time-windows of sEMG, where the label associated with

each feature vector is either the label in the centre of the time-window or some representative la-

bel statistic for the given window (the mode of labels for classification and the mean/median for

regression). Time-windows are dependent on two primary hyperparameters: window size (wsize),

determining the number of seconds/samples of each window, and window stride (s), which deter-

mines the number of seconds/samples between two consecutive windows, where there is a window

overlap whenever wsize < s. While larger window sizes provide more samples for estimating robust

features, they also introduce larger delays, with the effective delay introduced being approximately
wsize

2 . By processing consecutive windows, ML models produce a continuous prediction stream.

Since sEMG ML models are typically used for real-time interfacing, the acceptable delay in the

prediction stream (determined by the window size and processing time) is set to be imperceptible

to the subject, typically set to be approximately 300 ms [39]. In classification tasks, a major-

ity voting windowing operation can be applied, which returns the most frequent class within a

time-window, at the cost of increased delay.

Time-Domain Features

The most common approach to manual feature extraction involves the estimation of time-domain

(TD) properties for each window across all channels. Since the aim is to extract multiple com-

plementary features, the feature extraction process generates x ∈ Rn f eatures·nchannels as the examples,

where n f eatures is the number of properties extracted and nchannels is the number of sEMG channels

acquired. A canonical feature set for sEMG-based ML models, commonly referred to as the TD

feature set, involves the estimation of four simple time-domain statistics: mean absolute value

(MAV), zero-crossings (ZC), slope sign chances (SSC) and waveform length (WL) [39].

The MAV feature measures the average signal magnitude within the time-window, and has been

shown to vary monotonically with the contraction level of the relevant muscle [95]. The three

other features capture complementary how rapidly sEMG is fluctuating, acting as proxies for

the frequency content in the signal. By extracting TD features from four sEMG channels with

anatomically-oriented placements along the forearm, a linear discriminant analysis (LDA) model
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was used to map the features to four discrete wrist movements, achieving test accuracies of over

90% on held-out repetitions of the same session. This suggests that domain-relevant time-domain

features are sufficient for linearly discriminating between a small set of discrete movements.

Time-Frequency Representations

However, the properties in the TD feature set represent average properties within a time-window,

best suited for making predictions during sustained contractions where sEMG activity is assumed

to be stationary. Hence, to capture transient properties during dynamic contractions, time-frequency

representations were introduced. Using time-windows from sEMG signals measured from two

channels (biceps and triceps), test accuracy on a held-out repetition from the same recording ses-

sion of four discrete movements during movement onset was significantly improved relative to TD

features when using time-frequency representations and PCA dimensionality reduction [40].

Inspired by these findings, another popular feature set was introduced, referred to as the NinaPro

feature set, which on top of TD features, also includes the marginal discrete wavelet transform

(mDWT), the root mean square (RMS), and EMG histogram features [5]. This feature set exhibited

classification accuracy improvements across a variety of classifiers and datasets from the publicly

available NinaPro database relative to the TD features. Furthermore, this study also obtained

best performances with random forests and SVMs, suggesting that the choice of classifier can

significantly impact prediction performance.

Extracting Temporal & Spatial Properties

Numerous feature sets have been constructed to leverage inductive biases based on temporal sEMG

properties. These features have been typically extracted independently for each channel and con-

catenated into one augmented feature vector, depending on the downstream ML models to learn

relationships between channels. While time-based feature extraction has resulted in successful ML

models, they do not leverage inductive biases of the spatial structure of sEMG signals to improve

generalization. Thus, different feature engineering methods have also been developed to leverage

the spatial structure of multichannel sEMG recordings. Typically, these require some degree of

placement regularity, as is the case in HD-sEMG arrays or when placing electrodes evenly along

the circumference of the relevant limb.

The most direct form of leveraging spatial inductive biases from regular arrays of multichannel

sEMG is by processing sEMG samples or time-window features across channels as images. In

this context, each sEMG electrode corresponds to a different pixel in the image, and different ex-

tracted features can be treated as the colour space of the image. Different methods from traditional

computer vision have been implemented to determine regions of the grid that exhibit the largest

signal power (captured by RMS features) during contractions, such as the Watershed algorithm

[1]. Image-based processing of sEMG grids introduces spatial inductive biases that can improve

generalization, provide interpretability by enabling the visualization of the sEMG distribution over

space, and allow the use of well-established techniques from computer vision.

Beyond image-based techniques, another technique that processes regular-arrays of HD-sEMG
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is the variogram from geostatistics [144]. instead of using different feature vectors to be con-

catenated, variograms treat pairs of channels as realisations for estimating the degree of spatial

correlation in the grid. While variograms showed slightly worse performance compared to TD

features for a held-out repetition of the same electrode placement, it showed significant improve-

ments over other feature extraction methods when applied to spatially translated versions of the

same HD-sEMG array, reflecting its robustness to electrode displacement.

Synergy Extraction Through Matrix Factorization

Matrix factorization methods have been extensively applied to sEMG signals to extract low-

dimensional representations, referred to as synergies. While different matrix factorization methods

have been used, pipelines normally extract the sEMG envelope from each channel (lowpass filtered

and rectified), apply ML to each time-point sequentially, extracting time-varying low-dimensional

components that can additively reconstruct the observed sEMG signals [12]. ML has also been

applied to the output of MU decomposition to extract information at the MU level, rather than

a surface potential level. In this context, binary spike trains are constructed from MU discharge

times and lowpassed, providing a continuous estimate of instantaneous firing rate. After ML, the

extracted motor neuron synergies accurately reconstructed the instantaneous firing rates with a

ten-fold decrease in dimensionality, further supporting the concept of low-dimensional movement

control [149]. While similar in dimensionality to the extracted muscle synergies, motor neuron

synergies were more predictive of the generated force, supporting the extraction of synergies at

the MU level. Motor neuron synergies a great example of the combination of two linear unsuper-

vised learning methods (ICA and non-negative matrix factorization) to extract structurally relevant

information of motor control.

2.5.5 Gradient-Based Optimization

Training ML models, whether supervised or unsupervised, can be summarized as finding the best

set of model parameters (θ ∗) for a given dataset D [32]. This process is done through the opti-

mization of an objective function, a function of the model parameters that quantifies how well fθ

approximates the underlying conditional distribution (e.g., P(Y |X) or P(Z|X)). While optimiza-

tion methods may either maximize or minimize the objective function depending on the task, it

is common to only consider minimization, where a maximization objective is often reframed as

the minimization of the negative of the objective function. During minimization, the objective

function can also be referred to as the loss function (or loss for short), as well as a cost function or

error function [61].

One simple framework of optimization methods is known as brute-force search algorithms. This

class of algorithms uses different strategies to naively sample a set of possible parameters and

evaluate the loss function on a subset or all training examples, returning the sampled set of pa-

rameters that attained the lowest loss. Algorithms such as grid-search, random search, and Latin

Hypercube Sampling (LHS) have been used extensively and are relatively simple to implement

[101]. While practical for low-dimensional parameter spaces where sufficient sampling density

can be guaranteed, these methods suffer from the curse of dimensionality: the search space vol-
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ume grows exponentially with the number of parameters. Thus, ML more complex models and

high-dimensional feature sets require more effective optimization methods.

For linear models, the loss function is often convex and differentiable, allowing for closed-form

analytical solutions as for linear regression and guaranteed convergence for SVMs. Other algo-

rithms, such as decision trees employ greedy heuristic search. Greedy optimization methods find

the best model update at every step independently, aiming to incrementally approach the global

optimum [32]. For decision trees, rather than considering all possible partitions of the data for

all feature combinations, for each split the decision tree considers one optimal split along a single

feature dimension for the chosen loss function (e.g. purity). While significantly less complex,

greedy-optimization of decision trees do not have any mathematical guarantees of convergence to

the global optimum. This is another reason that makes decision trees unstable, further supporting

the use of ensemble models that leverage multiple decision trees [88].

One popular class of iterative optimization algorithms is known as gradient-based algorithms.

When the loss is a smooth, differentiable (or sub-differentiable) function of the model parameters,

gradient information can be computed at every set of model parameters based on the available

dataset and use this information to iteratively approach the global optimum. gradient descent (GD)

uses the first-order gradients to find the direction of steepest decent, with each step moving the

parameters in this direction, incrementally decreasing loss estimates. Since first-order gradients

only provide information regarding the direction of steepest descent, they are multiplied with a

positive scalar α referred to as the step size or learning rate. The learning rate is often treated as

a hyperparameter of the optimization objective. When the first-order gradients are computed at

every model update step to obtain the exact gradient information, the GD update is given by:

θk = θk−1−
α

N

N

∑
i=1

∇θL(xi) (2.21)

where θk are the model parameters at discrete update step k, N is the number of examples in the

dataset, and ∇θL(xi) is the gradient of the loss function L with respect to model parameters θ

evaluated at the example xi.

While GD is effective for small datasets and number of features, re-computing the gradient at every

update can be too computationally intensive for more complex tasks. Thus, stochastic gradient

descent (SGD) was introduced [134], where instead of computing the exact gradient at every

update step, the gradient is estimated for a randomly sampled example xi, such that the SGD

update is:

θk = θk−1−α∇θL(xi) (2.22)

While the original SGD implementation is significantly more efficient, gradient estimates from

a single example may be poor estimates of the true gradient, potentially slowing down or even

preventing optimization. Thus, especially popular in modern ML, mini-batch GD was introduced,

which estimates the gradient at every parameter update using a randomly sampled subset of the
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dataset, referred to as batch, providing the following update:

θk = θk−1−
α

B

B

∑
i=1

∇θL(xi) (2.23)

where B is the selected batch size, a hyperparameter of the model, such that B < N.

In deep learning models, all based on the optimization of smooth, sub-differentiable functions, use

variants of SGD as the class of optimization of choice. Second-order gradient-based optimization

methods are used extensively in multiple different applications, such as in fastICA, which is com-

monly used for MU decomposition [19, 116]. These methods leverage the inverse of the Hessian

matrix (second-order partial-derivatives) to provide local curvature information during optimiza-

tion, enabling the dynamic and adaptive estimation of the optimal learning rates for each model

parameter at every update step.

While second-order methods can significantly improve the number of steps to convergence, the

inverse of the Hessian matrix scales cubically with the number of parameters, preventing its

widespread use in practical deep learning applications, which often depend on millions or bil-

lions of parameters. To obtain the computational simplicity of SGD but leverage local curvature

information to adapt step sizes, numerous second-order gradient approximation algorithms were

developed, such as Adam [87]. By approximating the Hessian matrix as a diagonal matrix, Adam

cheaply approximates local curvature information and dynamically adjusting the learning rate of

individual model parameters, decreasing the number of steps required for convergence and greatly

simplifying the process of finding the optimal learning rate.

2.5.6 Deep Learning

Fully-Connected Neural Networks

deep learning (DL) is a subset of ML that uses neural networks (NNs) with multiple sequential

layers to process examples. NNs are ML algorithms with architectures inspired by biological

neurons. In modern DL, a neuron is a mathematical function with weights that compute a linear

combination of the input feature vector (constituting the input layer) with an added bias term

followed by a fixed non-linear transformation of this output, such that the function of the neuron

fneuron is given by:

fneuron(x) = φ(wT x+b) (2.24)

where φ is the chosen non-linear transformation and its input is of the same form as for linear

models (see Section 2.5.3).

The inspiration from the biological neuron comes from its ability to process multiple simultane-

ous inputs through its dendrites, and generate an AP when the aggregation of these inputs exceeds

the activation threshold of the neuron [61]. Thus, the non-linear transformation, referred to as an
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activation function, is usually formulated to introduce non-linearity, often mimicking the biolog-

ical ’all-or-nothing’ firing rate by saturating at extremes or activating only above a threshold. In

NNs, multiple neurons can be used to obtain a new intermediary vector representation of the input

features, such that:

h(x) = φ(WT x+b) (2.25)

where W ∈ Rn×m is the matrix where each column represents the weight vector associated with a

specific scalar output, b ∈ Rm is the bias vector added to the vector output, and h(x) ∈ Rm is the

new representation, known as a hidden layer. The dimensionality of the hidden layer m is typically

treated as a hyperparameter of the NN.

Either another set of weights and biases are applied to obtain the output vector from the final

(output) layer, or this hidden layer can be used as the input feature vector to another set of neurons,

obtaining consecutive hidden layers. Thus, multilayer NNs can theoretically have any number of

intermediary hidden layers before reaching the output function. Within the context of NNs, scalar

features in every layer are referred to as nodes. In the above formulation, the NN is referred to as

fully-connected, implying that every node from the previous layer is used in the computation of

every node in the consecutive layer.

While individual neurons are only able to model a restrictive subset of functions between the

input and the desired target, multilayer NNs were theoretically shown to be universal function ap-

proximators: the model has enough capacity to represent any mapping between the input features

and the target [73], with increasing model complexity by increasing the hidden layer dimensions.

Furthermore, each hidden layer can be interpreted as a new latent feature representation of the

original input. Since the mappings between consecutive layers are learned during optimization,

NNs can be interpreted as a method of automatic feature extraction, with hidden layers progres-

sively obtaining more task-relevant features until reaching the final layer. The final layer returns a

real-valued vector (or scalar) that is used in the downstream task. While in regression, the output

is directly the quantity of interest, to obtain a prediction from classification, the model returns a

real-valued vector z ∈ Rk for the k classes, representing unnormalized scores referred to as logits.

From z, the estimate of class probabilities is obtained using the softmax function, such that:

p(z)i = so f tmax(z)i =
ezi

∑
k
j=1 ez j

(2.26)

where p(z)i is the probability estimate for class i and the final class is chosen as ĉ= argmax
i
(p(z)i).

From the output, for unsupervised and supervised learning problems, a loss function is used to

quantify the quality of the output. By using sub-differentiable non-linear activation functions, an

analytical relationship between the loss function and every weight and bias in the NN is guar-

anteed. Using the differentiation chain rule, the gradients of the loss function are obtained with

respect to final hidden layer activations and the weights and biases that process them to obtain

the final output. From these gradients, the derivative chain rule can be used again to obtain the
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gradient of the loss function with respect to the activations and parameters of the previous layer.

In backpropagation, the canonical optimization method in modern DL, the derivative chain rule is

applied sequentially to obtain gradients of all model parameters with respect to the loss function,

starting from the final hidden layer all the way to the first [137].

From this information, gradient-based optimization can be applied to all the parameters in the NN.

Using SGD, multilayer NNs were able to learn functions shown to be theoretically impossible for

individual neurons. However, the non-linear activation functions result in a highly non-convex

optimization problem, removing any mathematical guarantees of a single global optimum as with

traditional ML approaches, and along with it guarantees of successful optimization. Together with

the significant computational complexity of backpropagation in large NNs, DL methods were

shadowed by competing ML methods.

Despite the theoretical complexities, multiple advancements in DL were made to address the prac-

tical issues observed during training. One significant improvement in gradient-based optimiza-

tion of NNs was the introduction of momentum, which used an accumulated velocity vector in

the direction of steepest descent during gradient updates and helped prevent NNs from becom-

ing trapped in sub-optimal local optima or saddle points [146]. Along with different parameter

initialization schemes, great strides were made towards NN optimization. Beyond non-convexity,

another issue of backpropagation that required great attention was the vanishing gradient problem:

as gradients are backpropagated to previous layers, the gradient of the loss with respect to the pa-

rameters progressively decreased, providing near-zero updates for earlier layers. One significant

improvement to the issue of vanishing gradients was the introduction of the Rectified Linear Unit

(ReLU) as an activation function. Prior to ReLU, functions used to capture the "all-or-nothing"

firing of neurons, such as the sigmoid function, compress the activity of the neuron within the

range of h(x) ∈ [0,1]. ReLU, instead, is a piecewise function such that:

ReLU(z) =

⎧⎨⎩0 z≤ 0

z z > 0
(2.27)

for some real-valued scalar quantity z.

As with previous activation functions, ReLU is zero below a certain threshold. However, by

scaling linearly with the input above this threshold, it allows large contributions to remain large,

significantly increasing the possible gradients that could reach the earlier layers, all while being

a sub-differentiable function that can still be used during gradient-based optimization [112]. An-

other advancement was the gradual adoption of graphics processing units (GPUs) for accelerated

training and inference of NNs. By enabling the successful training of a deep NN with millions

of parameters, GPUs helped fully-connected NNs to reach SOTA performance on the handwritten

digit classification benchmark (MNIST) for the first time [24]. One of the foundational successes

of DL models was the use of GPUs and momentum gradient-based optimization to train deep NNs

for speech recognition, which achieved SOTA performances across multiple datasets relative to

alternative models [68].
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Convolutional Neural Networks

Figure 2.4: A visual representation of a generic convolutional neural network architecture (figure
adapted from [156]).

While fully-connected deep NNs were becoming widely adopted across ML domains and tasks,

such models were still computationally expensive and the large number of parameters exceeded

the hardware constraints of multiple applications. For ordered data, such as text, audio, or images,

fully-connected NNs would treat each word, sample or pixel as an independent feature, ignor-

ing any information in the ordered structure of the data. Thus, even though NNs were universal

function approximators, many approaches still relied on an initial manual feature extraction step

to process high-dimensional inputs into manageable feature vectors. One promising approach to

overcome such limitations is to design specialized neurons that leverage inductive bias to signifi-

cantly reduce the number of parameters.

One of the first classes of algorithms in this direction was the convolutional neural network (CNN)

in computer vision [90]. Image-based feature engineering approaches often involved the design of

multiple 2D digital filters (i.e. kernels) that when convolved with an image, provided new images

where pixel values corresponded to features of the local spatial structure at different regions of

the image. In CNNs, rather than manually engineering relevant kernels, a kernel is composed

of learnable weights, which can be applied to an image input, which followed by the addition

of a bias and a non-linear activation function, produces a feature map. Just as multiple neurons

are used to produce a hidden feature vector, multiple kernels can be applied in parallel to obtain

different image channels of the hidden layer feature map. While this multichannel feature map

only contains features regarding local spatial structure, it can be used as the input feature map for

a consecutive set of learnable kernels, extracting higher-level features the larger the number of

convolutional layers. An example architecture is displayed in Figure 2.4.

One of the most useful properties of CNNs is weight-sharing: the same kernel (often of signifi-

cantly smaller dimensions than the input image) applies the same weights to different regions of

the image. Typically, after multiple convolutional layers, the hidden feature maps are flattened

to obtain a feature vector that is then processed by fully-connected layers to obtain the output.

To avoid the computational complexity of fully-connected networks, it is common practice to use

pooling layers along with convolutional layers [89]. Pooling layers aggregate sub-regions of an

image/feature map using operations like the average or maximum, gradually decreasing the di-

mensions of activations before the fully-connected layers. Such layers also introduce a degree of

translation-invariance, since pixel-level activations are often aggregated with neighbouring pixels.
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Since the output is still a function of kernel weights, CNNs can still be optimized with the standard

backpropagation framework. By forcing the network to learn functions that rely on local spatial

structure, inductive bias are used to constrain the valid set of learnable functions by the network,

reducing the risk of overfitting to the data. Lastly, after training a CNN directly on image data,

the optimized kernels effectively become the feature extractors that best minimize the loss func-

tion, acting as an automatic feature extractor and bypassing the need for domain-specific feature

engineering.

While simpler computer vision tasks could be solved with relatively low errors by a wide array

of ML methods, the introduction of ImageNet, a dataset with over 15 million images of over

22,000 categories provided a challenge that proved to be too complex for feature engineering and

traditional classifiers. In 2012, a CNN architecture known as AlexNet with approximately 60

million parameters was developed for the ImageNet Large-Scale Visual Recognition Challenge

(ILSVRC), a popular challenge based on an ImageNet subset containing 1000 images of 1000

different classes. AlexNet significantly outperformed the next-best competing methods based on

feature engineering and traditional ML methods [89]. Specific architectural choices were made

to best leverage the use of GPUs for faster computation, a strong requirement for a model of

this size. The authors also implemented two methods to enforce robustness to real-world image

complexities:

• Data Augmentation: During training, randomly sampled label-preserving transformations

were applied to the images; namely image translations, horizontal reflections, and perturba-

tions in RGB intensities, synthetically augmenting the training set. This forces the model

to make predictions with invariance to such transformations, helping it generalize to unseen

test set images that may contain images from different angles and perspectives.

• Dropout: During the training, the activations of each hidden neuron is set to zero with a

probability of 0.5. This method prevents the network from becoming overly reliant on spe-

cific feature subsets, ensuring the CNN can output correct predictions with a wider variety

of features.

This inspired large volume of work into deep CNNs for solving complex image-based problems,

incrementally improving the capabilities of CNNs. For instance, in 2014, the CNN architecture

from the Visual Geometry Group, referred to as VGGNet, was made significantly deeper than

AlexNet (16-19 convolutional layers relative to the 5 used in AlexNet) by decreasing the kernel

dimensions, achieving SOTA performance in the ILSVRC challenge showing that deeper CNNs

were able to capture richer representations from images [142].

In 2015, another great contribution was that of Residual learning CNNs (ResNets) [66]. Re-

searchers identified that after a certain depth, adding layers contributed to performance degrada-

tion relative to having shallowed layers without signs of overfitting, suggesting some structural

disability. To counteract this, theorising this instability came from the difficulty of later layers

learning the identity mapping, residual connections were added to each layer: the activations of

the input to a layer are added elementwise to the output. Thus, after enough layers have been used

to extract meaningful features, the following layers only need to learn a zero-mapping, which is
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arguably easier than the identity. With a model using 34 convolutional layers with residual con-

nections, authors were able to achieve SOTA performance in the ILSVRC challenge. Along with

other future works, CNNs became pervasive across a multitude of computer vision challenges.

While the conception of CNNs was in the computer vision domain, their benefits over fully-

connected NNs are applicable to any ordered data. For instance, 1D CNNs (one-dimensional

kernels) were applied to raw audio data to achieve SOTA performance in music auto-tagging [92],

a further example of the capabilities of CNNs as automatic feature extractors. Furthermore, in

2017, 1D CNNs were also used in sequence-translation tasks, with one implementation achieving

SOTA performance in the WMT’16 English-Romanian translation task [59], reflecting how with

domain-specific architectures, CNNs are able to solve highly-complex tasks across domains based

on ordered data.

Although the inductive bias of locality in CNNs has helped multiple successful architectures solve

complex problems in different domains, the same bias can also be a limitation depending on the

underlying data structure. While the first hidden feature map pixels only correspond to information

processing from a small local region determined by the kernel size, at deeper layers, their values

are derived from a wider area of the input image, a concept referred to as the effective receptive

field (ERF) or field of view [97]. While the ERF of a CNN increases with depth, as well as some

other architectural choices, CNNs are structurally limited in capturing long-range dependencies,

as can often arise in complex document modelling in NLP.

Recurrent Neural Networks

Figure 2.5: A visual representation of a generic recurrent neural network architecture (figure
adapted from [156]).

recurrent neural networks (RNNs) can also be used to process a sequential input of the form

{x1,x2, ...,xt}, where xi ∈ Rn. RNNs compute a hidden state feature vector hi ∈ Rm for each

feature vector in the sequence. To leverage the sequential nature of the data, each hidden state is

computed as a function of the input feature vector and the hidden state computed for the previous

element in the sequence, such that:

hi = φ(Wx
T xi +Wh

T hi−1 +b) (2.28)

where φ is the non-linear activation function, hi and hi−1 are the hidden state associated with xi
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and xi−1 respectively, Wx ∈ Rn×m is the weight matrix applied to the input vector, Wh ∈ Rm×m is

the weight matrix associated with the previous hidden state vector, and b ∈ Rm is the bias added

in the computation.

Thus, the hidden state representation of each sequence element is associated recursively with

previous sequence elements. As with the previous architectures, the output hidden state feature

vectors {h1, ..,ht} can be used as the input for a subsequent layer to obtain new hidden states,

a process that can be carried out multiple times, resulting in deeper RNNs and more complex

representations. As with CNNs, RNNs uses weight sharing by using the same weight matrices

for all sequence elements, using the inductive bias that the context around different sequence

elements should be processed in the same manner regardless of where in the sequence specific

patterns are observed. Furthermore, this weight sharing also enables RNNs to efficiently handle

variable length sequences, a commonplace challenge in domains such as NLP. To optimize RNNs,

backpropagation through time (BPTT) ised used, backpropagating gradients from the final state

towards the first. Depending on the downstream task, after the final layer, the hidden state of the

final sequence element or all hidden states is processed to obtain the desired output. A generic

example architecture of an RNN is displayed in Figure 2.5.

RNNs have been incrementally improved to address specific limitations. For instance, standard

RNNs are one-directional: only past sequence elements can influence the hidden states of sub-

sequent hidden states. This can often be limiting with data modalities such as text, where for

the context of a word, subsequent words are just as important as the previous ones. Thus, bidi-

rectional RNNs were developed, where independent "forward" and "backward" hidden states are

computed from the subsequent and previous sequence elements respective, with the output of the

given sequence element being a concatenation of both states.

Another limitation of RNNs is that, despite hidden states being recursively dependent on previous

states, the contributions of previous states gradually diminishes along the length of the sequence,

preventing the model from capturing long-term dependencies and introducing a vanishing gradient

problem for earlier layers. Thus, standard RNNs computations can be replaced with two distinct

architectural components: Long Short-Term Memory units (LSTMs) [69] and Gated Recurrent

Units (GRUs) [23]. Both these networks contain multiple gating mechanisms that augment the

propagation of task-relevant long-term dependencies throughout hidden states. Within the field of

DL, RNNs with LSTM or GRU components are often referred to as LSTMs or GRUs respectively.

One successful work used GRUs for machine-translation by encoding variable-length sentences

into a fixed-length vector representation, followed by decoding the fixed-length vector represen-

tation into another variable-length sequence to solve an English to French translation task [23].

Bidirectional LSTMs have also been implemented to learn context-dependent word vector repre-

sentations, a self-supervised learning problem that returns meaningful representations of words

that can be trained further towards different downstream supervised learning objectives [127].

While RNNs elegantly handle sequential data and adaptations improved its ability to leverage

long-term dependencies, they exhibit one vital limitation. Unlike feed-forward NNs and CNNs,

the sequential computation of hidden states and BPTT during optimization cannot be parallelized,
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preventing RNNs from experiencing computational benefits from GPUs.

Transformers

While CNNs excelled at processing ordered data with local structure, they also struggled to capture

long-term dependencies. While LSTMs and GRUs are able to capture long-term dependencies in

sequential data, their incompatibility with parallelization limits the practical number of parameters

and model complexity. Transformers were introduced to resolve both challenges [151].

The original transformer was implemented with distinct encoder and decoder blocks and used

for machine translation: generating a target sequence from an input sequence. The encoder unit

processes vector representations of each element of the sequence, generating more context-aware

representations at each block. In the sequence generation task, the decoder generates the output se-

quence element at a time (autoregressively). The initial input to the decoder is the output sequence

elements generated so far, as well as the context-aware representation of the input sequence gener-

ated by the encoder. Through consecutive decoder blocks, the transformer incrementally processes

the output sequence representation by extracting relevant content from the input sequence repre-

sentation. The output of the decoder returns a prediction for the next term in the output sequence.

Rather than CNN or RNN elements, transformers use positional encodings and different variations

of attention. Positional encodings are vectors that are added to the initial sequence representation

to embed information regarding the location of each sequence element. Attention modules are

used to dynamically extract content from the sequence that is relevant to each individual sequence

element. The use of positional encodings, attention modules, as well as fully-connected layers, en-

abled transformers to learn context-aware representations from input sequences, achieving SOTA

performances in English to French and English to German translations tasks, with an order of

magnitude lower computational complexity during training.

As with other architectures, transformers can be extended to other domains with local grid-like

structure. Vision transformers (ViTs) were introduced as an alternative to CNNs by splitting im-

ages into a sequence of patches, using their embeddings with an encoder-only architecture for

image classification. While for smaller datasets CNNs achieved superior performances, for larger

datasets (tens of millions of training examples), ViTs outperformed the SOTA CNNs across dif-

ferent computer vision benchmarks [37]. Thus, when large datasets are provided and sufficient

computational resources are available, transformers exhibit strong automatic feature extraction

capabilities across a variety of tasks and domains with local grid-like structure.

2.5.7 Surface EMG-Based Deep Learning

DL models have been used to process sEMG for decades, hence are not an inherently new concept.

However, without the appropriate inductive biases, fully-connected NNs were too complex for

the small dataset sizes typically collected. Thus, most initial DL applications still relied on the

same manual feature extraction pipelines, using fully-connected NNs as one of many possible ML

models. Furthermore, from the carefully designed features used, traditional ML models performed

comparably [5] or exhibited significant performance improvements [40].
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As a spatiotemporal signal, there are numerous ways to leverage inductive biases to successfully

apply DL methods. The most widely used class of DL algorithms is CNNs, which can be used

to process both 1D and 2D ordered data. Arguably the first published implementation of CNNs

for sEMG-based ML was applied to the NinaPro gesture recognition benchmark, significantly

outperforming SVMs [124]. The input to the CNN were time-windows of recordings from all

sEMG electrodes during movement, where the temporal dimension is processed as the sequence,

and different electrodes are used as the CNN colour space. By directly processing raw sEMG, this

study showed the potential of DL for automatic feature extraction in sEMG ML models. CNN

architectures have also been designed to process sEMG time-windows with different electrodes as

colour space channels, and while outperformed in gesture classification by random forests with the

NinaPro feature set, achieved comparable performances to the general feature sets and classifiers

implemented without any feature extraction [4].

While the above CNNs leverage time-dependent inductive biases for automatic feature extraction,

treating sEMG sensors as colour space channels does not leverage any inductive biases of the

spatial structure of sEMG, which is especially limiting for a large number of electrodes. Thus,

another way to use CNNs is to treat regular arrays of multichannel sEMG as instantaneous images,

with each electrode corresponding to an image pixel. Images can either be constructed from

raw sEMG at every time point (raw images), or from time-window features, which are treated as

different colour space channels for each pixel.

From instantaneous images, implemented CNNs significantly outperformed traditional classi-

fiers on multiple publicly available gesture classification datasets (i.e. NinaPro [5], CSL [1] and

Capgmyo [38]). Despite the success of either temporal or spatial inductive biases, sEMG is in-

trinsically a spatiotemporal phenomenon. Thus, 3D CNNs have been implemented, incorporating

two spatial dimensions, and the time-axis as a third spatial dimension, which was achieved with

3D convolution kernels [18]. The implemented 3D CNN achieved significantly higher accuracies

than spatial CNNs for comparable time-windows.

RNNs have also been used for sEMG gesture recognition. In particular, drawing inspiration from

the field of video processing, which is an ordered sequence of images, sEMG signals from an

armband were processed first with a 1D CNN layer to capture spatial relationships, followed by

LSTM layers to capture sEMG temporal properties, showing strong generalization performance

across subjects in a gesture recognition task [83]. The same study also used a hybrid CNN-

transformer architecture (conformer), to capture the full spatiotemporal nature of sEMG to predict

character handwriting, also exhibiting high intersubject generalization performance. RNNs have

also been used to match MU decomposition predictions, exhibiting greater robustness to noise

than standard BSS [25].
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2.6 The Problem: Generalization & Robustness

2.6.1 Beyond Universal Convergence: The Taxonomy Of Generalization In sEMG
Recognition

Numerous ML algorithms have been implemented to decode motor intent from sEMG signals,

either through the supervision of discrete movement instructions and joint angle/force measure-

ments, or through the unsupervised extraction of physically meaningful quantities, such as syn-

ergies and MU activity. However, most successful studies have been conducted within highly-

controlled settings. Within these conditions, even high performance is not a guarantee of transla-

tion to practical applications.

As discussed in Section 2.5.1, the aim of ML algorithms is the ability to maximise some task-

relevant performance metrics on examples unseen during training, a feat known as generalization.

To quantify the generalization of models, a dataset is usually split into a training dataset used for

optimizing the model, and a test set to evaluate performance on unseen examples. This approach,

however, works under the assumption that the dataset is a representative sample of the data gener-

ating distribution. If this assumption is violated, the performance on the test set cannot be used as

an indicator of generalization.

Within the context of sEMG-based machine learning, the collected dataset must be representative

of the data generating distribution of sEMG signals and features that can be realistically observed

during its intended downstream application. In gesture classification tasks, high accuracies have

been attained on a test set composed of held-out gesture repetitions from the same recording

session [39, 86]. If the data generating distribution represents sEMG signals collected from the

same gesture set for the same subject and recording session, reported test accuracies indeed reflect

generalization.

However, if the data generating distribution represents sEMG signals from different recording

sessions and subjects, or even at different contraction levels or poses, as is often required in real-

world settings, the reported performance metrics are not an indicator of generalization. In fact,

for gesture classification, numerous studies have developed methods that exhibit high accuracy

within a recording session, accompanied by poor performance across different electrode place-

ments[63], recording sessions [60] and subjects [38]. Across these examples, ML models overfit

to the data distribution of a single subject and recording session, exhibiting poor performance in

unseen subjects and sessions.

The same analysis framework can be applied to MU decomposition. Multiple decomposition algo-

rithms have been applied independently during different contraction levels for single subjects and

recording sessions, extracting the activity of numerous MUs [72, 116]. Such linear decomposition

algorithms exhibit a high degree of generalization to unseen contractions for the same muscle, con-

traction level and recording session. This alone has been sufficient to facilitate numerous clinical

[119] and neurophysiological findings [149].

However, these algorithms depend on the assumption of a stationarity, as is the case in isometric

contractions, and are prone to overfitting when considering other conditions. In dynamic, non-
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isometric contractions, BSS methods were shown to only reliably decompose MUs to a speed of

20◦/s [118]. One method successfully tracked a large number MUs across recording sessions for

the isometric contraction level, but required the marking of the electrode placement on subjects

to prevent displacement [100]. Outside of controlled settings, it is often impractical to prevent

electrode displacement for every recording session. Thus, while MU decomposition approaches

have furthered our understanding of motor control and neurophysiology, current methods are un-

likely to generalize to different subjects, recording sessions or even non-isometric tasks, as is often

desirable in applications such as the control of prostheses or VR/AR systems.

Ultimately, different levels of generalization are required for specific downstream applications.

Model robustness can be extensively defined relative to each confounding factor (e.g. contraction

level, electrode displacement, anatomical differences). Practically, three tiers of generalization

have been widely investigated:

• Intrasession Generalization: For a single subject and recording session, ML models ex-

hibit high performance based on sEMG signals unseen during training from the same subject

and session. Models are trained with a subset of the acquired data and tested on held-out

sEMG recordings. In this context, high performances have been reported for classification

and regression tasks [39, 1, 38, 117], as well as for MU decomposition [72, 116]. This de-

gree of generalization has been leveraged for various motor control and neurophysiological

studies, but is insufficient for longitudinal tasks such as the myoelectric control of pros-

thetics, exoskeletons and VR/AR systems in daily life, as well as MU tracking. For these

downstream tasks, models would need new datasets, hence time-consuming data collection,

for every new subject or session.

• Intersession Generalization: For a single subject, given one or few recording sessions,

ML models exhibit high performance based on sEMG signals from the same subject yet

a different recording session. Models are trained with a subset of recording sessions, and

tested on held-out sEMG signals unseen during training. While numerous methods resulted

in poor intersession generalization without any information from the new session (zero-shot)

[1, 38], intersession generalization can be substantially improved by adapting the model

based on a small subset of sEMG examples from the held-out recording session (few-shot)

[1, 38, 27, 44].

While employing experimental constraints to prevent electrode displacement, a substantial

number of MUs decomposed from a single recording session have been successfully tracked

in a new recording session [100]. Despite the challenges posed by sEMG variability across

sessions, intersession generalization enables the longitudinal myoelectric control of external

devices from an initial data collection protocol. However, its practicality can be limited by

the amount of data required for adaptation for each new recording session.

• Intersubject Generalization: After training on sEMG signals acquired from a multiple

subjects, ML models exhibit high performance based on sEMG signals from unseen sub-

jects, often referred to as generic models. Generic models are trained with recordings from

a subset of subjects, and tested on signals from held-out subjects. This is substantially more
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complex than intersession generalization due to the high degree of anatomical differences

across subjects, often accompanied by poor performances [1, 60, 38]. However, recent

studies have obtained significant improvements across numerous tasks based on DL mod-

els trained on data from thousands of subjects [83]. High performances were obtained on

completely unseen subjects (zero-shot) and improved further through model personalization

based on a small subset of data from new subjects (few-shots). Intersubject generalization is

the most practical solution for longitudinal applications. In myoelectric control, this implies

that new subjects would be able to directly interact with external devices with little to no

data collection required. However, the requirement of initial data collection from thousands

of subjects is highly time-consuming and can be unfeasible for downstream healthcare and

clinical applications.

Given the limitations of intrasession generalization and the dependence of intersubject general-

ization on intensive data collection protocols, this thesis focuses primarily on subject-specific

intersession generalization. However, achieving robustness in this domain requires isolating the

specific physical mechanisms that drive distribution shifts between sessions.

2.6.2 Subject-Specific Intersession Generalization: The Relevance of Electrode Dis-
placement

There are numerous confounding factors that change the sEMG distribution between two record-

ing sessions. While some factors are also present in less controlled settings for the intrasession

scenario, all are relevant to prevent overfitting to the sEMG from the motor tasks in the training

set. Some of the primary ones are:

• Electrode Displacement: Also known as electrode shift, this factor refers to the displace-

ment of electrodes relative to muscle fibre sources between two recording sessions. At the

skin surface, a displacement of an electrode significantly impacts the volume conduction

effects for underlying active sources (see Section 2.2.2 for more information on volume

conduction). Thus, sEMG-based ML models are highly sensitive to any electrode place-

ment deviations between two recording sessions, with a displacement of even 1 cm having

significant impacts in generalization performance [63].

• Contraction Level: During isometric contractions, the contraction level affects which MUs

within a muscle are active and their respective firing rates. Additionally, during dynamic,

non-isometric tasks, the contraction of muscle fibres results in a geometric change to muscle

anatomy that can significantly affect volume conduction. The former is especially relevant

in classification tasks, where a discrete movement can be performed with variable force

levels, increasing the within-class variability [16]. While this aspect is naturally captured

by regression models, the change in volume conduction during dynamic tasks is also a

significant problem. While MU decomposition has been successfully applied to isometric

contractions at different force levels, the requirement of stationarity limits its application to

fast dynamic contractions [118].

• Limb Position & Posture: The position and posture of limbs during movements (or at-
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tempted movements) plays a significant role in sEMG fluctuations, as these affect the in-

fluence of gravity and biomechanical constraints of movement. Thus, across sEMG-based

machine learning, variability in the limb position and posture can result in significant per-

formance detriments [16].

• Movement Technique: During sEMG acquisition, users are often unable to perform move-

ments (or attempted movements) with perfect consistency across repetitions. In patients

with motor impairments, this may be due to compensatory movements during neurorehabil-

itation [98]. More generally, in classification tasks, discrete movements can often be gen-

erated with different techniques in different repetitions. If the training set is composed of

movements that cannot capture these inconsistencies, generalization to different movement

techniques can be limited.

• Powerline Interference: When using an AC power source, as in common wall outlets, this

sinusoidal signal can be radiated to the surroundings, often contaminating low-amplitude

sEMG measurements in its vicinity. When unaccounted for, sEMG SNR can be low and

models can be sensitive to the specific distribution of powerline interference observed during

a single recording session.

• ECG Interference: Electrical activity of the heart is a prominent interfering component for

sEMG recordings, especially in trunk muscles which is called an electrocardiogram (ECG)

artifact. When unaccounted for, models can be sensitive to the specific distribution of ECG

activity observed during a single session [113].

• Movement Artifacts: When movement is generated at the skin-electrode interface due

to the motion of muscles underneath the skin, or when a force impulse travels along the

muscle and skin under the electrode, low-frequency movement artifacts are introduced to

the acquired signal [31].

• Baseline Noise Fluctuations: Additional noise sources originate from the electronics of

the amplification system (thermal noise) and at the skin-electrode interface (chemical noise)

[31]. Fluctuations in baseline noise result in models overfitting to the noise distribution of

the recording session used in the training set.

For intersession generalization, ML models must be invariant to the aforementioned confounding

factors. With appropriate sEMG signal preprocessing, some of these factors can be tackled be-

fore any feature extraction and modelling. For instance, digital filters such as bandstop filter [38]

filters are typically applied to sEMG recordings to reduce contributions from powerline interfer-

ence, which contains only a single frequency component (at 50 Hz or 60 Hz). Additionally, given

their low-frequency content, movements artifacts can be mitigated by using a bandpass low cutoff

frequency of 20 Hz [31].

Furthermore, for myoelectric control of external devices, not only can models be trained to capture

variability of movements (or attempted movements), but users can also adapt to a specific model

during control tasks through experience. In particular, it has been shown in classification-based

myoelectric control tasks that subjects with more experience using the controller generated sEMG
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signals with greater separability between classes, improving downstream performance [14]. Thus,

users can likely minimize sEMG variability due to movement technique, as well as limb position &

posture and contraction level through experience, as all these factors can be modulated volitionally.

One key confounding factor that cannot be mitigated through digital filtering or experience is elec-

trode displacement. While subjects can volitionally control force, limb position, posture and gen-

eral movement technique, electrode displacement is entirely a function of the placement strategy.

Therefore, within the context of subject-specific intersession generalization, this thesis primarily

focuses on mitigating the effects of electrode displacement.

2.7 Current Solutions For Mitigating The Effects Of Electrode Dis-
placement

From an ML perspective, intersession generalization implies the model exhibits high performance

across the true data generating distribution, which includes variability in electrode placement,

among other factors that may naturally occur across recording sessions. The challenge is that

sEMG signals from a single session are not representative of the true data generating distribution

(i.e. all possible recording sessions). Therefore, various methods have been developed to learn

meaningful representations that exhibit robust performance on unseen recording sessions. While

some were developed to explicitly mitigate the effects of electrode displacement, other methods

have focused on mitigating general intersession differences from a statistical adaptation perspec-

tive.

2.7.1 Session-Invariant Representations

Large-Scale Pre-training

The most direct way to tackle intersession generalization is through further data collection. The

inclusion of multiple recording sessions ensures the training set is a more representative sample of

the data generating distribution. While improvements were observed with an increasing number

of recording sessions in the training data, performance still remained low when training on four

recording sessions. While this can be theoretically improved with a larger number of sessions,

collecting dozens of recording sessions per subject is impractical for downstream applications.

Thus, large-scale training is limited for intersession generalization and instead, methods must be

developed to extract robust representations from one or few recording sessions.

Robust Feature Extraction

In traditional sEMG-based machine learning, feature engineering is used to transform sEMG sig-

nals into feature vectors, followed by a model optimized to make predictions based on these ex-

tracted examples. To construct feature sets, inductive biases based on domain knowledge are

leveraged to obtain representations that are predictive of the quantities of interest for the down-

stream task [40, 39, 86]. In this context, feature representations may be engineered to be invariant

to confounding factors like electrode displacement, where the training dataset is representative of
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the data generating distribution within that feature space. However, most features extracted only

leverage inductive biases based on temporal dependencies, often being sensitive to electrode dis-

placement. Assessments of feature stability have indicated that despite variations in robustness,

classification accuracies remain low (< 60%) under electrode displacement [150].

Therefore, researchers have also investigated feature engineering approaches that leverage spatial

inductive biases to reduce the effects of electrode displacement. The variogram, a prominent fea-

ture in geostatistics, was introduced to the sEMG-based ML domain. The variogram was estimed

as the mean-square of differences between electrode pairs from HD-sEMG arrays separated by a

constant spatial lag h. By treating electrodes pairs as different realizations of the same stochas-

tic process, the experimental variogram introduces a location-invariant feature. Across simulated

electrode displacements of 1 cm along different orientations, the experimental variogram achieved

significantly higher accuracies (≈ 90% for nine discrete movement classes) than time-domain fea-

tures using an SVM [144].

Another promising approach applied to HD-sEMG arrays is that of common spatial patterns

(CSP), popularized in EEG, which finds a projection of channels that minimises the variance

within classes while maximizing the variance between classes [122]. Under simulated electrode

displacements of 1 cm, the CSP-based approach significantly outperformed time-domain features

and spatial variograms, achieving an accuracy of≈ 80% for transversal displacements and≈ 95%

for longitudinal displacements for a task with eleven discrete movements.

Despite the promising results in mitigating simulated electrode displacement within the same

recording sessions, neither spatial variograms nor CSP have been directly applied to measure

true intersession generalization performance. Thus, despite effectively mitigating simulated dis-

placements, such methods may be highly sensitive to other confounding factors in the data. In

particular, performance across sessions was shown to degrade for LDA-based classifiers, which

relies on similar assumptions to CSP [152]. Therefore, while successfully mitigating electrode

displacement, current feature engineering approaches are likely insufficient for robust intersession

generalization without some adaptation to data from new recording sessions.

Data Augmentation Strategies

As previously discussed, while in the ideal case the training dataset is a representative sample of

the data generating distribution, collecting multiple recording sessions per subject is often an im-

practical approach to achieved this. However, if the transformations that occur to sEMG signals

across recording sessions can be mathematically approximated, the dataset can be synthetically

augmented by applying randomly sampled transformations, a framework known as data augmen-

tation. In computer vision, AlexNet [89] popularized the use data augmentation by applying ran-

domly sampled translations to images, increasing the effective training dataset size and improving

generalization to pixel displacements [89]. Within the context of sEMG, since image processing

techniques can be applied to signals acquired with constant IED, this data augmentation strategy

can be directly leveraged to generalize across electrode placements.

For instance, the effect of including virtually translated versions of 2D HD-sEMG recordings in
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the training set was investigated in a gesture classification task with seven discrete movements

[155]. Data augmentation improved classification accuracy by ≈ 10% on held-out repetitions

of the same session with synthetically introduced electrode displacements of up to 1 cm. More

recently, synthetic translations have also been used to further augment datasets collected from

thousands of subjects to improve intersubject generalization across motor tasks [83]. While data

augmentation holds promise, performance improvements in real intersession conditions have not

been widely investigated.

2.7.2 Domain Adaptation

When the aim is to extract session-invariant representations, the data generating distribution is as-

sumed to cover all possible sEMG recording sessions. From this premise, feature vectors x ∈ Rn

are extracted from a single recording such that the training set is representative of the data gen-

erating distribution P(X ,Y ) across sessions. This is often referred to as zero-shot generalization.

Alternatively, distinct recording sessions can be treated as samples from related, but dissimilar

data generating distributions, often referred to as domains. Based on a subset of data from a new

recording session, the model is adapted to the new domain. This process is known as domain

adaptation (DA), and is an example of few-shot generalization [11].

In particular, trained supervised ML models effectively estimate the posterior distribution P(Y |X),

also known as the target concept, based on the domain D = P(X ,Y ) from which the dataset is

sampled. In DA, given a model optimized on a dataset sampled from a source domain DS =

PS(X ,Y ), the aim is to adapt it to a new target domain DT = PT (X ,Y ) such that the final model

is the optimal estimate of PT (Y |X). Different factors can contribute to the domain shift to be

mitigated, and can be categorized as the following:

• Label Drift: Changes to the label balance P(Y ). While the true target concept P(Y |X)

remains constant, the change in label propensity (e.g. number of samples for each joint

orientation in a regression task) renders the learned model suboptimal.

• Covariate Shift: Changes to the covariate (input) distribution P(X). While the target con-

cept P(Y |X) remains constant, the change in probabilities of feature representations (e.g.

number of samples at different contraction levels per movement in classification task) ren-

ders the learned model suboptimal.

• Concept Drift: While class and covariance distributions remain fixed, the underlying target

concept P(Y |X) has changed. Practically, concept drift can be further separated into two

sub-categories based on its origins:

– Real concept drift: The physical process behind the data generating distribution has

changed. For instance, real concept drift occurs when users perform discrete move-

ments with a different technique, changing the relationship between sEMG signals and

a given class.

– Virtual concept drift: While the physical process has not changed, the observations

based on this process have changed, resulting in a change in target concept. For exam-
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ple, while a user performs discrete movements in the same manner, the sEMG prop-

erties can change due to changes in noise properties, electrode placement, effectively

changing the target concept.

Since for sEMG-based ML tasks, acquisition protocols are designed to collect balanced datasets,

intersession variability can be treated as a concept drift. More specifically, when addressing con-

founding factors only at the signal acquisition level (e.g., electrode displacement, baseline noise,

etc) intersession generalization challenges are framed as realizations of virtual concept drift. The

same framework can be applied to the adaptation of unsupervised models by replacing the label Y

with latent representation Z without loss of generality.

Model-Based Adaptation

Model-based adaptation approaches work upon the premise that, even if model parameters θ ∗S
optimized on source domain data are sub-optimal when applied to data from the target domain,

θ ∗S must be a better estimate of θ ∗T than random. Under these conditions, θ ∗S is assumed to be a

better initialization than random when determining θ ∗T from a small calibration set. Since model-

based adaptation directly updates the estimate of P̂(Y |X), it can be used to mitigate any structure

of concept drift.

The effect of model-based adaptation on classification performance across recording sessions was

investigated based on the structure of LDA and quadratic discriminant analysis (QDA) [152].

Classifiers were trained with a single session to classify eight hand gestures using sEMG based on

a single time-domain feature per channel. For subsequent sessions, one repetition of each gesture

was used to update the class means and covariances and held-out repetitions were used as the

test set. This approach yielded significant improvements over training classifiers from scratch,

achieving > 90% across all days in healthy subjects. However, for amputees, this adaptation

method did not significantly outperform a classifier trained from scratch on the adaptation set.

Since DL models require substantial amounts of data to exhibit high generalization performance,

DA enables the use of these models in new domains where sampled data is scarce, as with sEMG

recordings. Multiple studies have trained deep NNs on sEMG recordings from multiple subjects,

and used DA methods on an adaptation set sampled from the target domain [159, 27, 83]. In

particular, these methods used the parameters of this generic model as the initial conditions for

gradient-based optimization on the adaptation set, a process known as fine-tuning. This approach

resulted in an accuracy improvement of≈ 50% in a gesture classification task relative to randomly

initializing model parameters when optimizing on the adaptation set [159]. However, this method

faces a scalability issue: to prevent the model from becoming biased toward specific regions of

the output space, the adaptation set must densely cover the target distribution (e.g., at least one

repetition of every gesture). This calibration burden grows significantly with the complexity of the

task, becoming impractical for systems requiring high-dimensional control.

Since acquiring a fully labelled adaptation set can be cumbersome, an alternative approach is unsu-

pervised model-based adaptation. One deep-learning specific approach applied to sEMG gesture

recognition is known as adaptive batch normalization (AdaBatch), where adaptation is performed
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by updating the layer normalization statistics using unlabelled target domain data [38]. While

accuracy improved by 15% when using AdaBatch, performance remained low (< 70%) while

considering practical system response times. Another unsupervised technique known as domain

adversarial training was applied to sEMG signals. In this context, domain-adversarial neural net-

works (DANNs) are trained by extending the network to have two final outputs: the label to predict

from the input, and an adversarial classification task, which aims to classify examples as originat-

ing from either the source or target domains. However, the performance of the domain classifier is

minimized, such that the final network representation is maximally domain invariant, an objective

known as adversarial training. When adapting to all available data in the new recording session,

significant improvements were observed relative to no adaptation or the use of AdaBatch [26].

However, performance still remained below that reported from supervised model-based adaptation

studies. This is consistent with previous research that showed that supervised adaptation signif-

icantly outperformed unsupervised methods [140]. Crucially, unsupervised adaptation does not

eliminate the requirement for an adaptation set with balanced label distributions. If the user’s be-

haviour during the adaptation set is biased towards specific movements (e.g., primarily flexing the

wrist), the adaptation updates will skew the model parameters toward those regions, potentially

degrading performance on the unobserved regions of the output space. Thus, model-based adapta-

tion methods that do not leverage inductive biases to mitigate concept drift are effective, but may

be limited by the required amount of calibration data.

Input-Based Adaptation

Model-based adaptation aims to mitigate concept drift by adapting the estimate P̂(Y |X), which

implicitly assumes that fundamental relationship between examples and labels (or latents) has

changed. In the case virtual concept drift, the problem can be framed as inverting the effects of

intersession changes at the input level while the model remains static, a process that can be referred

to as input-based adaptation.

Let fθ be a function parametrized by parameters θ optimized on the training dataset sampled

from the source domain, such that Dtrain ∼DS. Under the assumption that the effects of electrode

displacement preserve the underlying signal topology (i.e., is bijective), its effects can be modelled

with a deterministic function, h, such that PS(h(X),Y ) = PT (X ,Y ). From this premise, input-based

adaptation is framed as optimizing the parameters φ of the function gφ : Rn→Rn on an adaptation

set from the target domain while parameters θ ∗S optimized on the training set remains static. This

process generates an induced distribution PT (gφ (X),Y ) that approximates the source domain, such

that:

PT (gφ (X),Y )≈ PT (h−1(X),Y ) = PS(X ,Y ) (2.29)

Thus, input-based adaptation transforms the target examples such that the source domain opti-

mal model is optimal in the target domain. Most importantly, focusing on input-based instead of

model-based adaptation, inductive biases based on extensive understanding of the physical ori-

gins of intersession variability can be leveraged. In particular, when using an sEMG electrode
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array with constant IED, the effects of electrode displacement can be modelled with virtual spatial

transformations. Well-established in computer vision [78], virtual translations can be applied to

1D arrays, as well as rotations, scaling and shear to 2D arrays.

Amma et al., (2015) investigated the use of a spatial input-based adaptation for a hand gesture

classification task with 2D HD-sEMG arrays placed along the circumference of the forearm [1].

Furthermore, this study assumed that the key contributor to intersession variability was a transver-

sal translation of the array (along the forearm circumference), as these translations were shown to

cause significantly larger detriments in performance relative to longitudinal displacements [63].

Authors employed two unsupervised image-based methods to estimate specific anatomical land-

marks from sEMG features, and estimate the optimal translation as the distance between land-

marks identified in different sessions. When using three repetitions of a single gesture from a set

of 27 classes as the adaptation set, intersession classification accuracy improved by ≈ 15%.

Another unsupervised input-based adaptation method determined the transversal and longitudinal

translations that minimized the distance between time-domain features across all channels [160].

Thus, input-based adaptation methods that explicitly model spatial transformations were able to

improve intersession generalization, in some cases even with a subset of the complete label dis-

tribution. However, current spatial transformation approaches often leverage inductive biases that

are acquisition set-up specific, and only leverage input sEMG features, neglecting relationships

learned by the model.

The above methods modelled the intersession changes with a function gφ constrained to the

space of affine transformations, leveraging inductive biases of the effects of electrode displace-

ment. However, different function classes can be chosen depending on the desired outcome.

One approach introduced mitigates intersession changes with gφ representing a channel-wise lin-

ear transformation [85]. For validation, an LSTM gesture classifier ( fθ ) was trained based on

time-windows from sEMG arrays. For new recording sessions, parameters θ ∗S were frozen, and

a channel-wise linear layer at the input was optimized using an adaptation set. By optimizing

an input transformation jointly with the static mapping optimized on the training set, the adapta-

tion procedure implicitly leverages the complex temporal patterns learned by the LSTM model.

When modelling every transformed channel as a linear mixture of all channels, gφ can implicitly

represent spatial transformations (with billinear interpolation) and impedance changes based on

sEMG amplitude scaling. This adaptation method improved intersession accuracy by≈ 37% rela-

tive to no adaptation. A linear transformation has more capacity than a few spatial transformation

parameters, hence can mitigate a greater extent of intersession confounding factors. However,

the increased model capacity of linear layers increases the risk of overfitting, likely requiring

a representative sample from the complete label distribution, experiencing similar challenges to

model-based adaptation methods.

2.7.3 Motor Unit Tracking

From a probabilistic perspective, the convolutive mixture model assumes the conditional distribu-

tion P(X |Z), where Z is a random variable corresponding to MU activity. Thus, MU decomposi-

tion provides an estimate of the posterior distribution P(Z|X). When MU decomposition is applied
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Figure 2.6: Visualization of MUAP distributions of tracked MUs from the intersession MU track-
ing study of Martinez-Valdes et al., (2017). Results were obtained from HD-sEMG recordings
from the vastus lateralis (VL) and the vastus medialis (VM). As shown, for a fixed electrode place-
ment, MUs maintain relatively consistent MUAP distributions across recording sessions (figured
adapted from [100]).

to multichannel sEMG recordings, the estimate P̂(Z|X) is obtained for a given contraction level

and recording session. Particularly, for convolutive BSS, linear convolutive filters are obtained for

each MU that are fully dependent the volume conduction effects between every MU and channel

pair. MU decomposition extracts a large number of MUs with high rates of agreement within a

recording session and contraction level, exhibiting high levels of intrasession generalization [72,

116]. On the other hand, confounding factors across sessions changes volume conduction effects,

rendering extracted filters as sub-optimal. Under the assumption that the physical sources (i.e.

MUs) do not significantly change across sessions, decomposition methods can be applied inde-

pendently for different sessions, having a high probability of decomposing a common subset of

MUs. However, given the unsupervised nature of decomposition, this approach loses the one-to-

one correspondence between MUs between recordings, limiting its use in applications that require

the longitudinal decoding of the same MUs.

Traditionally, MU tracking refers to the matching of MUs independently decomposed across dif-

ferent conditions. For isometric contractions of different contraction levels within the same record-

ing session, volume conduction effects are assumed to remain the same, and sEMG differences are

primarily reflected by the active MUs and their respective firing rates. In this context, MUs have

been successfully tracked by comparing the MUAP distributions between MUs across contraction
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levels [7]. Martinez-Valdes et al., (2017) applied this approach for tracking MUs across record-

ing sessions. By preventing electrode displacement with markings on the skin, the comparison of

MUAP distributions enabled the successful tracking of MUs across sessions [100], reflected by

the consistent MUAP distributions per MUobserved across sessions. This suggests that mitigating

the effects of electrode displacement on decomposition would enable the tracking of MUs across

sessions under more realistic conditions.

By framing MU tracking across sessions as an intersession generalization problem, solutions pro-

posed in other sEMG-based ML tasks can be considered. Given the current dependence of de-

composition on linear approaches, it is likely unfeasible to learn session-invariant filters. Further-

more, as with other tasks, the challenges in intersession tracking can be framed as virtual concept

drift, as MU properties at every location on the skin surface are expected to be approximately

the same across sessions. In this formulation, tracking can be reframed as adapting filters opti-

mized on source domain, such that they are optimal on the target domain. This suggests the use of

input-based adaptation methods, which in this context, would imply transforming the input sEMG

signals such that the original convolutive filters are optimal in the new recording session.

The ability to consistently track MUs across recording sessions would enable valuable clinical

applications by providing a window into neuromuscular function over time. This methodology

could, for instance, be used for single motor unit biofeedback control in SCI patients [119], as

well as the longitudinal monitoring of disease progression in neuromuscular conditions such as

amyotrophic lateral sclerosis (ALS) [153].

2.8 Summary & Research Rationale

Within the context of sEMG-based ML, while the majority of studies have focused on intrasession

generalization, this condition is limited in various myoelectric control tasks within realistic con-

ditions. While intersubject generalization is the most desirable solution, the only study that has

exhibited zero-shot intersubject generalization required a time-intensive data collection protocol

involving thousands of subjects [83], an approach that may be limiting for downstream clinical

and healthcare applications. Furthermore, this study also showed that intersubject generalization

could still be substantially improved upon using a personalization procedure, requiring subject-

specific data collection from new recording sessions. Thus, the primary focus of this thesis is to

investigate methods to ensure practical intersession generalization of subject-specific models.

To address this, I first investigate whether robustness can be achieved solely through data-centric

methods, specifically spatial data augmentation. However, recognizing the limitations of purely

static augmentation strategies, I subsequently hypothesize that active adaptation is required. I

therefore propose an input-based DA framework that explicitly models electrode displacement,

aiming to optimally transform inputs using only a sparse subset of calibration data. Finally, to

demonstrate that this physical inductive bias is not task-specific, I extend this input-based adapta-

tion framework to the unsupervised domain of MU tracking, validating its utility beyond standard

gesture classification.
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Chapter 3

Invariance Learning: Tackling
Electrode Displacement With HD-EMG
Electrode Subsets

3.1 Introduction

Surface electromyography (sEMG) measures muscular activity from the skin-surface. Thus, it has

been extensively explored as a non-invasive method to decode movement intention for interfacing

with virtual environments [43], neural prostheses [55] and exoskeletons [110]. Traditionally, the

sEMG control problem is modelled as a gesture1 classification or joint-angle regression based on

short sEMG intervals [156]. Despite its prowess in laboratory conditions, sEMG-based machine

learning methods for myoelectric control have not yet been widely adopted commercially due to

limited robustness to sources of interference encountered in day-to-day use.

sEMG signals have multiple sources of variability, such as anatomical differences among subjects,

non-stationarities due to force variations and limb position [16], as well as electrode placement.

This prevents not only generalization across subjects, but also across sessions for a single subject

without repeated calibrations [38]. In particular, electrode displacement, which refers to displace-

ment in electrode position across recording sessions, results in significant drops in performance

for even small distances. A 1 cm displacement in a simple task with 10 gestures can result in

an average accuracy drop of 25% [63]. Interestingly, this drop in performance was significantly

reduced by introducing data from different electrode placements in the training distribution.

While deep learning has shown remarkable prowess in learning invariances to such perturbations,

it relies on the existence of enough data to cover the input distribution with fidelity. Unlike other

domains, such as computer vision or natural language processing, where deep learning with large

datasets has led to significant advancements, sEMG data collection requires time-consuming ses-

1Throughout this thesis, the standard term gesture is used as a macro-level class label for configurations of sustained
isometric muscle effort rather than physical movement. In this context, these efforts are captured by the isometric data
profiles from the Capgmyo dataset. See the front-matter Glossary for the complete methodological definition.
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sions, expensive equipment and trained personnel, making available data scarce. In practice, either

simpler models are investigated with adaptive training [38], few-shot learning [38], or traditional

feature extraction pipelines are employed [39, 86, 5, 128].

Deep learning has also been used to leverage high-density surface electromyography (HD-sEMG)

grids, which provide sEMG at higher dimensionality and spatial resolution [38, 44]. However,

despite the useful information, the data variability is even higher due to its high-dimensionality.

Other methods to mitigate the effects of electrode displacement have been explored, such as adopt-

ing a more robust electrode configuration [158], borrowing from convolutional neural networks

(CNNs) in computer vision to learn HD-sEMG translation invariance [155], as well as including

signals from different electrode placements in the training dataset [64]. Training on multiple HD-

sEMG channel subsets has been explored as a performance comparison to position verification

[65], and treating different HD-sEMG grids as a set of simultaneously acquired low-dimensional

inputs has been explored in gait cycle prediction [82].

Therefore, I propose training on subsets of HD-sEMG channels as an end-to-end solution for

gesture recognition and evaluate its effect on intersession performance. The concept is to en-

able translation from robust algorithms trained on HD-sEMG datasets to simpler, low-density

EMG systems, such as set-ups used in [5]. The findings suggest that using the remaining data

for data augmentation increases the number of samples per trainable parameter, with a resulting

gesture classifier that is more resistant to electrode displacement. However, despite significant

improvements, final intersession accuracy was low relative to previously defined success criteria.

In summary:

1. I show that by including subsets of channels at different placements during training (i.e.

electrode displacement data augmentation), classification algorithms become less sensitive

to electrode displacement, congruent with past literature [63, 64].

2. This augmentation approach results in higher intersession accuracy than training on all avail-

able channels at a lower computational complexity.

3. Despite improvements, spatial data augmentation resulted in low intersession accuracy (<

45%) relative to the success criterion defined in Chapter 1 (accuracy ≥ 85%).

The proposed method was evaluated using the publicly available Capgmyo dataset [38].

3.2 Methods

3.2.1 Dataset

In this study, experiments were carried out using the raw HD-sEMG data from the Capgmyo

dataset [38], which recorded signals via a differential, silver, wet electrode array as shown in Fig-

ure 3.1, resulting in 128 simultaneous channel recordings acquired at 1000 Hz [154]. As shown in

Figure 3.1, eight HD-sEMG sub-grids were placed with an untargeted placement strategy, spaced

uniformly along the circumference of the forearm. The dataset is split into 3 subsets. Experiment

I used data from subset DBa, containing single sessions from 18 subjects, whereas Experiment II
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Figure 3.1: Schematic of channel subset sampling procedure for spatial data augmentation ap-
plied to the Capgmyo dataset set-up. Three training conditions are considered: (i) training only
on the central channel subset, where one channel per acquisition channel is considered; (ii) train-
ing/testing on all (128) channels; (iii) training on all valid channel subsets, where only longitudinal
translations are considered.

used data from DBb, containing two sessions for each of the 10 subjects. Due to data corruption

in the last subject’s recordings, this experiment was carried forward with the first 9 subjects.

Each session consisted of 10 repetitions of 8 isotonic and isometric gestures (G = 8): (i) raising

thumb upwards, (ii) middle/index finger extension with flexion of remaining fingers, (iii) flexion of

ring and little finger with extension of remaining fingers, (iv) thumb opposing base of little finger,

(v) abduction of all fingers, (vi) finger flexion in a fist, (vii) pointing index and (viii) adduction of

extended fingers. Each gesture was held for 3-10s.

Due to the reaction time of the subjects after receiving instructions, acquired labels may not per-

fectly match gestures. Therefore, as in [38], only the central 1s interval of each gesture was

considered in this study. Time-window and stride durations of 256ms (T = 256) and 15ms were

used respectively. For Experiment I, windows from half of the repetitions of each gesture were

assigned to the training set and the remaining half to the test set, resulting in a train/test size of

1960 instances. For Experiment II, the train/test sets were each of the two sessions of a subject,

resulting in train/test sizes of 3920 instances.
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Figure 3.2: The temporal VGGNet variant architecture. The network consists of a number of
TVGG blocks consisting of two temporal convolutions, a maxpool and spatial dropout. Each
TVGG block doubles the number of channels, while keeping the temporal dimension constant.

3.2.2 Electrode Subset Sampling

Gesture classification is a supervised learning task, with the aim of optimizing parameters θ of a

classification model defined as fθ : Rn→{1, ...,G} that maps input sEMG examples, represented

as feature vectors x ∈ Rn into G discrete gestures. This optimization is performed given a dataset

D = {(xi,yi)}|D|i=1, assuming D samples are independent and identically distributed (iid) and repre-

sentative of the underlying data generating distribution. Since sEMG datasets are often sparse, the

aim was to learn a function fθ that is not only optimal in a single recording session, but exhibits

high generalization performance across sessions.

Therefore, I introduced the use of electrode subset sampling as a form of augmentation, with the

trade-off of increased effective training set at the cost of the number of input channels, displayed

in Figure 3.1. For the Capgmyo data collection protocol, HD-sEMG arrays of 8 rows and 16

columns were used to obtain high-density coverage of the forearm. In this study, instead of using

sEMG signals from all channels as inputs, I treated 8 evenly spaced electrode subsets from each

row as different lower dimensional recording sessions. While using data from a single recording

session, the training dataset used mimicked a low-dimensional training set collected at 8 different

locations such as those used in [5].

Since only different rows were considered, classification models were probed to learn represen-

tations invariant to longitudinal electrode displacements. Relative to the central channel subset,

given the grid geometry, this provided a maximal displacement of 2.4 cm distally and 3.2 cm prox-
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imally [154]. Transversal displacements relative to muscle fibre orientation were not included

in this study. By treating electrode displacement as a function h : Rn → Rn, this method reg-

ularizes model parameters θ such that an electrode displacement invariant mapping is obtained

fθ (h(x)) = fθ (x).

3.2.3 Preprocessing & Machine Learning

Power-line interference was reduced using a digital bandstop filter (45-55H Hz, second-order But-

terworth) and all channels were standardized across gestures. As evident from the literature [38],

conventional deep learning approaches exhibit limited zero-shot intersession generalization capa-

bilities. This is usually mitigated with calibration frameworks such as domain adaptation (DA)

[38, 27]. The primary focus of this study was to enhance intersession generalization of differ-

ent machine learning models without relying on data from the target recording session. Thus, I

considered a temporal CNN architecture, as well as traditional feature sets commonly applied in

sEMG-based machine learning tasks.

I implemented a CNN inspired by the VGG architectures extensively used in the computer vision

domain [142], with a detailed description provided in Figure 3.2. The architecture used, named

temporal VGGNet (TVGGNet), uses 1D temporal convolutions for sEMG time-windows, treating

signals from different electrodes as colour space channels. The primary objective was to assess the

effectiveness of the electrode subset sampling method across various machine learning tools rather

than pursuing state-of-the-art (SOTA) results. To achieve this broad applicability, I opted for this

popular CNN architecture, upon which many more complex models have been built. Furthermore,

the experiments in this study required a network that can process different input sizes, which is

something this versatile architecture can perform well [142].

Four traditional SOTA feature sets were also implemented: Hudgin’s time-domain (TD) features

[39], the enhanced time-domain (ETD) features from [86], the best performing features from the

original NinaPro dataset publication [5], and the SampEn feature set, which was shown to be the

feature set with most stable performance across days [128]. Classification was carried out via

linear discriminant analysis (LDA).

3.3 Experimental Analysis

3.3.1 Experiment I: Electrode Displacement Generalization

The first line of inquiry was to investigate whether the feature sets and network architectures

considered can generalize to longitudinal displacements with the inclusion of such displacements

during training. Training and testing sets were created with a 50:50 split by including every other

gesture repetition in each respective set.

For all feature sets (and TVGGNet), four conditions were considered, where methods could be

trained and/or tested on either data from the central subset (CS) or from all valid subsets (AVS):

1. (CS-CS): training/testing on the central subset for baseline performance
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Table 3.1: Intrasession test accuracy across Experiment I settings and feature sets (and TVGGNet),
averaged across subjects in DBa.

CS-CS AVS-AVS AVS-CS CS-AVS

TD 0.920 ±0.050 0.867 ± 0.047 0.896 ± 0.058 0.659 ± 0.104

ETD 0.944 ± 0.036 0.920 ± 0.033 0.930 ± 0.045 0.672 ± 0.104

NinaPro 0.909 ± 0.057 0.869 ± 0.050 0.891 ± 0.061 0.661 ± 0.098

SampEn 0.950 ± 0.043 0.904 ± 0.046 0.915 ± 0.053 0.646 ± 0.133

TVGGNet 0.861 ± 0.055 0.837 ± 0.060 0.873 ± 0.055 0.706 ± 0.075

Avg. Score 0.917 ± 0.057 0.879 ± 0.055 0.901 ± 0.059 0.667 ± 0.104

2. (AVS-AVS): training/testing on all valid subsets to validate whether models are expressive

enough to capture full augmented distribution

3. (AVS-CS): training on all valid subsets and testing on central subset to evaluate whether

performance drops at specific locations

4. (CS-AVS): training on central subset and testing on all valid subsets to evaluate the effect

of electrode displacement on performance in a usual experimental set-up

The test performance averaged across subjects for each condition is shown in Table 3.1. A

one-way ANOVA test indicated that the implemented feature sets and the TVGGNet do not ex-

hibit significantly different test accuracies (F(3,284) = 1.640, p = 0.164). Thus, the average

score across feature sets and TVGGNet was considered in this analysis. Given that a Levene

test did not support the assumption of homogeneity of variances across experiment conditions

(F(3,68) = 5.654, p = 0.002), non-parametric tests were used to compare test accuracies across

experimental conditions. Wilcoxon signed-rank tests exhibited significant differences when com-

paring experimental conditions (CS-CS) and (AVS-AVS) (V = 171, p < 0.001), (CS-CS) and

(AVS-CS) (V = 156, p < 0.001) and (CS-CS) and (CS-AVS) (V = 171, p < 0.001). However, it is

important to note that while average test performance only reduced relative to (CS-CS) by 4% and

2% for (AVS-AVS) and (AVS-CS) respectively, there is a 25% drop for (CS-AVS). This suggests

that training on all valid subsets has a regularizing effect across models, where marginal drops in

performance are seen in controlled conditions and far larger improvements are seen in conditions

under electrode displacement.

3.3.2 Experiment II: Intersession Performance

Given that electrode displacements can result in significant performance degradation across ses-

sions [157], the effect of my electrode displacement generalization method was evaluated on in-

tersession performance. For each subject, data from one session was added to the training set and

data from the remaining session was added to the testing set. Three conditions were considered:

1. (AVS): training on all valid channel subsets and testing on central channel subset
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Table 3.2: Intersession test accuracy across Experiment II settings and feature sets (and TVG-
GNet), averaged across subjects in DBb.

AVS CS AC

TD 0.407 ±0.199 0.343 ± 0.142 0.198 ± 0.108

TD (PCA) 0.416 ±0.198 0.393 ± 0.132 0.368 ± 0.219

ETD 0.425 ± 0.211 0.363 ± 0.162 0.226 ± 0.115

ETD (PCA) 0.437 ± 0.209 0.367 ± 0.153 0.414 ± 0.215

NinaPro 0.407 ± 0.205 0.335 ± 0.158 0.205 ± 0.105

NinaPro (PCA) 0.425 ± 0.170 0.394 ± 0.125 0.396 ± 0.216

SampEn 0.448 ± 0.217 0.369 ± 0.173 0.229 ± 0.111

SampEn (PCA) 0.412 ± 0.204 0.385 ± 0.163 0.421 ± 0.220

TVGGNet 0.420 ± 0.183 0.365 ± 0.156 0.394 ± 0.192

Avg. Score 0.421 ± 0.198 0.355 ± 0.155 0.250 ± 0.146

Avg. Score (PCA) 0.422 ± 0.188 0.381 ± 0.143 0.399 ± 0.207

2. (CS): training/testing on central channel subset

3. (AC): training and testing with a model that used all (128) channels as input, as a naive

method to leverage HD-sEMG

Given the high input-dimensionality of condition (AC), performance was also evaluated with prin-

cipal component analysis (PCA) dimensionality reduction by keeping principal components as to

retain 95% of explained variance across conditions. As shown in Table 3.2, the use of PCA re-

sulted in higher test performance for all feature sets included and conditions, with the exception

of the SampEn feature set under condition (AVS), as its low feature count was sufficiently reg-

ularized by training on all valid channels subsets. When considering these feature sets without

PCA, given their test accuracies are not significantly different (F(3,212) = 0.441, p = 0.724), the

average score across feature sets was considered.

Paired t-tests showed significantly positive mean differences of +6.9% between (AVS) and (CS)
(t(17) = 3.932, p < 0.001), and of +20.7% between (AVS) and (AC) (t(17) = 5.438, p < 0.001).

This suggests that without dimensionality reduction, given the overfitting tendency of the large

input dimensionality present, training an 8 input channel model with data from all valid subsets

results in significantly greater generalization. This is especially the case when comparing with

condition (AC), where performance is far lower than in other cases. The following analysis only

includes results using PCA, with the exception of TVGGNet, as it already learns its own feature

space remapping.

As before, given a one-way ANOVA test suggested that the implemented feature sets and the

TVGGNet do not exhibit significantly different test accuracies (F(3,284) = 1.640, p = 0.164), the
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average score across feature sets and TVGGNet was considered in this analysis. While there was

a significantly positive mean difference of +3.7% between (AVS) and (CS) (t(17) = 1.929, p =

0.035), there was no significant mean difference between (AVS) and (AC) (t(17) = 0.966, p =

0.174). However, despite the lack of significance, (AVS) maintained performance with 16x less

input channels. Furthermore, there was an average improvement of 2.2% even when excluding

the use of PCA in condition (AVS). Therefore, training across all valid channel subsets results in

significant performance improvements even without PCA, and performs comparably or better than

other conditions with far lower computational complexity.

3.4 Conclusion

In this chapter, I investigate a novel use of HD-sEMG for gesture recognition where only 8 chan-

nels were used as inputs, and the remaining recorded channels were used for augmenting the

training dataset, as opposed to working with high-dimensional inputs. This method allows dif-

ferent feature sets and networks to generalize across different longitudinal electrode placements,

reducing overfitting and consequently leading to significant improvements in intersession perfor-

mance without the need of dimensionality reduction. Given the high variability in intersession

performance improvement across subjects, it is likely that in some cases, other confounding fac-

tors such as gesture technique, limb position and contraction level, are the largest contributors to

performance degradation, occluding the true robustness benefits of the proposed method.

Crucially, while intersession performance improved significantly relative to the baseline, accuracy

remained low across models (< 45%), reflecting the limitations of achieving practical perfor-

mances for real-world use. In particular, relative to the success criteria introduced in Chapter 1,

despite operating within a practical response time and requiring no calibration gestures, the clas-

sification accuracies reported were substantially lower than the pre-defined target performance of

≥ 85%. Therefore, spatial data augmentation based on electrode subset sampling is unlikely to be

a complete solution for robust myoelectric control across real-world conditions.

One limitation of this study is that only longitudinal displacements were considered, whereas

transversal displacements typically result in larger performance drops [63]. Preliminary experi-

ments showed that training on these displacements did not contribute to generalization, likely due

to transversal displacements relative to the muscle fibre having a larger effect on sEMG signal

properties as opposed to along the muscle fibre length. Thus, one future line of work is to inves-

tigate the use of more expressive deep learning models to obtain classifiers that are robust across

all realistic electrode displacements. If promising, this may open a new avenue for HD-sEMG in

gesture recognition: acquiring complex training datasets that can be leveraged to develop robust

algorithms for simpler, inexpensive and commercially viable systems.
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Chapter 4

Spatial Adaptation Layer:
Interpretable Domain Adaptation For
High-Density sEMG

4.1 Introduction

Biosignal acquisition has powered a plethora of healthcare applications and wearable devices. One

promising sensing modality is surface electromyography (sEMG), which provides non-invasive

measurements related to motor intent. Due to their complex structure, machine learning emerged

as a powerful framework for processing sEMG signals. Furthermore, high-density surface elec-

tromyography (HD-sEMG) provides sEMG signals with high spatial resolution, enabling the use

of image-based processing [1] and vision-based deep learning approaches [38] for estimating mo-

tor intent.

In sEMG gesture1 classification, while various methods yield high performance (accuracy≥ 85%)

within the same recording session, performance is generally impractically low across sessions

[38]. While generic models have obtained remarkably low error across sessions and even sub-

jects [83], this approach required massive-scale data collection from thousands of participants and

produces models that only work with their proprietary sEMG bracelet, making it financially and

practically inaccessible to academic researchers and smaller companies. Therefore, there are no

paradigms that result in low classification error across recording sessions without prohibitively

expensive and time-consuming data acquisition protocols.

Therefore, different methods have been developed to obtain session-invariant models by address-

ing the physical origins of intersession performance degradation. The displacement of electrodes

across sessions, referred to as electrode displacement, is a key contributor to this degradation in

performance [63]. Thus, different methods have been developed to obtain models that are invari-

1Throughout this thesis, the standard term gesture is used as a macro-level class label for configurations of sus-
tained isometric muscle effort rather than physical movement. Within this chapter, these efforts generate the spatial
topologies of root mean square muscle power processed by the network. See the front-matter Glossary for the complete
methodological definition.
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ant to electrode displacement, seeking to improve intersession generalization of subject-specific

models across sessions, such as spatial augmentation through electrode subset sampling, as shown

in Chapter 3. Despite intersession accuracy improvements, performance remained functionally

low.

When session-invariant representations cannot be learned for sEMG machine learning tasks, the

next-best solution is an efficient calibration procedure that aims to adapt previous subject-specific

models to new recording sessions with a small amount of data from the new session. Given that

electrode displacement is one of the greatest contributors to intersession variability, several past

studies have developed image and signal processing methods to mitigate electrode displacement

across two recording sessions. Image-based anatomical landmarks detection have also been used

for electrode displacement correction [1], yielding significant performance improvements across

recording sessions even with a single gesture for calibration. However, such methods depend on

inductive biases of the specific acquisition set-up, limiting its versatility.

The use of image-based deep learning object detection and template matching for computationally

efficient displacement estimates in the (x,y) plane of the HD-sEMG grid has also been investigated

[160]. In this case, while improvements in computational complexity are achieved, the method is

dependent on a convolutional neural network (CNN) architecture that has >10 million parameters,

lacking versatility to work with other models. Therefore, despite promising results when tackling

the physical origins of the performance degradation, even when only using a subset of all ges-

tures, approaches are traditionally dependent on specific model architectures, acquisition set-up

geometry, and further complicated by each method’s individual heuristics.

A more versatile subject-specific model calibration framework is the formulation of intersession

changes as a domain adaptation (DA) problem. The objective of DA is to adapt parameters op-

timized using samples from one data generating distribution to examples sampled from another

distribution. For sEMG classification, DA is used to align input distributions across recording

sessions or even subjects for the same classification task. The majority of sEMG DA research

has focused on model-based adaptation, which involves updating previously learned parameters

given an adaptation set from the new recording session. Unsupervised approaches such as adap-

tive batch normalization (AdaBatch), and supervised approaches such as fine-tuning, progressive

neural networks (PNNs), and model-agnostic meta learning [44] have been investigated.

One promising approach uses an input-based adaptation method, introducing a two-step DA pro-

cedure. First, a recurrent neural network (RNN) is trained with data from one session, then a

channel-wise linear layer learns to map inputs from the second session to the input space of the

previous session at every time point. The second step is performed by keeping the RNN weights

frozen and learning the linear transformation through optimization on an adaptation set [85]. This

method simplifies the problem of intersession domain shifts to learning a single linear transforma-

tion that can be prepended to any classification model. However, all model-based adaptation and

the above two-step procedure, whether supervised or unsupervised, depend on a balanced dataset

to prevent overfitting. This requires the acquisition of at least one repetition of every gesture in a

dataset, which can become impractical for real-world applications.
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To leverage the efficiency of methods that directly mitigate electrode displacement and the versa-

tility of DA methods, I introduce the Spatial Adaptation Layer (SAL), with architecture depicted

in Figure 4.1. This layer contains only seven learnable weights that parametrize a spatial transfor-

mation to the coordinates of an input regular data array. In this study, I show that SAL achieves

the following desiderata:

1. Gesture/repetition efficiency: across the publicly available datasets shown, SAL exhibited

competitive performance even when the adaptation set uses only half of the gestures avail-

able during training, where intersession performance for other well-established DA methods

implemented performance only worsens due to class-imbalance overfitting.

2. Low computational/memory overhead: the SAL-adapted logistic regressor exhibited com-

petitive results relative to other classifiers and DA methods, despite only using a few thou-

sand parameters overall.

3. Interpretability: in a post-hoc analysis, I show that only for the SAL parameter responsible

for displacements transversal to the forearm length, a positive correlation with SAL-based

adaptation performance improvements is observed, in line with expectations based on past

studies [157], suggesting SAL learns physically meaningful parameters despite only de-

pending on classification loss.

4. Versatility: as in [85], this layer was trained in a two-step DA method and can be prepended

to the input of any model that takes in regular grids as inputs. Additionally, SAL can suc-

cessfully mitigates the effects of spatial transformations (translations, rotations, scalings

and shear) directly from the objective function of choice, making it independent of set-up

specific heuristics.

4.2 Related Work

Although a study has implemented spatial transformer networks (STNs) in sEMG classification

to address electrode displacement for subject-specific models, despite one of the modules being

referred to as a ’Fine-Tuning’ layer, there is no fine-tuning in the transfer learning sense, with

their approach being a domain generalization rather than a DA method [21]. SAL is substantially

different from the usual STN module. Although the architecture of SAL is derived from STNs, the

key distinction is that while STNs learn a localization network to estimate parameters of an affine

transformation as a function of the model input [125], SAL removes this localization network

altogether and treats the spatial parameters as model weights. Through a two-step adaptation

procedure like the one in [85], parameters of a single (spatial) transformation are learned to ensure

that the input distribution of the second session matches that of the first. Hence, while STNs

estimate a set of parameters for every sample, SAL learns a unique set of parameters for a new

session (domain). While the philosophy is similar to the prepended linear layer, I hypothesised

that the reparametrization of the domain shift correction would enable performance improvements

even when adapting to subset of all classes, a context in which the linear layer approach is likely

to overfit.
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Figure 4.1: Schematic of Spatial Adaptation Layer (SAL) architecture and usage. SAL parameters
are frozen and the chosen model is optimized on session #1. On session #2, given a few examples,
the model is frozen and SAL parameters are optimized. SAL is similar to a Spatial Transformer
module from [78], with the key difference that rather than modelling affine coefficients Aφ as a
function of the input, φ are treated as learnable parameters.

4.3 Methods

4.3.1 sEMG Intersession Calibration: Partial Class Domain Adaptation

For sEMG-based models, by treating two subject-specific recording sessions as being sampled

from different data generating distributions, intersession generalization can be framed as adapting

a model with parameters θS on a sampled dataset from the source domain (DS = PS(X ,Y )) such

that it is optimal on examples sampled from the target domain (DT = PT (X ,Y )). Under the

assumption of intersession variability being primarily due to differences in signal acquisition, the

problem can be treated as that of virtual concept drift. This suggests that while the physical process

behind sEMG generation has not fundamentally changed, variability at the input-level results in

different conditional distributions across domains PS(Y |X) ̸= PT (Y |X). In DA, parameters θS are

assumed to be better starting point than training a classifier from scratch on a dataset sampled from

DT (see Section 2.7.2 for more information on DA). Furthermore, in a classification task, given

an adaptation set sampled from the target domain that contains a subset of all available classes

(Ysub ⊂ Y), I formulated the partial class DA setting. The aim of this procedure was to optimize

the model on a dataset sampled from a target domain with a subset of classes the model must

generalize for.
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Structured Sampling

Unlike classical datasets that assume independent and identically distributed (iid) samples, sEMG

recordings are collected in repetitions. Each repetition r corresponds to a complete movement

execution and yields a sequence of N samples. Collecting even a single label-example pair per

class requires a full repetition, which motivates the few-gesture calibration setting. Given this

sampling procedure, three datasets were constructed from the source and target domains. The

number of samples per repetition, N, may vary across repetitions and across datasets (training,

adaptation, test).

Training Dataset

The training dataset Dtrain is sampled from the source domain DS :

D(y)
train = {(xr,n,y)}Rtrain,Ntrain

r=1,n=1 , D(y)
train ∼DS, y ∈ Y. (4.1)

where Rtrain and Ntrain correspond to the number of repetitions per class in the dataset and the

number of samples per respectively. During training, representative samples from all gestures in

the classification task are sampled (Y).

Adaptation Dataset

The adaptation dataset Dadapt is sampled from the target domainDT but restricted to a small subset

of classes Ysub ⊂ Y:

D(y)
adapt = {(xr,n,y)}

Radapt ,Nadapt
r=1,n=1 , D(y)

adapt ∼DT , y ∈ Ysub. (4.2)

where Radapt and Nadapt correspond to the number of repetitions per class in the dataset and the

number of samples in a repetition respectively.

Test Dataset

The test dataset Dtest is also sampled from the target domain DT and includes held-out repetitions

from all classes Y:

D(y)
test = {(xr,n,y)}Rtest ,Ntest

r=1,n=1 D(y)
test ∼DT , y ∈ Y. (4.3)

where Rtest and Ntest correspond to the number of repetitions per class in the dataset and the number

of samples in a repetition respectively. It is used to evaluate both adaptation performance on seen

classes Ysub and generalization to unseen classes Y \Ysub.

Partial Class Adaptation Through Inductive Biases

Input-Based DA Framework: Let fθ : Rn → Y be a classifier with parameters θ optimized

on the training dataset D(y)
train ∼ DS. Under the assumption that the physical origins of interses-

sion variability can be modelled as a bijective, deterministic function, h : Rn → Rn, such that

PS(h(X),Y ) = PT (X ,Y ). Thus, to mitigate intersession variability, the function gφ : Rn→ Rn was
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introduced, parametrized by φ , and applied to examples sampled from DT . This effectively cre-

ated the composite predictor fθ ◦ gφ . During DA, θ remained static and only φ was optimized

using D(y)
adapt through classification error minimization. Here, I aimed to indirectly enforce:

PT (gφ (X),Y )≈ PT (h−1(X),Y ) = PS(X ,Y ). (4.4)

From this, it can be seen that the relationship PT (Y |gφ (X)) ≈ PS(Y |X) also holds. Intuitively, θ

can be seen as responsible for intrasession feature extraction and classification, a problem where

numerous studies have reported performances of accuracy > 95% [1, 38, 27]. Additionally, φ is

responsible for mitigating intersession variability, separating the challenge of intersession gener-

alization down into two distinct tasks. This has the additional benefit of preventing catastrophic

forgetting, as the classifier can always achieve original performance in the source domain by re-

moving the learned transformation gφ . Although the input linear layer previously investigated [85]

is one implementaton of this input-based DA framework, where φ corresponds to the weights and

biases of the linear layer, the capacity of this model is high enough to result in overfitting when op-

timized on a subset of all available classes, as inductive biases were minimally leveraged. Instead,

I aimed to construct a function gφ that is less prone to such limitations by leveraging inductive

biases regarding the physical origins of variability between sessions.

Generalization Through Inductive Biases: For successful calibration, gφ must be constructed

such that optimization of φ with classes available in D(y)
adapt (i.e. y ∈ Ysub) must also be able to

minimize the loss on all possible classes (i.e. y ∈ Y), such that:

argmin
φ
L̂( fθ ◦gφ ;Dadapt)≈ argmin

φ
L( fθ ◦gφ ;DT ) (4.5)

Beyond assuming that intersession variations can be modelled as a bijective, deterministic func-

tion, inductive biases of the physical origins of this variability were leveraged to appropriately

constrain the function gφ . Crucially, I neglected confounding factors that can be volitionally con-

trolled by subjects, such as contraction level and limb position [16], under the assumption that

subjects can learn to use sEMG-based myoelectric control within a functional operating range.

Therefore, I primarily considered known physical transformations that occur at the signal acqui-

sition level (e.g. electrode displacement [157], skin impedance [130], noise distributions shifts

[31], etc). I further assumed this function was completely class agnostic, hence applied equally

and independently for every class. Hence, I constrained gφ to bias the transformation to learn the

inverse of these physical, underlying transformations, as the optimal physically modelled function

for a subset of classes is more likely to also be optimal for unseen classes. Four major physical,

class-agnostic transformations were considered to enforce PT (gφ (X),Y )≈ PS(X ,Y ):

• Electrode Displacement: deviations in electrode positions relative to muscle

• Powerline Interference: additive, session-specific, activity-independent sinusoidal compo-

nent from AC power source per channel
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• Baseline Activity Fluctuations: additive, white Gaussian noise with session-specific vari-

ances per channel

• Outlier Channels: dead or corrupted channels that do not represent physiological informa-

tion.

By assuming that powerline interference, baseline activity fluctuations and outlier channels across

sessions are accounted for with appropriate preprocessing, I constructed a function gφ that exclu-

sively focuses on electrode displacement.

Therefore, I introduced an input-based DA method that, with very few learnable parameters, can

only capture uniform geometric changes in the sEMG spatial patterns. Since the transformation

operates purely on spatial coordinates rather than class-specific features, the mapping that corrects

electrode misalignment for a subset of classes should the same correction for all possible classes.

In other words, the limited parameter space limits the transformation from learning class-selective

adjustments, with the aim of only learning a single global geometric correction that improves

the spatial alignment for all classes. Algorithm 1 outlines the practical implementation of this

spatially-oriented input-based DA pipeline.

4.3.2 Root Mean Square: A Physiologically Meaningful Feature

The root mean square (RMS) is a prominent time-domain feature that has been extensively em-

ployed in sEMG-based machine learning [86, 1]. Despite its simplicity, as shown in [50], the

mean square (MS) signal can be approximated as a function of motor unit (MU) discharge rates

and motor unit action potential (MUAP) waveforms. This establishes a direct link between the

sEMG signal amplitude and the neural control signals driving muscle contraction, as greater con-

traction levels increase not only firing rates, but also the number of active motor units and the

average MUAP energy. Instead of MS, I chose RMS since it has the same units as the original

signal and is a well-established feature in sEMG-based machine learning, while still preserving

its monotonic relationship with contraction levels that is useful for classification objectives. For

more information on the relationship between RMS and MU properties, see Appendix A.

HD-sEMG Activity Images

Additionally, due to biophysical impedance, the sEMG signal at a given channel is spatially se-

lective and most sensitive to the underlying muscles closest to the electrode, providing localized

information. Therefore, by using a two-dimensional HD-sEMG electrode array, the discrete-time

representation xRAW
k [m,n] ∈ RH×W was obtained for every time index k and electrode array posi-

tions (m,n), where different electrode locations can efficiently estimate quantities related to the

contraction levels of different underlying muscles. These instantaneous images can be aggregated

over a time-window to obtain activity images xRMS
k ∈ RH×W , defined as the RMS of each channel

within the designated time-window centred at index k:

xRMS
k =

⌜⃓⃓⎷ 1
2TRMS +1

TRMS

∑
τ=−TRMS

(xRAW
k+τ

)2 (4.6)
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To obtain an instantaneous estimate of RMS in this offline study, the raw sEMG activity was

squared, then convolved with a moving average (MA) filter of length 2TRMS + 1, introducing a

delay of TRMS to the system, fixed to an integer number of samples equivalent to 250ms. Since

this study only used activity images, for the remainder of this study xk denotes the activity images

centred at sampling index k without ambiguity.

4.3.3 Spatial Adaptation Layer

Layer Formulation

In SAL, shown in Fig 4.1, I aimed to parametrize a function gφ that exclusively models spatial

transformations. I treated each temporal slice of the given 2D regular array as a grayscale image

of size H ×W . I used the sub-differentiable image sampling operator proposed in STNs [78].

Within this framework, the pixels of the output image of size H ′×W ′ denoted by coordinates

(mt
i,n

t
i) where ∀i, i ∈ [0,(H ′−1) · (W ′−1)], are mapped to corresponding pixel coordinates in the

source image, (ms
i ,n

s
i ), with affine grid mapping Aφ , as in (4.7). Transformations are applied to

normalized coordinates, where (m̃t
i, ñ

t
i) = (

2mt
i

H ′−1 −1, 2nt

W ′−1 −1), such that m̃t
i, ñ

t
i ∈ [−1,1].

(︄
m̃s

i

ñs
i

)︄
= Aφ

⎛⎜⎝m̃t
i

ñt
i

1

⎞⎟⎠ (4.7)

Using difference source/output image dimensions further enables downsampling/upsampling, which

is leveraged by STN modules in complex architectures. However, this was not directly useful in

the SAL formulation and in this study, H =H ′,W =W ′ was considered. Once corresponding pixel

coordinates for the source image are obtained for all output pixels, the output image was obtained

by sampling from the source image, leveraging a sampling kernel w with parameters Φm and Φn,

as in (4.8). The kernel enabled sampling from the source image space continuously despite having

a discrete set of source pixels.

x′k[m
t
i,n

t
i] =

H−1

∑
m j=0

W−1

∑
n j=0

xk[m j,n j]w(ms
i −m j;Φm)w(ns

i −n j;Φn) (4.8)

For billinear interpolation this can be written as:

x′k[m
t
i,n

t
i] =

H−1

∑
m j=0

W−1

∑
n j=0

xk[m j,n j]max(0,1−|ms
i −m j|)max(0,1−|ns

i −n j|) (4.9)

The authors in [78] showed that the partial derivatives of the output image with respect to the input
and sampling grid can be defined as:

∂x′k[m
t
i,n

t
i]

∂xk[m j,n j]
=

H−1

∑
m j=0

W−1

∑
n j=0

max(0,1−|ms
i −m j|)max(0,1−|ns

i −n j|) (4.10)
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∂x′k[m
t
i ,n

t
i ]

∂ns
i

=
H−1

∑
m j=0

W−1

∑
n j=0

xk[m j,n j]max(0,1−|ms
i −n|)

⎧⎪⎪⎪⎨⎪⎪⎪⎩
0, |n j−ns

i | ≥ 1

1, n j ≥ ns
i

−1, n j < ns
i

(4.11)

yielding a sub-differentiable sampling mechanism, seen in Eq. 4.11. In this context, backpropaga-

tion is still possible since ∂ns
i

∂φ
and ∂ms

i
∂φ

can be easily derived from Eq. 4.7. For more interpretable

parameters to be learned, Aφ was further decomposed into subtransforms while preserving dif-

ferentiability in the operator. This was done by making use of transformations in homogeneous

coordinates to obtain the general affine transformation A′
φ

defined in Equation 4.12:

A′φ = T ·R ·S ·Sh (4.12)

where: Sh =

⎛⎜⎝ 1 shx 0

shy 1 0

0 0 1

⎞⎟⎠ , S =

⎛⎜⎝sx 0 0

0 sy 0

0 0 1

⎞⎟⎠

R =

⎛⎜⎝cosα −sinα 0

sinα cosα 0

0 0 1

⎞⎟⎠ , T =

⎛⎜⎝1 0 Tx

0 1 Ty

0 0 1

⎞⎟⎠ (4.13)

with T , α , s and sh representing translation, rotation, scaling and shearing respectively.

In this context, the parameters used to mitigate intersession variability are φ = [Tx,Ty,α,sx,sy,shx,shy]
T .

Hence, Aφ was redefined as the submatrix of A′
φ

such that Aφ = A′
φ
[I,J] where I = {1,2} and

J = {1,2,3}. Given tensor slicing and multiplication are differentiable operations, gradients are

preserved with no loss of information and can be defined with respect to the sampling grid coordi-

nates by applying the chain rule. This affine transformation and layer was parametrised by seven

learnable parameters. Ordinarily, one would expect such parameters to be learned through a sim-

ilarity metric applied to images directly as in image registration. However, exact correspondence

may be ambiguous in different scenarios. Instead, parameters can be learned for any optimization

based downstream task. Here, classification loss backpropagated for multiple windows during

adaptation, guiding the learning of these physically meaningful parameters to uncover a unique

mapping from session to session.

Optimization Strategy

The optimization of SAL presents distinct challenges due to the non-convex loss landscape created

by the seven parameter affine transformation. While some minima represent semantically mean-

ingful transformations that enhance feature discriminability, others may still correspond to align-

ments that reduce training loss through dataset-specific artifacts rather than generalizable spatial

transformations. Poor initialization can thus lead to convergence toward suboptimal alignments.

Hybrid Optimization Strategy: To navigate this optimization landscape effectively, a two-stage

approach was employed, combining systematic parameter space exploration with targeted local
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optimization. Latin Hypercube Sampling (LHS) was applied across a restricted range of trans-

formation parameters, evaluating classification loss left-out adaptation data. Parameter bounds

ensure physically plausible transformations while providing sufficient parameter space coverage.

The LHS approach ensures efficient sampling density across all dimensions, while still capable

of exploring regions between grid points. The configuration yielding the lowest classification

loss serves as initialization for gradient-based optimization. This approach leverages the insight

that high-quality starting points are more likely to lead to meaningful spatial transformations that

generalize beyond training data, effectively balancing global exploration with local refinement

efficiency.

Soft Parameter Constraints: To prevent instability caused by unbounded parameter updates dur-

ing gradient-based optimization, soft constraints were applied to the affine transformation param-

eters using a hyperbolic tangent function. The unconstrained parameters p̂ were passed through

tanh(·), producing values in [−1,1], which were then linearly mapped to predefined parameter-

specific ranges [pmin, pmax] as follows:

p = 0.5 · (tanh(p̂)+1) · (pmax− pmin)+ pmin.

This formulation ensures that all parameters remain within physically plausible limits while main-

taining smooth gradients for optimization. It effectively prevents gradient overflow and excessive

distortions, improving training stability without the use of hard clipping. Unless otherwise stated,

all reported distances and parameter values correspond to these constrained parameters.

Aggregated Activity Images: Since activity images within finite-time windows are a noisy es-

timate of the quantity of interest, given the central limit theorem, longer time-windows were ex-

pected to provide lower noise estimates. Therefore, given the computational demands of evaluat-

ing multiple transformation configurations, the parameter search was simplified by computing the

RMS of each channel across all temporal samples for each class during the adaptation phase. This

temporal aggregation created a single, more robust and representative spatial pattern per class,

referred to as aggregated activity images, dramatically reducing computational overhead.

4.3.4 Baseline Normalization

Session-Level Assumptions: In [1], under the assumption that baseline activity is constant during

a recording session for every channel, their effects on the RMS estimates can be mitigated by sub-

tracting the RMS during rest. The analysis below shows instead that, under the same assumptions,

it is preferable to carry out the analysis at the mean-square level.

Single Channel Analysis

In the following analysis, x(t) was considered to be a continuous-time raw sEMG signal for a

single channel with no loss of generality, as baseline normalization is performed independently

for every channel. By assuming that baseline activity behaves as zero-mean white Gaussian noise,

that is, n(t)∼N (0,σ2
b ), observed sEMG can be defined as follows:
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Algorithm 1 Selective Target Domain Adaptation for sEMG Intersession Calibration
Require: Training dataset Dtrain sampled from the source domain S with all classesY , Adaptation

dataset Dadapt sampled from the target domain T with subset Ysub ⊂Y , Training epoch count
Es, Adaptation epoch count Et , Latin hypercube sample size N

Ensure: Adapted classifier fθ ∗ ◦gφ∗ for target session
Phase 1: Source Domain Training

1: Freeze spatial transformation parameters φ ( fθ ◦gφ = fθ )
2: for e = 1 to Es do
3: Train source domain classifier fθ ◦gφ on Dtrain using standard loss Lsource
4: end for
5: Freeze parameters θ ∗ of source classifier fθ ∗ ◦gφ

Phase 2: Target Domain Data Preprocessing
6: for each class y ∈ Ysub do
7: Extract all target examples from class y, {xk|(xk,y) ∈ D(y)

adapt}

8: Extract one activity image per class: x̄(y) =

√︃
∑
|D(y)

adapt |
i=1 x2

k
9: end for

10: Create aggregated adaptation dataset D̃(y)
adapt = (x̄(y),y), y ∈ Ysub

Phase 3: Parameter Space Exploration via Latin Hypercube Sampling
11: Generate Latin hypercube sample space Φ = {φ1,φ2, . . . ,φN}
12: Initialize best parameters φ ∗ and best loss L∗← ∞

13: for j = 1 to N do
14: Set transformation parameters φ ← φ j

15: Evaluate loss L j = Lavail(φ) on D̃(y)
adapt

16: if L j < L∗ then
17: φopt ← φ j, L∗← L j

18: end if
19: end for

Phase 4: Fine-tuning on Target Domain
20: Initialize unfrozen transformation parameters φ ← φopt

21: Freeze source domain trained parameters θ

22: for e = 1 to Et do
23: Fine-tune f ∗

θ
◦gφ by minimizing Lavail(φ) on D̃(y)

adapt
24: end for
25: return Composite classifier fθ ∗ ◦gφ∗

xobs(t) = xtrue(t)+n(t) (4.14)

RMS Estimation Under Baseline Noise: By assuming xtrue(t) to also be a zero-mean signal, the

RMS estimate was defined as follows:

RMS2
obs = Var{xobs(t)}

RMS2
obs = Var{xtrue(t)}+Var{n(t)}
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RMSobs =
√︂

RMS2
true +σ2

b ̸= RMStrue +σb (4.15)

Key Observation: Thus, while the estimate of baseline activity from rest activity is valid, since

xtrue(t) = 0 is expected during rest, subtracting directly from the RMS would not optimally reduce

baseline activity.

Power-Level Normalization Approach

Therefore, rather than carrying out baseline normalization at the RMS (amplitude) level as in [1],

I proposed to perform it at the RMS2 (power) level, then apply the square root after. For the rest

of the evaluations in this study, the former was referred to as BN-RMS and the latter as BN-MS.

Extension to Powerline Interference

Finally, under assumptions of constant amplitude/phase powerline interference, the same analysis

can be used to show that BN-MS can reduce its effects. By defining the effect of powerline

interference as p(t) = Asin(2π f t +φ), the following was obtained:

xobs(t) = xtrue(t)+n(t)+ p(t)

RMS2
obs ≈ RMS2

true +σ
2
b +

A2

2
(4.16)

Variance of Sinusoidal Interference: where Var{p(t)} ≈ A2

2 as long as the time window used

to estimate RMSobs is significantly larger than the powerline interference frequency, allowing a

sufficient number of complete cycles.

4.3.5 Datasets

CSL

Bipolar recordings were acquired at a sampling rate of fs = 2048 Hz via an electrode array with

192 electrodes and an interelectrode distance (IED) of 1 cm [1]. Differencing between consecu-

tive electrodes resulted in a regular grid of H×W = 7×24, totaling Nch = 168 channels. This

dataset contains recordings from S = 5 subjects across Nsess = 5 different days. In every record-

ing, subjects performed R = 10 repetitions of 27 different gestures. For baseline normalization,

the idle gesture repetitions were considered. For practical intersession evaluation, a dataset of six

hand gestures (|Y|= 6) was considered. To evaluate effect of the number of available gestures for

adaptation, the following gesture subsets were considered:

• |Ysub| = 6 (all gestures available): thumb flexion, index finger flexion, thumb-index finger

pinch, making a fist with force, a stretch with force of all fingers, and extension of thumb,

index and middle fingers while keeping ring and pinkie fingers bent.
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• |Ysub|= 3: making a fist with force, a stretch with force of all fingers, and extesion of thumb,

index and middle fingers while keeping ring and pinkie fingers bent

• |Ysub|= 1: making a fist with force

Capgmyo

Signals were acquired via eight differential, silver, wet electrodes evenly spaced around the arm,

resulting in an irregular H×W = 8×16 grid totaling Nch = 128 channels, recorded at a sampling

rate of fs = 1000 Hz. Experiments used data subset DBb, containing Nsess = 2 recording ses-

sions per subject. Due to data corruption in the final subject’s recordings, only S = 9 subjects

were used. Each session included R = 10 repetitions of 8 isotonic and isometric hand/finger ges-

tures, each held for 3–10s. As in [38], only the central T = 1s of each gesture was used. This

dataset represents within-subject, intersession data with an irregular HD-sEMG grid. For baseline

normalization, rest periods between consecutive repetitions were used. For practical intersession

evaluation and comparisons with CSL, a dataset of six hand gestures (|Y| = 6) was considered.

To evaluate effect of the number of available gestures for adaptation, the following gesture subsets

were considered:

• |Ysub| = 6 (all gestures available): thumb up, extension of index and middle with flexion

of the others, thumb opposing base of little finger, abduction of all fingers, fingers flexed

together in a fist and pointing of index finger

• |Ysub|= 3: extension of index and middle, flexion of the others, abduction of all fingers and

fingers flexed together in a fist

• |Ysub|= 1: fingers flexed together in a fist

4.3.6 Processing

For all datasets used, as in [38], signals were processed with a digital bandpass filter (20-380

Hz, fourth-order Butterworth) and power-line interference was reduced using a digital band-stop

filter (45-55 Hz, fourth-order Butterworth). Once activity images were obtained from the raw HD-

sEMG, the baseline normalization procedure of choice was performed with recorded segments of

rest gesture (idle). Consequently, a spatial median filter was applied to each activity image frame,

with the benefits of spatial smoothing and outlier removal. For the CSL dataset, a 3x3 kernel was

ued, whereas for Capgmyo, which has a variable IED in the transversal direction, a 3x1 kernel

was used. Since, for the CSL dataset, gestures were performed for a short time period (T = 3s),

to ensure that the labelled data corresponds to the desired movement, the activity segmentation

algorithm from [1] was used to determine the active movement segment.

4.3.7 Classification

To demonstrate the flexibility and simplicity of SAL, it was integrated it into two different classi-

fiers. The first is a logistic regressor trained with 15 epochs and batch size of 128. Secondly, the

state-of-the-art (SOTA) sEMG image classifier from [38], referred to as CapgmyoNet, was imple-
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mented and trained with 2 epochs and a batch size of 128. While 2 epochs may seem like a low

amount of training, the stride of 1 when extracting activity images was significantly lower than

most previous studies. This implies that for each epoch, the model iterated over a significantly

larger number of example images. In the case of the logistic regressor, which is not naturally effi-

cient for processing image data, to prevent overfitting to noisy/corrupted channels during training,

dropout at the input (p = 0.5) was considered, probing the system to reduce dependencies on a

small number of specific channels. All classifiers were trained using the Adam optimizer [87],

cross-entropy loss, and a base learning rate of 0.001.

4.3.8 Implementation Details

Model training and evaluation were performed using an NVIDIA L40S GPU (48 GB GDDR6

ECC memory, 18,176 CUDA cores, 568 Tensor Cores, Ada Lovelace architecture). This configu-

ration provided sufficient computational capacity for efficient training of the PyTorch-based sEMG

classification and DA models, even when performing the LHS brute-force search. For SAL imple-

mentation, in-built PyTorch torch.nn.functional.affine_grid and torch.nn.functional.grid_sample

functions developed for the original STN implementation were leveraged [78]. The differentiat-

ing feature between SAL and STNs is that SAL treats affine transform parameters as learnable

parameters, as opposed to the output of a localization network.

4.3.9 Performance Metrics

Each activity image results in one gesture prediction, and metrics are computed over all predictions

in the test sets. Accuracy is defined as the ratio of correctly predicted labels to the total number of

predictions, given by:

Accuracy =
T P+T N

T P+T N +FP+FN
,

where T P, T N, FP, and FN are true positives, true negatives, false positives, and false negatives,

respectively. To capture performance in imbalanced scenarios, the f1-score was also reported,

defined as the harmonic mean of precision and recall:

F1 =
2 ·Precision ·Recall
Precision+Recall

,

where Precision = T P
T P+FP and Recall = T P

T P+FN . Since performance is mainly used to contrast

different methods, the performance difference was defined as:

∆ = (Accuracy(1)−Accuracy(2),F1(1)−F1(2))

where the superscript indexes refer to two distinct sets of adaptation conditions.

4.3.10 Domain Adaptation Methods

To validate performance gains from using SAL, beyond interpretability and parameter efficiency,

four alternatives (excluding zero-shot performance) were considered. Given a model with parame-

ters θ optimized on the training dataset D(y)
train, each of these methods leverage a (commonly small)

94



number of samples from the adaptation dataset D(y)
adapt . In this study, activity image aggregation

was only applied when using SAL-based DA.

Fine-Tuning

The most traditional form of transfer learning and DA, which involves using source domain opti-

mal parameters θ ∗S as an initialization for an optimization procedure on samples from D(y)
adapt .

Adaptive Batch Normalization (AdaBatch)

An unsupervised DA method popularized in sEMG literature by [38]. All model parameters were

frozen, the statistics of all Batch Normalization layers in the given model are updated with samples

from D(y)
adapt . In this study, classifiers were trained on data from a single recording session, hence

did not consider the multi-stream extension introduced in [38].

Input Linear Layer

Similarly to how SAL is applied, a linear layer with weight matrix WL ∈RNch×Nch and bias vector

bL ∈ RNch was prepended to the classifier [85]. The parameters of WL and bL were updated with

a training procedure using the same learning scheme as the original model training, while the

original model parameters were kept frozen. The aim was to learn a linear transformation that

transforms {xk|(xk,y) ∈ D(y)
adapt} that minimizes error of a model originally trained with D(y)

train,

indirectly inverting transformations responsible for the concept drift.

Training From Scratch

Ignoring the training dataset D(y)
train, classifiers were naively trained with the limited data available

from the adaptation dataset D(y)
adapt .

4.4 Results

4.4.1 Experiment I: Simulated Transformations Performance

To evaluate the capability of SAL to mitigate the effect of spatial transformations between record-

ing sessions of regular biosignal arrays, virtual spatial transformations were applied to held-out

data of the same session the classifier was trained on. For each session, leave-two-out–style vali-

dation was carried out, where two randomly selected repetitions of each gesture were held out, and

the classifiers were trained with the dataset D(y)
train composed of the remaining R−2 repetitions of

all classes y∈Y . Consequently, the same spatial transformation was applied to the activity images

of the held-out repetitions. One transformed held-out repetition of all gestures y ∈ Y was used as

the test dataset. D(y)
test . The other transformed held-out repetitions (one per class) were used as the

adaptation dataset D(y)
adapt , where y ∈ Ysub. The experiment was carried out for the different Ysub

previously defined for the CSL and Capgmyo datasets. In this experiment, a trial was considered

one recording session/subject pair a trial, resulting in Nsess×S trials per condition.
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Figure 4.2: A compilation of results from Experiment I, investigating the ability of the Spatial
Adaptation Layer (SAL) to mitigate the effects of simulated spatial transformations: (a,b) The
accuracy and f1-score reported with and without SAL-based domain adaptation (DA) across clas-
sifiers, number of calibration gestures and datasets. While the Post-Transform baseline (no adapta-
tion) resulted in low performances, SAL-based DA performances were comparable to intrasession
performance (Pre-Transform) across conditions. (c) the relationship between accuracy improve-
ment of SAL-based DA with three calibration gestures relative to the baseline. Across classifiers,
a significant linear correlation was observed between accuracy improvements and the spatial trans-
formation magnitude. (d) The average electrode distance before and after adaptation paired per
trial, showing a significant reduction of average electrode displacement.

These spatial transformations were parametrized in the same form as SAL, and act as a controlled

use-case where the ground truth spatial transformation is known. For a given recording session
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of training data, one repetition of each gesture was randomly held out, and a spatial transfor-

mation was applied to this held-out data by randomly sampling from Tx,Ty ∈ [−2.5cm,2.5cm],

α ∈ [−15.0◦,15.0◦], sx,sy ∈ [ 1
1.1 ,1.1] and shx,shy ∈ [−0.1,0.1].

The objective was to learn a mapping that indirectly inverts the effects of these spatial transforma-

tions (i.e. A′
φ
≈ A′−1) and the responsible parameters were directly accessible. Thus, by applying

these two transformations consecutively (A′ ·A′
φ

), slicing it to get a 2× 3 matrix, and applying

to the output grid, the final sampling grid coordinates [m f inal
i ,n f inal

i ]T were obtained. The more

successful the inversion of the originally applied transformation, the closer final coordinates will

be target coordinates. Thus, to measure this, the average pixel distance between final and target

coordinates were computed, referred to in this study as average electrode distance (d).

d(mt ,nt ,m f inal,n f inal) =
1

HW

HW

∑
i=1

√︂
(mt

i−m f inal
i )2 +(nt

i−n f inal
i )2 (4.17)

This metric captures the electrode displacement extent post DA, where d = 0 when A′
φ
= A′−1.

Since performances in Figure 4.2a were not significantly different across classifiers, the average

accuracy and f1-score were averaged across trials and classifiers for the Pre-Transform condition,

corresponding to classification performance prior to the simulated transformation (equivalent to

intrasession performance), and Post-Transform condition, corresponding to classification perfor-

mance after the simulated spatial transformation without any DA.

When spatial transformations were applied, classification performance dropped significantly across

trials, with performance averaged across classifiers dropping by ∆ = (−41.9%,−49.3%), and

∆ = (−58.9%,−66.5%) for CSL and Capgmyo datasets respectively. Furthermore, SAL-based

DA was considered, performances were consistently high (accuracy and f1-score were > 90%)

across classifiers, datasets and number of gestures. However, that since the Capgmyo dataset uses

sensors with irregular IED, spatial transformations are applied in a physically unrealistic way,

hence were easier to invert than electrode displacement in real data distributions.

For evaluating the interpretability of SAL-based DA, the average electrode distance d was com-

puted across trials. In this analysis, only data from the CSL dataset was considered, since it

requires a constant IED for physically meaningful calculations. Furthermore, the Accuracy Im-

provement was considered, computed as the difference between the accuracy before and after

SAL-based DA, reflecting a per-trial performance improvement. As shown in Figure 4.2b, for

both classifiers, a significant, moderate to strong positive correlation with the distance correction

(d) and the accuracy improvement was observed (R = 0.584 and R = 0.689 for CapgmyoNet and

logistic regressor respectively).

In addition, in Figure 4.2c, shows the paired-per trial difference in (d) for the logistic regressor.

Here, two sampling coordinates were compared: post-transform (Original), where (Aφ = I), and

post-transform with SAL-based DA, where the optimal φ was identified. This effectively measured

the effect of SAL-based DA on reducing the average electrode displacement per-trial. For the

majority of trials, this metric was greatly reduced, with > 75% of trials showing post-adaption
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Figure 4.3: Intersession performances across classifiers, adaptation methods, number of cali-
bration gestures and datasets in Experiment II, with a baseline no adaptation baseline (Post-
Transform) averaged across classifiers is displayed in red: (a) For the CSL dataset, which uses
HD-sEMG arrays with constant interelectrode distance, while Spatial Adaptation Layer (SAL)
based domain adaptation (DA) performed comparably when adapting on all available gestures, it
significantly outperformed other methods when adapting on fewer gestures. (b) For the Capgmyo
dataset, which uses HD-sEMG arrays with variable interelectrode distance, while SAL-based DA
outperforms other methods when adapting on fewer gestures, its performance was significantly
limited in relation to reported performances for CSL.

98



distances of under 1 cm and the average metric dropping from 1.98 cm to 0.78 cm.

4.4.2 Experiment II: Intersession Performance

To evaluate the ability of SAL to compensate for intersession differences, I carried out a DA

experiment where, for each subject, every valid permutation of two recording sessions was con-

sidered a single trial (e.g. Subject i, Session j→ Session k). Therefore, this experiment contained

S×Nsess× (Nsess−1) trials per condition. A classifier was trained on all available data from one

session (D(y)
train,y ∈ Y). For the adaptation set (D(y)

train), I selected on repetition of each gesture from

a pre-defined gesture subset y ∈ Ysub from the other recording session. The remaining repetitions

(R−1) of the other session for all available gestures (i.e. y ∈ Ysub) used as the test set D(y)
test . This

experiment was run independently for CSL and Capgmyo datasets and adaptation gesture subset

considered (Ysub ≤ |Y|).

Beyond SAL and zero-shot performance, four other alternatives were considered: fine-tuning,

AdaBatch, input linear layer and training from scratch. The last of the four options was included

as a control. Given that aforementioned non-iid sampling structure in sEMG, it is unfeasible to

sample individual activity images of each class and must instead sample entire repetitions of a

single gesture. Hence, if all classes are sampled S (i.e. |Ysub| = |Y|), DA methods are expected

result in functionally higher performance than training a new classifier from scratch with the same

amount of target data.

Furthermore, I constrained SAL parameters to Tx,Ty ∈ [−5.0px,5.0px], α ∈ [−15.0o,15.0o], sx,sy ∈
[ 1

1.1 ,1.1] and shx,shy ∈ [−0.1,0.1]. While for the CSL dataset, one pixel corresponds to 1 cm (IED

= 1 cm), for the irregular structure of Capgmyo there is not analogous correspondence between

pixels and physical distances. I chose especially large constraints for translations due to unusu-

ally large values detected empirically for the CSL dataset. Performance metrics for each different

number of available adaptation gestures, |Ysub|, and dataset are shown in Figure 4.3 for each

adaptation method and classifier. As a pre-adaptation baseline measure, I aggregate performance

metrics across classifiers to get a single baseline for each dataset/metric.

For the CSL dataset, which uses a HD-sEMG grid with constant IED, when adapting on all avail-

able gestures (Ysub = Y), while the fine-tuned CNN exhibits the highest average performance,

it does not lead to large improvements over SAL or training from scratch (∆ < 2.5% relative to

both methods with either classifier). Additionally, the SAL adapted logistic regressor performs

comparably to the fine-tuned CNN (∆ = (2.9%,3.0%)). The only method that performed signifi-

cantly worse relative to others is AdaBatch (∆ = (27.4%,30.4%) relative to fine-tuned CNN). On

the other hand, for the Capgmyo dataset, SAL exhibited lower performance than all other adapta-

tion methods (∆ = (14.3%,16.4%),∆ = (12.1%,14%),∆ = (4.9%,6.8%) relative to fine-tuning,

scratch training and linear layer respectively) excluding AdaBatch. When I considered |Ysub|= 1,

all adaptation methods exhibit worse performance than the baseline across datasets.

However, when I considered |Ysub| = 3, while most other adaptation methods remain below the

baseline, SAL-based DA resulted in large performance improvements for both datasets relative

to the baseline (∆ = (22.0%,24.3%) and ∆ = (14.5%,15.9%) with CapgmyoNet for CSL and
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Table 4.1: Performance by number of adaptation gestures, classifier, median filtering, and Baseline
normalization (BN) method.

|Ysub| Classifier Median
Accuracy F1-score

BN-MS BN-RMS No BN BN-MS BN-RMS No BN

1
CapgmyoNet

Filt. 0.671 0.672 0.672 0.604 0.607 0.605
No Filt. 0.661 0.671 0.515 0.593 0.609 0.412

Logistic Regressor
Filt. 0.617 0.635 0.603 0.539 0.562 0.519

No Filt. 0.644 0.645 0.517 0.571 0.573 0.408

3
CapgmyoNet

Filt. 0.866 0.861 0.847 0.845 0.837 0.819
No Filt. 0.855 0.843 0.822 0.834 0.818 0.789

Logistic Regressor
Filt. 0.843 0.837 0.821 0.819 0.810 0.785

No Filt. 0.821 0.820 0.708 0.790 0.792 0.632

6
CapgmyoNet

Filt. 0.898 0.889 0.873 0.889 0.877 0.860
No Filt. 0.878 0.864 0.856 0.867 0.850 0.838

Logistic Regressor
Filt. 0.874 0.874 0.867 0.863 0.846 0.854

No Filt. 0.870 0.863 0.849 0.858 0.846 0.831

Capgmyo datasets respectively). The only method that outperforms the baseline is fine-tuning the

logistic regressor.

4.4.3 Experiment III: Ablation Study

In this ablation study, the aim was to determine the effect of different baseline normalization

methods on SAL-based DA performance, as well as their interactions with spatial median filtering,

which is used to handle isolated corrupted channels in an activity image. Thus, I carried out the

same protocol for as for Experiment II, but considering each baseline normalization method (or

none), with or without spatial median filtering. For conciseness, I only considered results for CSL,

as the HD-sEMG arrays used have constant IED. From results in Table 4.1, while BN-MS results

in higher performances for the highest number of conditions, performances between BN-MS and

BN-RMS were comparable, and do not vary by more than 0.5% from the No BN condition when

using the spatial median filter.

4.4.4 Experiment IV: Effect of Hybrid Optimization Strategy

To evaluate the effect of the gradient-based optimization after the initial brute-force search, I eval-

uated SAL-based DA in the same experimental setting as in Experiment II across different num-

ber of gestures and classifiers, but considering the hybrid optimization (LHS with 500 epochs of

gradient-based optimization) versus only LHS. As shown in Table 4.2, the addition of the gradient-

based optimization in the Hybrid strategy led to ∆ < 0.5%.

4.4.5 Experiment V: Interpretability Analysis

Using the results of Experiment II, magnitude of each learned SAL parameter was inspected across

DA trials. Across subjects and sessions, I computed the Pearson correlation coefficient (RP) be-

tween the accuracy improvement (Accuracypost−Accuracypre) and the magnitude of each parame-
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Table 4.2: Comparison for different optimization strategies and classifiers across adaptation set
sizes

|Ysub| Classifier
Accuracy F1-score

Hybrid LHS Hybrid LHS

1 CapgmyoNet 0.666 0.680 0.604 0.614
Logistic Regressor 0.625 0.653 0.552 0.584

3 CapgmyoNet 0.864 0.867 0.842 0.846
Logistic Regressor 0.841 0.839 0.815 0.813

6 CapgmyoNet 0.893 0.887 0.882 0.874
Logistic Regressor 0.881 0.877 0.871 0.865

ter. In this experiment, I only considered data for |Ysub|= 3 and the CSL dataset, where a constant

IED ensured parameters were physically meaningful.

As shown in Figure 4.4a for both classifiers, For most parameters, low RP values (RP < 0.3)

and non-statistically significant p-values (p > 0.01) were observed. On the other hand, for the

Tx parameter, which reflects transversal displacement, high, statistically significant correlations

(RP = 76 and RP = 0.83 for the logistic regressor and CapgmyoNet respectively, p << 0.01) were

observed. This suggests that the only meaningful parameter for performance improvements in

the context of HD-sEMG activity image gesture classification is Tx. Additionally, in Figure 4.4b,

detection of Tx of up to 4.5 cm displacements was observed, in this case resulting in accuracy

improvements of over 60%.

Furthermore, while mostly statistically insignificant, quite a few parameters exhibit negative RP

values. Therefore, I considered a final interpretability experiment, where I use the same exper-

imental protocol for Experiment II, and compare conditions Tx, where Tx is the only learnable

parameter of SAL, versus SAL with all learnable parameters. Given results from Experiment IV,

since for the seven parameters LHS only seems to be sufficient, it follows that LHS only should

also be sufficient for SAL with a single parameter. Therefore, the Tx only condition does not

involve gradient-based optimization.

As shown in Table 4.3, considering Tx with only LHS optimization results in large performance

improvements for |Ysub| = 1 (∆ = (14.1%,17.1%)), where an accuracy of 81.3% was obtained,

small improvements for |Ysub| = 3 (∆ = (1.3%,1.8%)), and only slightly worse, but comparable

performance when all gestures are available for adaptation (∆ = (−1.3%,−1.7%)).

4.5 Discussion

The results of this study demonstrated that SAL-based DA is versatile, effectively improved per-

formance even when provided with a subset of gestures in the target domain, and resulted in

interpretable results, where learned parameters corresponded to trends observed in previous works

on sEMG electrode displacement. Overall, SAL-based DA is the method that most achieves the

calibration method desiderata previously introduced in this study.
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Figure 4.4: Statistical analysis of the relationship between magnitude of the learned Spatial Adap-
tation Layer (SAL) parameters across recording sessions and accuracies given the outcomes of
Experiment II for the CSL dataset: (a) For both classifiers, the only parameter that resulted in a
significant positive correlation with accuracy improvements was Tx, representing transversal dis-
placements. (b) Significant positive linear correlations are observed between Tx magnitude and
accuracy improvement across classifiers, further highlighting results reported in Figure 4.2.

Gesture/Repetition Efficiency: Given observations based on results from Experiment II, when

data is available from all classes, even re-training a classifier from scratch with such data is able to

achieve meaningful intersession performances (accuracy was ≥ 85%) for the CSL dataset, further

reflecting that the real benefit of novel calibration methods must be gesture/repetition efficiency.

Furthermore, for the CSL dataset, when only three out of six total classes were available for adap-

tation, almost all adaptation methods and classifiers performed worse than the baseline, reflecting
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Table 4.3: Tx only vs all parameters across classifiers and |Ysub|

|Ysub| Classifier
Accuracy F1-score
Tx All Tx All

1 CapgmyoNet 0.822 0.666 0.788 0.604
Logistic Regressor 0.737 0.625 0.692 0.552

3 CapgmyoNet 0.872 0.864 0.851 0.842
Logistic Regressor 0.851 0.841 0.833 0.815

6 CapgmyoNet 0.880 0.893 0.865 0.882
Logistic Regressor 0.871 0.881 0.858 0.871

class-imbalance overfitting, except for SAL-based DA. Lastly, after noticing the negative effect

of specific SAL parameters on performance in Experiment V, an ablation experiment with only

a single SAL parameter was conducted. This resulted in functionally meaningful performances

for the CSL dataset (accuracy was ≥ 85% for CapgmyoNet and logistic regressor respectively in

Experiment V) when adapting on three out of six gestures, and even a nearly functional accuracy

level of 82.2% when using CapgmyoNet and adapting on one out of six total classes. Therefore,

even a single repetition of a single gesture may be enough to calibrate a subject-specific model to

a new recording session when using SAL-based DA.

Interpretability: From Experiment I, SAL’s ability to ensure high performance on data with

simulated spatial transformations was consistently high across datasets, classifiers and number of

calibration gestures available (accuracy > 90%) suggests that it can indeed mitigate the effects of

electrode displacement despite optimizing parameters only via a classification loss. Furthermore,

the average electrode distance was significantly reduced by SAL-based DA, suggesting that SAL

is tackling the true underlying electrode displacement.

Additionally, the correlation analysis in Experiment V suggested the only meaningful parameter

for performance improvements in the context of HD-sEMG activity image gesture classification is

Tx, in alignment with previous studies [157]. This is further supported by the following ablation ex-

periment, where SAL with only Tx resulted in comparable results for most conditions to SAL with

all parameters, and significantly higher results for one out of six gestures available for adaptation.

Since the HD-sEMG grids used were not flexible, scalings or shearing effects were hypothesized

to not contribute to adaptation. In addition, large rotations are unlikely when placing grids along

the circumference of the forearm. Likewise, longitudinal translations follow the length of fore-

arm muscles, carrying largely similar information when considering the space of activity (RMS)

images. Hence, the correlation analysis reflected expectations of the physical transformations the

HD-sEMG arrays were likely to have experienced across recording sessions. Thus, SAL-based

DA is only dependent on seven parameters that learn physically meaningful information despite

only depending on classification loss.

Low Computational/Memory Overhead: While dependent on LHS brute-force optimization,

since activity images were aggregated per class, SAL optimization still remains highly tractable.

Furthermore, by being classifier independent, it enables the use of deep learning models, as well
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as smaller, more interpretable models, such as a logistic regressor. Not only does the combination

of logistic regressor and SAL only have a few thousand parameters (given the datasets explored

in this study), but resulted in an accuracy ≥ 85% for even just three out of six available gestures

for adaptation, comparable to fine-tuning a CNN given the protocols in Experiment II, III, and

V. Hence, SAL optimization is tractable, and using SAL with simple, non-deep classifiers enable

gesture classification pipelines with low computational and memory overhead.

Versatility: SAL-based DA exhibited a much larger degree of versatility than traditional electrode

displacement calibration methods, as all you need is supervision via classification loss. However,

despite being more gesture efficient than other DA methods considered, SAL did not reach per-

formances that constitute a useful sEMG gesture classification system when applied to an sEMG

array with variable IED. This reflects how, given its current assumptions, SAL works optimally

with an acquisition set-up with constant IED, which may be limiting regarding all possible HD-

sEMG acquisition set-ups.

Preprocessing For Non-Spatial Variability: Beyond evaluating SAL against the core desider-

ata, several preprocessing and optimization components were also considered to determine the

optimal overall pipeline. Ablation studies revealed that baseline normalization methods (BN-MS
and BN-RMS) contributed minimally to performance, particularly when spatial median filtering

was employed. Similarly, while SAL’s sub-differentiability enables gradient-based optimization,

experiments showed that thorough brute-force search alone achieved comparable results without

additional computational overhead.

These pipeline optimizations reveal that the effectiveness of SAL stems not just from its spatial

transformation approach, but from its compatibility with simple, efficient processing chains. The

minimal impact of baseline normalization methods and the sufficiency of brute-force optimization

suggest learning transversal displacement with SAL is robust enough to provide high performance

(accuracy was ≥ 85%) without extensive preprocessing or complex optimization strategies. This

simplicity, combined with meaningful performance using limited calibration data, addresses three

of the four desiderata effectively. However, the constant IED requirement represents a fundamental

constraint that limits SAL’s applicability compared to model-based adaptation methods that can

handle arbitrary electrode configurations.

4.6 Conclusion

In this study I introduce SAL, a novel input-based DA approach for addressing electrode dis-

placement in HD-sEMG gesture classification. SAL is designed to meet four desiderata: gesture

efficiency, low computational overhead, interpretability, and method versatility.

SAL successfully achieves the first three desiderata. It demonstrated strong adaptation when only

a small subset of gestures is available, yielding 22.0% and 14.5% accuracy improvements over al-

ternative methods on the CSL and Capgmyo datasets when using just three out of six gestures. The

interpretability analysis conducted suggests that transversal displacement (Tx) is the only parame-

ter strongly correlated (RP = 0.76−0.83, p << 0.01) with performance improvements, consistent
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with physiological expectations [157]. This insight enables the use of a streamlined SAL configu-

ration using brute-force search with Tx as the sole learnable parameter, achieving nearly functional

performances single-gesture calibration (82.2% accuracy) while minimizing computational bur-

den. This streamlined version even supports effective performance (accuracies of > 85%) when

adapting on three out of six gestures with a lightweight logistic regression classifier.

In terms of versatility, SAL occupies a middle ground. It is less flexible than broader DA methods,

which can address diverse forms of intersession variability, yet it is more versatile than prior direct

electrode displacement calibration techniques, providing a physically interpretable and compu-

tationally efficient pathway to improved generalization. However, its reliance on constant IED

currently limits applicability to regular electrode arrays, with weaker performance observed on

irregular arrays. Therefore, future work should extend SAL to irregular configurations.

Crucially, SAL-based DA achieves all the three classification success criteria defined in Chapter 1:

an acceptable response time (due to the chosen window size), as well as classification accuracies

of ≥ 85% with an adaptation set that includes only three gestures. By mitigating electrode dis-

placement, even a logistic regressor classifier met the success criteria, despite its linear constraints.

This suggests that SAL can be a useful integration for gesture classification myoelectric control

systems to provide robustness across real-world conditions.

In summary, SAL-based DA is a principled, interpretable method for intersession DA that effec-

tively reduces the challenge of intersession generalization to that of intrasession generalization.

SAL can be integrated into regular grid HD-sEMG systems, demonstrating that physically mean-

ingful parameters can be learned directly through classification loss while offering a practical

balance between interpretability, efficiency, and versatility.
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Chapter 5

Tracking Motor Units Across Sessions:
A Filter Adaptation Problem

5.1 Introduction

5.1.1 Motor Unit Decomposition

During movement, each motor neuron and the fibres it innervates, known as a motor unit (MU),

activate to generate force. The sensing of electric potential differences due to the superposition

of these activations is known as electromyography (EMG). When sensed from the skin surface or

minimally invasively with concentric needles, the approach is referred to as surface electromyo-

graphy (sEMG) or intramuscular electromyography (iEMG) respectively. This sensing modality

has facilitated advancements in understanding of motor control and neuropathy, as well as in nat-

uralistic control of prostheses and exoskeletons [108].

One popular processing method of an high-density surface electromyography (HD-sEMG) elec-

trode array is MU decomposition [48], where the firing times of a subset of MUs are estimated

from HD-sEMG. One of the most popular means of decomposition is to model HD-sEMG as a

linear convolutive mixture of sparse (spiking) sources [70], where blind source separation (BSS)

techniques such as fastICA can be used to separate sources given their sparsity [19]. Once the sep-

aration procedure is complete, the learned separation filters can be used in real-time for detecting

MU discharge times. The simultaneous measurement of a large number of MUs enables the direct

study of MU physiology, as well population characteristics and firing patterns [48]. Furthermore,

efferent motor commands at the output of the spinal cord can be estimated through the cumulative

spike train, referred to as the effective neural drive [52]. This information can be used for investi-

gating corticospinal transmission and integrity [77], or even directly as control signals for assistive

devices.

5.1.2 Motor Unit Tracking & Limitations

While a popular tool in neurophysiology and myoelectric control, MU decomposition has draw-

backs in real-world settings. The learned separation filters counter the effect of volume conduc-
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tion: the spatiotemporal filtering carried out during the propagation of MU activity from the source

to the electrode location. Thus, changes in electrode placement, noise distribution and contraction

level are some of numerous factors that affect the spatiotemporal filtering, often rendering original

separation vectors redundant.

Therefore, MU tracking, which aims to find which physical MU from one recording condition

corresponds to which MU in another recording condition, is used to match MUs and analyse their

firing and recruitment properties across these conditions. While some studies focus on tracking

MUs across contraction levels [7], the most difficult tracking challenge remains the tracking of

MUs of the same subject and muscle across recording sessions.

The current state-of-the-art approach for MU tracking across recording sessions involves apply-

ing MU decomposition independently to two different recording sessions, computing the spike-

triggered average (STA) estimate of the motor unit action potential (MUAP) templates, and com-

puting the temporal cross-correlation of these between MUs from the first and second session

[100]. However, their approach exhibits four limitations:

1. Clear markings were drawn on the skin of the subjects at the original grid location, pre-

venting electrode displacement. This implies that without physical markings under more

realistic conditions this approach is limited.

2. Due to large amounts of spatial correlation, normalized cross-correlation can be large even

between different MUs, as shown by the relatively large number of MUs that had multiple

candidates reaching supra-threshold cross-correlations (≈ 15% of trials) [100].

3. Since MU decomposition is performed independently for each recording session, it is un-

likely that the exact same subset of MUs is extracted from the MU pool from both sessions,

significantly lowering the number of MUs that can be successfully tracked.

4. MU decomposition is notorious for the amount of manual editing required after using differ-

ent automatic BSS algorithms. By decomposing independently, manual editing is performed

for every recording session without leveraging previously edited decomposition results.

5.1.3 Motor Unit Tracking As A Domain Adaptation Problem

MU tracking across recording sessions is fundamentally a problem of non-stationarity when using

BSS methods. As with gesture classification in Chapter 4, this problem can be framed as virtual

concept drift: the model parameters θS optimized on the first recording session sampled from

the source domain (DS = PS(X ,Z)) are sub-optimal when applied to the second recording session

sampled from the target domain (DS = PS(X ,Z)).

In this context, instead of matching MUs independently decomposed through waveform cross-

correlations, I propose the use of the input-based domain adaptation (DA) framework from Chap-

ter 4 to mitigate the effects of non-stationarities in motor unit tracking. Since authors in [100]

were able to track a substantial proportion of MUs across recording sessions through electrode

displacement prevention by drawing markings on the skin of their subjects, I assume the primary

cause of non-stationary is electrode displacement. To mitigate this, the Spatial Adaptation Layer
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Figure 5.1: Schematic of the steps to simulate sEMG and apply spatial transformation. (1) white
Gaussian noise based motor unit action potentials (MUAPs) were sampled from H×W ×L from
N (0,1), and lowpassed along every dimension with respective cutoff frequencies. (2) Indepen-
dent spike trains were generated for each of N motor units (MUs), and for every channel, summed
the convolution of all spike trains with corresponding lowpassed MUAPs. This resulted in a syn-
thetically generated, regular HD-sEMG grid. In practice, the system was initially oversampled
with a scaling factor κ , only downsampling after the appropriate transformations were applied.

(SAL) Chapter 4 is employed to learn the optimal translations and rotations of input HD-sEMG

signals that ensure the original separation vectors are BSS-optimal in a new electrode placement.

This addresses all four limitations introduced:

1. The pipeline is used to mitigate the effects of electrode displacement, hence can be used in

more realistic intersession conditions.

2. As opposed to comparing MUAP waveforms, this method finds the unique, constrained

BSS-optimal estimate of the source, effectively filtering out spurious, non-optimal matches.

3. The use of all separation vectors from the first recording session reduces the dependence of

the tracking on which subset of MUs was decomposed during the second recording session.

4. Using the same manually edited and visually validated MUs, the proposed method reduces

the necessity of manual cleaning and visual inspection for subsequent recording sessions.

5.2 Methods

5.2.1 Data

Phemenological EMG Simulations

Simulating HD-sEMG Grids: Since decomposition is a BSS problem, synthetic HD-sEMG with

realistic properties were generated such that a convolutive mixture was obtained with the ground

truth MU sources known. In this simulation set-up, a high-density grid of 26x10 electrodes was

considered with interelectrode distance of 0.4 cm ( f (x,y)s = 250 m−1), inspired by a 256 channel

grid (GR04MM2610, OTBioelettronica, Torino, Italy). A temporal sampling rate of f t
s = 2000Hz

was used, along with a MUAP length of L = 50 and acquisition duration of 10s.

Synthetic MUAPs: By treating the HD-sEMG grid as a 3D signal, composed of one temporal (t)

and two spatial (x,y) dimensions, MUAPs were modelled as white Gaussian noise (WGN) band-

limited along each of three dimensions, which was practically obtained by applying a Butterworth
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digital lowpass filter (second order) along each of the three dimensions of MUAPs. While this

MUAP model does not capture the full physiological complexity of real HD-sEMG signals, band-

limiting in both spatial and temporal dimensions ensures that the synthetic signals exhibit the key

properties relevant to this evaluation: smooth spatial correlation structure across the grid and real-

istic temporal bandwidth. Spike trains were generated independently for each MU as a stochastic

renewal process with a Gaussian distribution with average time interval (Tmean) of 60 samples and

interspike variability (ISV) of 0.2 [107]. After simulating the synthetic MUAPs, to obtain the

complete, synthetic HD-sEMG grid, the MUAPs of each MU over all channels were convolved

with respective spike trains and summed the resultant signals.

Simulation Robustness: To limit the effects of truncation on the IIR filters used for lowpassing

(small number of samples), and to limit the interpolation error from billinear inteporlation, the 3D

signal was initially oversampled across spatial and temporal dimensions by a factor of κ , increas-

ing the initial effective sampling rates to κ f t
s and κ f (x,y)s respectively. After band-limiting and

transforming, the signal was downsampled along the temporal and spatial dimensions dimensions

by a factor of κ . In this study, κ = 14 was used.

Simulation Pipeline: Thus, as shown in Figure 5.1, MUAPs were initially oversampled from

WGN and lowpassing along temporal and spatial dimensions. Band-limited MUAPs were then

convolved with corresponding spike trains to obtain the synthetic HD-sEMG grid. Downsampling

was only applied after the appropriate transformations. Temporally, a lowpass cutoff of f t
c =

500Hz was used, a commonly assumed upper cutoff frequency for HD-sEMG bandwidth [72,

19, 9]. For spatial properties, the conduction velocity of v = 4ms−1 was initially considered for

muscle fibres parallel to the skin surface based on a biophysical model of the limb [46]. This

would imply a spatial cutoff frequency along the longitudinal direction of a limb muscle of f (x,y)c =

500/4 = 125m−1 [46]. However, this estimate was dependent on each subject’s anatomy and fibre

orientation. Therefore, in this study, f (x,y)c was treated as a simulation parameter (referred to as

fc for simplicity) and considered within the range fc ∈ [62.5,182.5]m−1. Note that conditions of

effective spatial aliasing were considered due to the initial oversampling.

Experimental Data 1

Participants: Three healthy, adult male participants with no known history of neurological or

musculoskeletal disorders were recruited for this study. All participants provided written informed

consent prior to their inclusion. The study was conducted in accordance with the principles out-

lined in the Declaration of Helsinki and received approval from the Imperial College London

Ethics Committee (reference number 18IC4685).

Experimental Design: Participants were seated in a chair with their knee fully extended and their

leg strapped to an ankle dynamometer. The foot was positioned on a pedal inclined at 30° in

the plantar-flexion direction (where 0° corresponds to the foot being perpendicular to the shank).

Initially, participants performed a single maximum voluntary contraction (MVC) of the ankle

with a dorsiflexion, serving as a reference for the following tasks. Visual feedback was provided

1The acquisition protocol design, data collection and preprocessing were carried out by Emanuele Abbaggnano.

109



throughout the experiment, with a target displayed on a screen representing the target contraction

level and a real-time trace showing the force exerted by the participant. Each participant performed

a total of two isometric dorsiflexion contractions per tested %MVC with the Tibialis Anterior (TA)

muscle. These included a linear ramp phase where force increased from 0% to the target %MVC

level at a rate of 5% MVC per second, followed by a plateau phase at the target level, and finally

a phase back from the plateau to 0% MVC at the same rate (trapezoidal force profile). Two target

%MVC levels were used: 25% (20 s plateau) and 50% (15 s plateau). The duration of these

plateaus was chosen based on previous studies showing successful decomposition for segments

longer than 5 s at sub-maximal contraction levels [33]. There was a 2 min rest period in between

each contraction to reduce fatigue. Subjects performed the experiment on three separate days, with

the second recording session being 7 days after the first, and the third recording session being 21

days after the first.

Data Acquisition: Four surface grids of 64 electrodes (13 × 5) (GR04MM2610, OT Bioelet-

tronica, Torino, Italy) were placed contiguously over the muscle belly of the TA along the fiber

orientations on the self-reported dominant leg. This formed a larger virtual grid (26 x 10). The in-

terelectrode distance (IED) of each grid was 0.4 cm. While the same placement strategy was used

for every recording session, no physical markings were left on the skin, reflecting realistic elec-

trode displacement across placements. EMG signals were acquired with a monopolar derivation,

amplified using the Quattrocento Amplifier system (OT Bioelettronica), sampled at 2048 Hz. With

the same amplifier system, force signals were acquired via a transducer (TF-022, CCt Transducer

s.a.s.) mounted on the pedal of the ankle dynamometer and digitalized at 2048 Hz.

Data Preprocessing: Signals were processed with a digital bandpass filter (20-500 Hz, second-

order Butterworth) and power-line interference was reduced using a digital bandstop filter (45-55

Hz, second-order Butterworth). Outlier channels were identified per recording session with visual

inspection. Once identified, outlier channels were iteratively replaced with the average of all non-

outlier neighboring channels, starting with outlier channels with the highest number of non-outlier

channels.

5.2.2 Motor Unit Decomposition 2

Convolutive Blind Source Separation

Multichannel EMG signals recorded during the experimental tasks were decomposed offline by

Emanuele Abbagnano using the convolutive BSS algorithm from [116] (detailed in Chapter 2.4),

resulting in separation vector estimates and real-valued source estimates for a subset of active

MUs.

Source Estimate Post-Processing

Given a separation matrix, B ∈ RN×MR sources are estimated as a real-valued matrix T ∈ RN×Ts .

Since the aim of decomposition is to obtain discharge times, this must be processed to obtain the

sources as a series of binary spike trains, Tb ∈ {0,1}N×Ts . To achieve this, source vectors were

2The motor unit decomposition procedure and manual spike editing were performed by Emanuele Abbagnano.
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Figure 5.2: Pipeline of sub-differentiable spatial adaptation for motor unit (MU) decomposition.
Firstly, the linear minimum mean square error (LMMSE) optimal separation matrix was split into
two components: the inverse covariance matrix of extended observations, and spike-triggered av-
erage (STA) templates for all decomposed MUs. First recording session: the STA motor unit
action potential (MUAP) templates were estimated for the first recording session. A central sub-
region of the transformed MUAPs was cropped, such that no post-transformation out-of-bound
electrodes were included. Second recording session: the second recording session was cropped
in the same manner as the MUAPs from the first session. Subsequently, observations were ex-
tended and inverse covariance matrix of was estimated. Pipeline Output: The matrix product
of the cropped STA templates (session 1) and inverse covariance matrix of extended observations
(session 2) was applied as a separation matrix to extended observations from the second recording
session, resulting in source estimates. From these, the average source negentropy (J(x)), a com-
mon blind source separation (BSS) learning objective, was computed. Thus, this pipeline provided
a sub-differentiable learning objective that could be used to determine the spatial parameters that
were BSS-optimal.

squared, a peak detection algorithm was applied, and the K-means++ algorithm [3] was applied to

each source estimate independently with two clusters, where the cluster with the higher centroid

value was chosen as the spikes for the given source.

Manual Spike Editing

Spike trains were then visually inspected and manually edited by an expert operator (Emanuele

Abbagnano), following established guidelines [33]. This implied the addition of missed dis-

charges, and the removal of false positive predicted discharges, as to ensure enough firing reg-

ularity, as expected in realistic physiological conditions. To discard erroneously detected MUs,

the silhouete (SIL) value was used to quantify the decomposition confidence by comparing the

distance within and between spike and non-spike clusters [116].

5.2.3 Decomposition Refinement

From the predicted discharge times, linear minimum mean square error (LMMSE) optimal sep-

aration vectors can be estimated (more detailed in Chapter 2.4.3). Thus, the estimated discharge

times were refined in the same manner as [116], where new separation vector estimates result in

new discharge time estimates, which enable the estimation of yet another set of separation vectors.
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This refinement procedure is known to improve firing regularity and decomposition performance.

Thus, initial separation vectors for the adaptation pipeline were obtained from discharge times

estimates after refinement.

5.2.4 Spatial Decomposition Adaptation

Spatial Adaptation Layer

In Chapter 4, I formulated SAL as a transformation that directly mitigates a uniform spatial trans-

formation to a regular grid. Under a DA formulation, given a small amount of data from a second

recording session sampled from DT , the aim is to a model with parameters optimized on the first

recording session sampled from DS.

While this was validated on a gesture classification task, this framework is valid for any differen-

tiable loss function. Thus, in this study, I implement SAL into a Spatial Decomposition Adapta-

tion (SDA) pipeline, with the aim of finding the uniform spatial transformation that minimizes the

BSS-inspired learning objective.

In this study, for all experiments, an affine coordinate transformation Aφ parametrized by parame-

ters φ = [Tx,Ty,α]T was considered, corresponding to transversal translations, longitudinal trans-

lations and rotations respectively. Additionally, transformation parameter bounds were defined as

Tx,Ty ∈ [−1.0cm, and α ∈ [−15◦,15◦].

Mitigating Non-Spatial Intersession Variability

While electrode displacement is assumed to be the largest confounding factor between recording

sessions, variability due to electrode impedance and noise distribution can result in substantial

deviations on the inverse covariance matrix of extended observations relative to the first recording

session.

For the second recording session, the LMMSE optimal separation matrix (see Section 2.4.3 for

more detailed information) can be estimated as:

B∗2 = Sỹ2C−1
ỹ2ỹ2

(5.1)

The physical changes between recording sessions were modelled through a function h, where

ỹ2(k) = h(ỹ1(k)). Under the assumption that h was a linear operator, it can be inferred that:

E[h(ỹ[k])] = h(E[ỹ[k]])

This enabled the modelling of the STA matrix from the second recording session given the STA

matrix from the first recording session as:

Ŝỹ2 = h(Sỹ1) (5.2)
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Under the assumption that the effect of h is primarily electrode displacement, its effects were

mitigated using SAL to learn a function gφ . In this context, separation matrix was represented as

a function parametrized by spatial parameters φ :

B̂2(φ) = gφ (Sỹ1)
T C−1

ỹ2ỹ2
(5.3)

The above formulation is LMMSE optimal when it results in the source estimate with the lowest

mean squared error. Since the sources are sparse spike trains, the sources are highly non-Gaussian.

For this reason, inspired by BSS-based MU decomposition, the optimal φ was defined as:

φ
∗ = argmin

φ
L(T(φ)) (5.4)

where the source estimates are given by:

T̂(φ) = B̂2(φ)Y2 = gφ (ST
ỹ1
)C−1

ỹ2ỹ2
Y2 (5.5)

where L(.) is a differentiable measure of the non-Gaussianity of the source estimates.

Handling Out-Of-Bounds Channels For Spatial Adaptation

Since SAL applies a virtual spatial transformation by transforming grid coordinates and resam-

pling, when transformed grid coordinates are out of bounds, the resampling is enabled with zero-

padding. This not only creates differences between STA templates and the data, but also creates a

mismatch between the covariance of the transformed data and the ground-truth electrode displaced

recording session. When the transformation is large enough, these deviations can result in sub-

stantial changes on the inverse covariance matrix of extended observations (C−1
ỹỹ ). Recomputing

the inverse covariance matrix of extended observations on the fly would be the ideal solution, but

the computational complexity of the inversion of large matrices (O((MR)3)) makes this approach

unfeasible.

To mitigate the effect of out-bound pixels, I defined maximum allowable transformations and,

based on these, computed the conservative cropping that preserves a central subset of channels,

such that the largest allowable transformations such that the transformed coordinates still remained

within-bounds of the original, complete grid. In the following notation, the vertical axis of the grid

is assumed to be aligned longitudinally with the muscle, whereas the horizontal axis is aligned

transversally with the muscle. This was carried out as follows:

1. Determine Maximal Boundary Constraints: Construct a largest spatial transformation

matrix (A(φmax)) to obtain transformed coordinates x′ = {(x′i,y′i)}H×W
i=1 .

2. Identify Minimal Safe Crops: For the coordinates x′, perform a brute-force search to iden-

tify the minimal integer crops (cle f t ,cbottom,cright ,ctop) on the original grid such that:

0≤ x′i <W −1,0≤ y′i < H−1,∀i
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3. Enforce Conservatism: Since −φmax is also a valid transformation, the largest vertical

crop was determined (cy = max(ctop,cbottom)) and applied it to the top and bottom sides.

Likewise, the largest horizontal crop (cx = max(cle f t ,cright)) was determined and applied it

to the left and right sides.

For the parameter bounds chosen for the experiments, the determined vertical and horizontal crops

were cy = 5 and cx = 3. Given the decrease in channels processed by the SDA pipeline, this

cropping approach has the additional benefit of significantly decreased computational complexity

during optimization. The inverse covariance of extended observations of the second session was

only computed for the central sub-region of the electrode grid determined by the crops, such that:

C−1
ỹ2ỹ2
∈ RMconservativeR×MconservativeR

where:

Mconservative = (H−2cy)(W −2cx)

Since cropping reduces the number of available electrodes, the larger the crop values, the worse

the decomposition outcome. Therefore, cx and cy were only applied during SDA optimization.

Once the optimal spatial transformation was determined, minimum integer crops were recomputed

(c∗le f t ,c
∗
bottom,c

∗
right ,c

∗
top) based on the BSS-optimal transformation Aφ∗ .

This enabled the use of the maximum number of electrodes for the learned transformation without

any out-of-bounds channels, maximizing decomposition performance post-optimization. Given

the new crops, the inverse covariance matrix of extended observations was also recomputed of the

second recording session for the new, larger central sub-region, where:

C−1
ỹ2ỹ2
∈ RMmaxR×MmaxR

where:

Mmax = (H− ctop− cbottom)(W − cle f t − cright)

Loss Function

Source negentropy maximization is a common learning objective in fastICA [76], and is known

to maximize source sparsity in MU decomposition [19] (See Section 2.4.4 for more information).

Therefore, the loss function used in optimization was the negative of the average source negentropy

approximation (Javg), computed as:

L(x) =−Javg(x) =−
1
N

N

∑
n=1

J(x) (5.6)

where negentropy of a single source was approximated as:
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J(x) = (E[G(x)]−E[G(ν)])2 (5.7)

In this context, ν represents a Gaussian random variable with the same mean and variance as the

random variable x. G is the chosen contrast function, chosen in this study to be:

G(x) =−e−a x2
2 (5.8)

With a being a hyperparameter, chosen to be a = 1 as commonly chosen in previous studies. This

choice of contrast function is popular in MU decomposition studies, as it is designed for robust

negentropy estimation for super-Gaussian distributions [76], such as that of MU spike trains.

Optimization

The STA templates from the first session and inverse covariance matrix of extended observations

from the second session are kept fixed, enabling gradients to flow through during backpropaga-

tion. As in Chapter 4, SAL applies affine transformations in a sub-differentiable manner, enabling

gradient-based optimization of the full SDA pipeline. The only learnable parameters in this study

were the chosen SAL affine transformation parameters. Given the gradient complexity introduced

by SAL, rather than the fixed-point algorithm used in fastICA [76], first-order gradient-based

methods were used for optimization.

I hypothesized that when SAL parameters were initialized far enough away from the global op-

timum, gradient-based optimization would not receive meaningful learning signals, being effec-

tively stuck in a flat loss landscape, as was observed in Chapter 4. Thus, three optimization ap-

proaches were considered: gradient descent (GD), brute-force search (due to the small number of

parameters), and a combination of GD and brute-force search techniques. For brute-force search,

Latin Hypercube Sampling (LHS) was used, ensuring uniform coverage while keeping dimen-

sions independent. For the combination, we used Latin Hypercube Sampling initialized gradient

descent (LHS-GD), where LHS was initially used, and the optimal parameters were used as the

initial conditions for GD.

Implementation Details

For gradient descent, the Adam optimizer was used with a learning rate of 0.005 and a batch

size of B = 104. For LHS, one search sample referred to the negative negentropy averaged over

sources (Javg(x)) with all available data for a single sampled spatial transformation, φsamp. Like for

GD, the available data was also processed with a batch size of B = 104, averaging Javg(x) across

batches. Since most parameters were frozen, the computational complexity of a backward pass

was estimated to be approximately three times that of a forward pass. Hence, for a fair comparison,

thrice as many brute-force samples were used as epochs. Thus, experiments in this study used 250

epochs for GD, 750 samples with LHS, and 375 samples with LHS followed by 125 epochs of

gradient-based training LHS-GD.
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Model training and evaluation were performed using an NVIDIA GeForce RTX 3080 GPU (10

GB GDDR6X memory, 8,704 CUDA cores, 272 Tensor Cores, Ampere architecture). This con-

figuration provided sufficient computational capacity for efficient training of the PyTorch-based

spatial decomposition pipeline. As in Chapter 4, SAL was implemented by leveraging the in-

built PyTorch torch.nn.functional.affine_grid and torch.nn.functional.grid_sample, enabling sub-

differentiable optimization.

Post-Adaptation Motor Unit Refinement

The MU decomposition pipeline in [116] used a fastICA algorithm to obtain initial source esti-

mates followed by a convolution kernel compensation (CKC) inspired refinement procedure. Since

the refinement procedure resulted in significant performance improvements, the same refinement

procedure was implemented after obtaining initial source estimates from the spatial decomposition

adaptation, T̂(φ ∗). Instead of refining sources sequentially until reaching an interspike coefficient

of variation (CoV) plateau, a fixed number of refinement steps Nr was defined. This fixed number

allowed the simultaneous refinement of all sources with more efficient matrix operations using

PyTorch. In this study, Nr = 10 was found to be sufficient.

Loss Landscape Sampling

To validate the use of gradient-based methods, a preliminary qualitative analysis was performed

on the negentropy loss landscape. A simplified set-up where fixed transversal and/or longitudinal

translation were applied at different lowpass cutoff frequencies ( fc) was used. The loss function

in Equation 5.6 was then evaluated for 400 combinations of transversal/longitudinal translations

bounded by Tx,Ty ∈ [−1.0cm,1.0cm]. This resulted in a sampled grid of the loss as a function of

the parameters, which was visualized as a heatmap.

Under the assumption of high fidelity MU decomposition and manual editing, the source estimates

within the same recording session should be highly non-Gaussian. Thus, for the loss landscape

visualizations, a normalized negentropy measure was computed as:

Lnorm(x) =
Lintersession(x)
Lintrasession(x)

(5.9)

where a Lnorm(x) ≈ 0 implies sources are highly Gaussian relative to the original decomposition

result, and Lnorm(x) ≈ 1 suggests sources are comparably non-Gaussian relative to the original

decomposition. All loss landscape visualizations used Lnorm(x) for a more intuitive scaling.

5.2.5 Simulated Spatial Transformations

To simulate the effect of electrode displacement across recording sessions, virtual spatial transfor-

mations were applied to a HD-sEMG recording with constant IED. In this study, only spatial trans-

formations parametrized by φ = [Tx,Ty,α] were considered, as translations and rotations are the

only likely transformations that can realistically occur while using a rigid HD-sEMG grid. These

parameters were sampled from uniform distributions constrained to Tx,Ty ∈ [−1.0cm,1.0cm] and
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α ∈ [−15◦,15◦].

To apply a sampled transformation, SAL with spatial parameters set to the sampled parameter

values was used. Given a HD-sEMG grid of shape H×W ×Ts, SAL was applied independently

to every time-point, effectively operating on grayscale images of shape H ×W . Once applied,

the expected optimal parameters in SDA were the same as those sampled and used in the forward

transformation. The simulation outputs can be interpreted as two simultaneous recordings from

two different electrode placements of the same physical process (hence, identical underlying spike

trains).

5.2.6 Performance Evaluation

Rate Of Agreement

Given the discharge times of one ground truth MU, and the predicted discharge times for another,

true positives (TP), false positives (FP) and false negatives can be estimated to compute the rate of

agreement (RoA):

RoA =
T P

T P+FP+FN
(5.10)

While TP corresponds to the number of correctly identified discharge times, FP corresponds to

the number of erroneously predicted discharge times and FN to the number of real, undetected,

discharge times. Thus, RoA successfully penalizes both discharge over and under detection. To

compensate for potential temporal offsets introduced by the signal processing inherent in convo-

lutive BSS, any pair of discharges that was less than 2 ms (jitter) apart was deemed a match.

Given that for both real data and phenomenologically simulated data virtual spatial transformations

were applied to simulate electrode displacement, both original and transformed HD-sEMG data

contain the same ground-truth MUs and discharge times. Therefore, the RoA of the predicted

discharge times was computed for the transformed data by using the original MU discharge times

as the ground truth.

Average Electrode Distance

The first step of the SAL-based transformation is to apply the affine transformation to the original

grid coordinates. During simulated electrode displacement, since the ground truth transformation

parameters were known, the degree of spatial correction post spatial adaptation was quantified.

Given a simulated electrode displacement applied through affine transformation matrix A′
φtrue

, the

pipeline estimated a spatial adaptation matrix A′
φ∗ that minimizes negentropy, with the expectation

that φ ∗ ≈ φtrue. To compute an interpretable metric, the transformation A′net = A′
φtrue
·A′−1

φ∗ was

applied to the original grid coordinates, and. The average Euclidean distance between original

electrode positions and corresponding electrodes was computed after applying Anet were com-

puted. Hence, the metric d effectively measured the extent to which the physical transformation

was corrected, where if A′
φtrue

= A′
φ∗ , it follows that d = 0. Given a known, constant IED, d was

computed in interpretable units.
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Figure 5.3: Qualitative loss landscape analysis as a function of fc (all conditions evaluated at
SNR = 10). Given synthetic sEMG at different fc values, a translation of (Ty0 = −0.8cm,Tx0 =
0.6cm) was applied. Subsequently, the normalized negentropy (Lnorm(x)) was computed based on
on this spatially transformed sEMG using the pipeline in Figure 5.2, considering 400 Spatial Adap-
tation Layer (SAL) corrective translations from a grid within the range Tx,Ty ∈ [−1.0cm,1.0cm],
resulting in the above heatmaps. Even as the spatial bandwidth increases, the blind source separa-
tion optimal region remains significantly different from other regions in the landscape, suggesting
a single, robust global optimum.

5.3 Results

5.3.1 Experiment I: Mitigating Spatial Transformations With Phenomenological
Simulations

Qualitative Loss Landscape Evaluation

In Figure 5.4, for different experimental conditions, the normalized negentropy (Lnorm(x)) was

displayed across 400 translations, sampled at regular intervals, effectively providing a visual-

ization of the loss as a function of spatial parameters. Given a signal-to-noise ratio (SNR) of

SNR = 10, one normalized loss heatmap was computed for each of the spatial cutoff frequencies

fc ∈ [62.50,125.00,187.50]m−1.

Translations across the search space only returned loss values comparable to the base loss value

used for normalization in the vicinity of the optimal spatial transformation. Additionally, when the

spatial lowpass cutoff frequency ( fc) was increased, the region in space that returned loss values

comparable to the base loss value decreased in area. Finally, the maximum normalized negentropy

(Lnorm(x)) also visibly dropped when fc was increased.

Spatial Decomposition Adaptation Performance

For every experimental condition, a set of 50 randomly sampled spatial transformations was con-

sidered, where Tx,Ty ∈ [−1.0cm,1.0cm] and φ ∈ [−15.0◦,15.0◦]. For each applied spatial trans-

formation, each of the optimization methods (LHS-GD, LHS, GD) were applied, followed by the

computation of the relevant performance metrics. Experimental conditions were considered with

SNR ∈ [30,15,5,1] dB and fc ∈ [62.50,93.75,125.00,156.25,187.50]m−1. Performance metrics

were also computed before any optimization (No Optimization), to compare the calibration per-
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Figure 5.4: Motor unit (MU) decomposition performance metrics for Experiment I, with simulated
HD-sEMG and spatial transformations. The RoA, %MU Tracked, and average electrode distance
post-adaptation (d cm) were obtained for different optimization methods, signal-to-noise ratio,
and spatial lowpass cutoff frequencies. While performance was usually high for mid-range values
of fc, drops in performance were observed for higher and lower values of fc, an effect that was
exacerbated by lower signal-to-noise ratio. As expected, without adaptation, the number of MUs
tracked is approximately 0 across all conditions.

formance relative to naively re-using the same separation vectors and statistics from the previous

recording session.

Overall Performance Comparison: As shown in Figure 5.3, LHS-GD and LHS consistently

exhibited superior performance across all metrics relative to GD and No Optimization. Although

the median electrode distance appeared lower for LHS-GD compared to LHS all conditions, LHS-
GD was did not exhibit visibly higher RoA and %MU Tracked across all conditions, suggesting

comparable performance between methods.

Analysis of Unit Agreement and Tracking Success: While the distributions of RoA and %MU

Tracked exhibited significant overlap for most conditions, for fc = 62.5 m−1, the lowest cutoff fre-

quency, higher performances were observed for LHS-GD when SNR was high and for LHS when

SNR was low. Additionally, while median RoA and %MU Tracked appeared to be nearly 1.00

for most conditions under SNR = 15 dB, (excluding fc = 62.5 m−1), when SNR was increased,

metrics visibly decreased, an effect that was accentuated away from the central range of cutoff fre-
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Figure 5.5: Qualitative loss landscape analysis for all subject/recording session pairs during a 25%
MVC contraction. To each HD-sEMG grid, a translation sampled from a random uniform distri-
bution was applied, where Ty0 ,Tx0 ∈ [−1.0,1.0] cm. Subsequently, the negentropy was computed
based on this spatially transformed sEMG using the pipeline in Figure 5.2, considering 400 Spatial
Adaptation Layer (SAL) corrective translations from a grid within the same range as transforma-
tions were sampled from (Tx,Ty ∈ [−1.0cm,1.0cm]), resulting in the above heatmaps. Sampled
negentropy estimates were normalized by negentropy prior the spatial perturbation, a practical
performance upper bound. In experimental recordings from healthy subjects and decomposed
manually edited motor units, the blind source separation optimal region remained distinct as a
robust global optimum.

quencies. Lastly, for the No Optimization baseline representing the use of the original separation

vectors and statistics with no calibration, across all SNR and fc conditions, %MU Tracked ≈ 0.0.

Analysis of Spatial Correction Accuracy: LHS-GD and LHS both resulted in visibly lower

median average electrode displacement post-adaptation, d (cm), relative to GD or No Optimiza-
tion. In addition, lower dmedian values were observed across conditions for LHS-GD relative to

LHS. However, for an IED of 0.4 cm, both optimization methods resulted in dmedian < IED for

all experimental conditions, and dmedian < IED
2 for all conditions except for fc = 187.5m−1 and

SNR = 1 dB.

5.3.2 Experiment II: Mitigating Simulated Spatial Transformations For Real Data

Qualitative Loss Landscape Evaluation

In Figure 5.5, the normalized negentropy (Lnorm(x)) across 400 translations sampled at regular

intervals were displayed, effectively providing a visualization of the loss as a function of spatial

parameters. One normalized loss heatmap was computed for each subject and recording session

pair at 25% MVC. As in Figure 5.3, in Figure 5.5 loss values in the order of magnitude of the base

loss used in normalisation were only noticeable in the vicinity of the spatial perturbation. This
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Figure 5.6: Motor unit (MU) decomposition performance metrics for Experiment II, with virtual
electrode displacement being applied to real HD-sEMG and decomposed MUs. The RoA, %MU
Tracked, and average electrode displacement post-adaptation, d (cm), were obtained for different
optimization methods (LHS-GD, LHS and GD) and the two contraction levels (25% and 50%)
recorded. The No Optimization baseline resulted in %MU tracked ≈ 0 across contraction levels.
While LHS-GD exhibited the highest median RoA and proportion of MUs, LHS still exhibited
a comparable performance distribution across metrics. The GD method exhibited a visibly larger
Interquartile Range (IQR) in performance metrics relative to LHS-GD and LHS. This indicated
a high trial-to-trial variability, with the performance distribution spanning almost the entire range,
from complete failures (lower quartile near 0.00) to highly successful trials (upper quartile reach-
ing ≈ 0.75).

trend was present across all subject and session pairs.

Spatial Decomposition Adaptation Performance

For every subject, contraction level, and recording session, a set of 50 randomly sampled spatial

transformations was considered, where Tx,Ty ∈ [−1.0cm,1.0cm] and φ ∈ [−15.0◦,15.0◦]. For

each applied spatial transformation, each of the optimization methods (GD, LHS, LHS-GD) were

applied, followed by the computation of the relevant performance metrics. Performance metrics

before any optimization (No Optimization) were also computed to compare the calibration per-

formance relative to naively re-using the same separation vectors and statistics from the previous

session.

121



Overall Performance Comparison: As shown in Figure 5.6, LHS-GD and LHS consistently

exhibited superior performance across all metrics relative to GD and No Optimization. Although

the median average electrode distance appeared visibly lower for LHS-GD compared to LHS,

there was a large distribution overlap between the two methods for the RoA and MU-tracking

distributions, suggesting comparable performance between the methods.

Analysis of Unit Agreement and Tracking Success: The RoA and %MU Tracked distribu-

tions exhibited a dependence on contraction intensity across methods. While LHS-GD and LHS
achieved robust RoA (median ≈ 0.80) and %MU tracked (median ≈ 0.75) during a 25% MVC

contraction, these median performances visibly dropped with an increase in contraction level (25%

to 50% MVC). Furthermore, the outlier markers (metric > 1.5∗ IQR) in the boxplots from Figure

5.6 appeared to be visibly lower in RoA anbd %MU Tracked for LHS-GD relative to LHS. Addi-

tionally, the GD method shows a visibly larger Interquartile Range(IQR) in performance metrics

relative to LHS-GD and LHS. This indicated a high trial-to-trial variability, with the performance

distribution spanning almost the entire range, from complete failures (lower quartile near 0.00)

to highly successful trials (upper quartile reaching ≈ 0.75). Furthermore, the No Optimization
baseline, representing the use of the original separation vectors and statistics for decomposition,

consistently resulted in near zero MUs tracked.

Analysis of Spatial Correction Accuracy: For both LHS-GD and LHS, across all contraction

levels, substantially lower median and IQR average electrode distance were obtained relative to

GD and No Optimization. Furthermore, both methods resulted in physically low median distance

values relative to the IED, such that dmedian < IED
2 m where IED = 0.4 cm. In contrast, the dis-

tribution of d when using GD was comparable to the median simulated electrode displacement

distance applied to the original HD-sEMG grid.

5.4 Discussion

5.4.1 Loss Landscape Properties & Optimization

The qualitative analysis of the loss landscape, performed on both simulated (Experiment I) and

real data (Experiment II), demonstrates that BSS-optimality (source sparsity) is a feasible learn-

ing objective for spatially adapting the separation vectors to mitigating electrode displacement.

As illustrated across conditions in Figures 5.4 and for all subjects and sessions in 5.5, the loss

landscape was characterized by a "flat" topology except for a distinct region in the vicinity of

the single, bowl-shaped minimum, suggesting a convex optimization problem. However, this to-

pography also highlights a critical optimization challenge: the vast majority of the search space

provides no gradient information, rendering purely gradient-based methods ineffective without a

specific initialization strategy.

Based on loss landscape visualizations, increasing the spatial lowpass cutoff frequency ( fc) caused

the basin of attraction to decrease in area. This was likely caused by higher-frequency compo-

nents decreasing the spatial autocorrelation more rapidly with translation magnitude, sharpening

the bowl-shaped region and making the landscape harder to traverse via gradient descent. Ad-
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ditionally, the observed drop in maximum normalized negentropy with increasing fc suggests

an increase in bilinear interpolation error associated with higher frequency content, resulting in

greater sensitivity to noise. Despite these frequency-dependent challenges, the loss landscape re-

tained the visual loss landscape properties that suggest optimizability. This was further validated

by the presence of real loss landscapes in Figure 5.5, supporting the optimisability of the spatial

adaptation problem even for real-world EMG spatial frequency characteristics.

5.4.2 Optimization Strategy and Performance

Consistent with the landscape topography described above, the performance metrics in both Ex-

periment I (Figure 5.4) and Experiment II (Figure 5.6) confirm that brute-force initialization is a

prerequisite for successful adaptation. Both LHS and LHS-GD significantly outperformed the use

of GD alone, which frequently resulted in near-zero unit tracking, likely due to poor initialization

on the flat areas of the loss landscape.

While for both Experiment I and Experiment II, the LHS-GD method consistently achieved lower

median electrode displacement (d) post-adaptation relative to LHS, LHS-GD and LHS yielded

comparable decomposition metrics (RoA and %MU Tracked) across most experimental conditions

and recording session and subject pairs. Interestingly, this improvement in spatial accuracy did not

always translate to tangibly higher decomposition performance. This suggests that perfect spatial

adaptation is not strictly necessary. As long as the estimated parameters are within a proximity

threshold of the optimal spatial correction, the decomposition algorithm can successfully recover

the MUs.

Additionally, there was an observed trade-off regarding robustness. In Experiment I, while LHS-
GD generally performed well, LHS exhibited superior performance in specific challenging con-

ditions (e.g., low SNR). This performance gap is likely attributable to the initialization density:

LHS-GD utilizes fewer brute-force search points than pure LHS for comparable computational

complexity. Consequently, in scenarios with high noise (low SNR), LHS-GD is statistically more

likely to miss the global optimum’s basin during initialization, leading to the worse failure modes

observed in the outlier analysis. Therefore, due to benefits in robustness, LHS is most likely to pro-

vide robust MU tracking across conditions. Since this method is only dependent on a brute-force

search algorithm, it can also more readily be implemented within existing MU decomposition

software and packages.

5.4.3 Physical Interpretation of Adaptation

Finally, the spatial correction accuracy observed across both experiments implies a high degree of

physical precision in the adaptation. For the majority of experimental conditions, both LHS and

LHS-GD resulted in a median electrode displacement of dmedian <
IED

2 . This indicates that both

LHS and LHS-GD successfully corrected the spatial perturbation to within less than half of the

IED, effectively mitigating the effects of electrode shift to a sub-electrode level. Thus, not only

does spatial decomposition adaptation provide robust MU tracking, but it also provides a reliable

estimate of the original electrode displacement, an interpretable measure of the physical origins of

the intersession variability.
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5.5 Conclusion

In this study, I re-frame the problem of MU tracking in isometric contractions from template

matching MUAPs of independently decomposed recording sessions to adapting separation vectors

from session so they can be re-used in another. I propose and validate a spatial decomposition

adaptation framework that utilizes SAL (introduced in Chapter 4) to spatially transform separation

vectors, allowing for their re-use in another recording session for the same contraction level.

Through phenomenological simulations and virtual displacements applied to real HD-sEMG data,

I analysed the loss landscape of a BSS-inspired loss function. While the optimization problem

is convex with a robust global optimum, the landscape is predominantly flat, rendering gradient-

based methods ineffective without proper initialization. Consequently, the implemented hybrid

approach combining brute-force search and gradient descent (LHS-GD), or even sufficiently dense

sampling (LHS) alone, consistently outperform standard gradient descent. These methods achieved

high RoA and result in the successful tracking of a significant proportion of MUs, correcting spa-

tial displacements to sub-electrode levels of precision (often less than half the IED).

The implications of these findings are significant for the robustness of MU decomposition and

longitudinal tracking. The need of precise physical markings on the skin is bypassed by mitigat-

ing the physical effects introduced by electrode displacement. Crucially, the introduced method

successfully meets the motor unit tracking success criterion defined in Chapter 1 of %MU Tracked

≥ 40%, albeit in simulated electrode displacement conditions only.

Future work will focus on validating this framework on a larger dataset collected across multi-

ple physical recording sessions to confirm its efficacy under complex, real-world conditions. To

facilitate widespread adoption in the neurophysiology community, I aim to implement the brute-

force search only variation of this pipeline as an open-source package in both Matlab and Python

(NumPy). Additionally, given the distinct topology of the loss landscape, I plan to explore non-

gradient optimization methods, such as Bayesian optimization, to improve convergence efficiency.

Finally, beyond motor unit tracking, this adaptation framework holds promise as an unsupervised

learning objective for estimating physically relevant quantities. For instance, since SDA resulted

in more accurate spatial parameter estimation relative to SAL-based adaptation results for gesture

classification reported in Chapter 4, SDA may be used as an unsupervised proxy task to mitigate

the effects of electrode displacement for gesture recognition classifiers, joint angle regressors,

among other HD-sEMG-based machine learning models. More generally, BSS-inspired objectives

can be extended to the estimation of other meaningful quantities. Recently, this BSS-inspired

optimization approach has been extended to the estimate of volume conduction properties (e.g.

fibre conduction velocity) based on biophysical HD-sEMG models [62]3. Thus, future work will

investigate the use of this framework in other applications as an inverse modelling tool.

3As a co-author of the referenced study, my contribution was the BSS-inspired objective into the introduced pipeline.
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Chapter 6

General Discussion & Conclusions

6.1 General Summary

The aim of this thesis was to develop machine learning approaches to improve the intersession

generalization of surface electromyography (sEMG) motor intent estimation without resource-

intensive data collection efforts or impractically strenuous calibration sessions. A novel spatial

data augmentation was introduced in Chapter 3 to probe models to learn electrode-placement

invariant representations, with the goal of zero-shot intersession generalization. However, this ap-

proach did not significantly outperform dimensionality reduction based regularization, and augmentation-

enhanced performance remained low.

To address these limitations, the Spatial Adaptation Layer (SAL) was introduced in Chapter 4 to

mitigate electrode displacement in a few-shot, input-based domain adaptation framework. SAL

achieved significant performance improvements relative to implemented state-of-the-art adapta-

tion methods when using a subset of available gestures1. To demonstrate the versatility of SAL,

it was subsequently employed to mitigate electrode displacement based on motor unit (MU) de-

composition models in Chapter 5. In this context, SAL was effectively able to mitigate electrode

shift, matching the majority of decomposed MUs with high rates of agreement. Collectively, this

body of work establishes a new methodological framework for mitigating the effects of electrode

displacement, synthesized and evaluated in the following sections.

6.2 Key Findings

6.2.1 Spatial Data Augmentation

Spatial data augmentation was initially hypothesized to probe models to learn electrode-placement

invariant representations. This was approached by treating different channel rows in a 2D high-

density surface electromyography (HD-sEMG) system as distinct recording sessions, thereby in-

creasing the effective training set size at the expense of spatial coverage. While intersession ac-

1Throughout this thesis, the standard term gesture is used as a macro-level class label for configurations of sustained
isometric muscle effort rather than physical movement. See the front-matter Glossary for the complete methodological
definition.
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curacy significantly improved relative to an unregularized baseline, crucially, these augmentation-

enhanced performances did not significantly outperform principal component analysis (PCA) di-

mensionality reduction.

This equivalence suggests that the spatial augmentation functions primarily as a form of implicit

model regularization rather than successfully encoding the geometric structure of the shift. This

finding was consistent across all considered feature sets, some of which outperformed the time-

domain convolutional neural network (CNN) implemented. This indicates that the limitation is

intrinsic to the data strategy rather than the model architecture. Ultimately, across all implemented

methods, final intersession accuracies remained low (< 50%), suggesting that generic spatial data

augmentation alone is insufficient to bridge the domain gap required for robust intersession gen-

eralization.

Limitations: Ultimately, the extent of spatial transformation invariance introduced by data aug-

mentation is bounded by the variability of transformations introduced and the capacity of the

model to learn invariant representations. In particular, the method investigated was restricted to

proximal-distal shifts, as preliminary experiments indicated that training on more complex trans-

formations yielded worse intersession performance. However, this was not evaluated further with

more expressive models than the lightweight temporal CNN implemented. Furthermore, the high

variability in performance improvement across subjects suggests that other confounding factors

such as limb position, contraction intensity, and gesture technique may outweigh the benefits of

spatial augmentation. Consequently, while augmentation provides a useful regularization effect,

it does not yield in session-invariant representations across an array of different machine learning

models.

6.2.2 Spatial Input-Based Domain Adaptation

Given low reported performance for spatial data augmentation, I investigated the use of SAL: a

layer that learns a single optimal spatial transformation to mitigate the effects of electrode dis-

placement with respect to the original recording session.

Gesture Classification: SAL-based performances challenge the reliance on complex model archi-

tectures for intersession generalization. Crucially, a SAL-adapted logistic regressor significantly

outperformed an established CNN architecture using alternative domain adaptation methods. This

dominance of a linear classifier suggests that the bottleneck in HD-sEMG generalization is not the

separability of the features, but the differences between source and target recording sessions. With

an adaptation set containing only three of six total gestures, SAL achieved accuracies of ≥ 85%

on regular-array HD-sEMG recordings, approximately reverting the intersession problem to one

of intrasession generalization. This confirms that by resolving the physical transformation based

on inductive biases, simpler models are sufficient to achieve high-performance classification.

Motor Unit Tracking: The application of SAL to MU tracking serves as a critical validation

of the method’s ability to directly mitigate the physical effects of electrode displacement. When

tracking MUs in experimental HD-sEMG recordings with simulated spatial transformations, the

baseline condition (no adaptation) tracked ≈ 0% of MUs, highlighting the fragility of tracking
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approaches such as [100] under realistic electrode displacements. On the other hand, SAL suc-

cessfully mitigated these effects across all contraction levels. By adapting the separation vectors

directly, SAL reframes the challenge of MU tracking from a rigid template-matching problem

to a domain-adaptation problem. Consequently, this success suggests that SAL is not limited to

classification tasks, but can be generally applied to mitigate electrode displacements given any

task-relevant loss function.

Interpretability & Optimization: Beyond effectively mitigating the effects of electrode displace-

ment, SAL directly estimates physically meaningful parameters in an interpretable way. The va-

lidity of these parameters was confirmed by the significant linear correlation between accuracy

improvements and transformation magnitude, specifically translation across the length of muscle

fibres, which aligns with past physiological studies [63, 1]. This physical fidelity resulted in a

significant reduction of average electrode displacement in the majority of trials. This was espe-

cially pronounced in the MU tracking context, where the average post-adaptation displacement

was reduced to ≈0.2 cm.

Furthermore, I found that due to the small number of SAL parameters, brute-force optimization

yielded similar performances to gradient-based approaches with comparable computational com-

plexity for MU tracking and gesture classification. This suggests that SAL-based adaptation can be

readily implemented without the overhead of nuanced automatic differentiation frameworks, such

as PyTorch or TensorFlow. Thus, SAL offers a dual advantage: it provides the robustness of phys-

ically grounded adaptation while remaining computationally lightweight enough for deployment

in resource-constrained embedded environments.

Limitations: While SAL offers a robust solution for regular arrays, its efficacy is dependent on

the assumption of a constant interelectrode distance (IED). Consequently, performance on irregu-

lar grids was notably inferior to that on regular arrays. Furthermore, since SAL exclusively targets

electrode displacement, it requires additional preprocessing methods such as including baseline

noise reduction and spatial filtering to achieve optimal performances. Finally, a critical limitation

of the MU tracking validation is its reliance on simulated spatial transformations. Thus, the frame-

work has yet to be validated on longitudinal experimental recordings involving physical electrode

re-placement across multiple days.

6.3 Implications

6.3.1 Leveraging Inductive Biases Of Intersession Variability

The most significant theoretical implication of this work is that electrode displacement should

be modelled as a structured geometric transformation rather than generic statistical noise. While

complex, deep learning models have successfully learned transformation-invariant representations

across domains, the number of subjects required for intersubject generalization is impractical for

numerous downstream HD-sEMG-based applications. Similarly, while model-based adaptation

approaches significantly improve intersession generalization, the necessity of label-balance in the

adaptation set can lead to impractically long calibration procedures. Alternatively, by leveraging
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inductive biases of the physical transformations that occur to HD-sEMG signals across sessions,

intersession generalization can be significantly improved with small calibration sets, a promis-

ing finding for downstream HD-sEMG-based applications. Crucially, since electrode displace-

ment naturally occurs in any application that requires re-placement during use, spatial input-based

adaptation can be generally applied to any HD-sEMG-based machine learning task, as shown with

gesture classification and MU tracking.

6.3.2 Input-Based Adaptation: From Intersession To Intrasession

One interpretation of input-based adaptation is that, by minimizing the effects of intersession

transformations on the target domain, the problem of intersession generalization is effectively re-

duced to one of intrasession generalization. Within sessions, numerous HD-sEMG-based machine

learning models have achieved high performances, even with simple feature sets and linear classi-

fiers. Thus, spatial input-based adaptation enables the robust use of more interpretable lightweight

models, as shown in Chapter 4 by the high intersession accuracy achieved with a single feature per

channel and a logistic regressor. Furthermore, the use of of lightweight models and sufficiency of

brute-force optimization can facilitate the implementation of HD-sEMG-based machine learning

models in embedded systems.

6.3.3 Motor Unit Tracking: An Input-Based Adaptation Problem

Currently, MU decomposition is predominantly achieved through linear convolutive blind source

separation (BSS)), which provide interpretable results and has the guarantee of source identifia-

bility [70, 116]. Since linear models are not expressive enough to learn invariant representations,

input-based domain adaptation is the most suitable method for preserving original decomposition

filters and identifiability. While spatial decomposition adaptation has not been validated with ex-

perimental signals from multi-day recordings, it successfully mitigated the effects of simulated

spatial transformations and longitudinal MU tracking has been successfully achieved when con-

trolling for electrode displacement. The successful tracking of MUs across sessions in real-world

settings enables various longitudinal applications, such as single MU control in spinal cord injury

patients [119], as well as monitoring disease progression in neuromuscular diseases such as ALS

[153].

6.4 Future Outlook

6.4.1 Algorithmic Extensions

While brute-force optimization was sufficient across machine learning tasks to learn corrective

spatial transformations, more sample efficient non-gradient methods can be implemented to tackle

the SAL loss landscape. Thus, future work will also consider black-box optimization methods such

as Bayesian and particle swarm optimization. Furthermore, the use of SAL is currently restricted

to HD-sEMG arrays with constant IED. This will be extended to handle non-uniform arrays with

known electrode spacing. Finally, since non-gradient methods were successfully applied, future
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work will spatial input-based adaptation will be applied to other popular, non-differentiable tradi-

tional classifiers, such as random forests or support vector machines.

6.4.2 Motor Unit Tracking: Experimental & Clinical Validation

Beyond the successful mitigation of the effects of simulated spatial transformation, future work

will investigate the application of spatial decomposition adaptation to experimental, longitudinal

HD-sEMG recordings, which contains a more realistic range of non-stationarities. Once validated

in healthy subjects, this method will also be extended further to single MU control and clinical

assessments in patients with motor impairments.

6.4.3 Decomposition As A Universal Calibration Proxy

Interestingly, spatial decomposition adaptation resulted in a more significant reduction of simu-

lated spatial transformations relative to the use of a gesture classification learning objective. This

is likely due to the degree of information encoded in the spatiotemporal motor unit action po-

tential (MUAP) fingerprints involved, as well as its direct association with physical, objective

quantities. Therefore, future work will investigate spatial decomposition adaptation based on a

single isometric contraction as a universal proxy learning objective for intersession generalization

in downstream tasks.

6.4.4 Biophysics-Informed Inverse Modelling

Beyond spatial decomposition adaptation, I more generally introduce a framework for using BSS-

inspired loss functions for estimating specific quantities of interest. In spatial decomposition adap-

tation, the spatial transformation parameters that maximize the sparsity of predicted sources are

estimated. Recently, this framework was applied to an HD-sEMG biophysical forward model.

The biophysics model generates realistic MUAPs based on a low-dimensional set of physical and

anatomical parameters (e.g. fibre conduction velocity) [62]. In this context, the simulation param-

eters were optimized by constructing separation vectors from generated MUAPs and maximizing

the output source sparsity. This not only enabled robust, biophysically grounded decomposition,

but also directly estimated physically meaningful quantities. Thus, future work will expand on

biophysically-inspired decomposition, as well as investigate the use of this framework in other

applications as an inverse modelling tool.
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Appendix A

Appendix

A.1 Root Mean Square: A Physiologically Meaningful Feature

A.1.1 EMG Convolutive Model

As shown in [50], the average sEMG signal power can be approximated as a function of MU dis-

charge rates and motor unit action potential (MUAP) waveforms. For this section, x(t) denotes the

continuous-time signal observed at a channel location (m,n). The sEMG signal can be modelled

as a convolutive mixture of sparse neural sources (more detailed in Section 2.4.2):

x(t) =
N

∑
i=1

si(t)∗hi(t)+n(t) =
N

∑
i=1

∑
k

hi(t− tik)+n(t) (A.1)

where si(t) = ∑k δ (t− tik) is the spike train of motor unit i with firing times tik, hi(t) is the MUAP

waveform, and n(t) is additive noise. For isometric contractions, firing times are assumed to follow

normal distributions about mean firing rates λi.

A.1.2 Mathematical Derivation

The instantaneous power of the sEMG signal is:

P(t) = x2(t) =

[︄
N

∑
i=1

∑
k

hi(t− tik)+n(t)

]︄2

(A.2)

Expanding this quadratic expression term by term:

P(t) =

(︄
N

∑
i=1

∑
k

hi(t− tik)

)︄2

+2

(︄
N

∑
i=1

∑
k

hi(t− tik)

)︄
n(t)+n2(t)

=
N

∑
i=1

∑
k

h2
i (t− tik)+

N

∑
i=1

N

∑
j ̸=i

∑
k

∑
ℓ

hi(t− tik)h j(t− t jℓ)

+2
N

∑
i=1

∑
k

hi(t− tik)n(t)+n2(t) (A.3)
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Taking the time average over window T , the mean square (MS) signal was obtained, corresponding

to the average power:

MS =
1
T

∫︂ T

0
x2(t)dt = ⟨P(t)⟩t (A.4)

This results in four types of terms to analyse:

⟨P(t)⟩t =
N

∑
i=1

⟨︄
∑
k

h2
i (t− tik)

⟩︄
t

+
N

∑
i=1

N

∑
j ̸=i

⟨︄
∑
k

∑
ℓ

hi(t− tik)h j(t− t jℓ)

⟩︄
t

+2
N

∑
i=1

⟨︄
∑
k

hi(t− tik)n(t)

⟩︄
t

+ ⟨n2(t)⟩t (A.5)

Auto-correlation terms: For large T and stationary firing processes:⟨︄
∑
k

h2
i (t− tik)

⟩︄
t

≈ λi

∫︂
h2

i (τ)dτ = λiEi (A.6)

where Ei is the energy of MUAP i. This follows from ergodicity: each firing event contributes

energy Ei to the power signal, and over long windows the average number of firings per unit time

approaches the firing rate λi.

The cross-terms between different motor units can be analysed as ⟨hi(t) ∗ si(t) · h j(t) ∗ s j(t)⟩t .
While the MUAP waveforms hi(t) and h j(t) may have non-zero correlation due to volume con-

duction effects, the spike train independence creates random phase relationships between si(t) and

s j(t). Over sufficiently long windows, these random timing offsets cause the cross-correlation to

average toward zero, even when the underlying MUAP shapes are correlated. The key require-

ment is that firing times tik and t jℓ are independent random variables. The signal-noise cross terms

vanish because the noise n(t) is independent of both the MUAP shapes and firing times, ensuring

no systematic correlation between signal and noise components. The additive noise contributes:

⟨n2(t)⟩t = σ2
n . Therefore, the MS signal becomes:

MS≈
N

∑
i=1

λiEi +σ
2
n (A.7)

A.1.3 Key Insights

The mathematical derivation shows that MS is directly proportional to the firing rates (λi)
of the underlying MUAPs and their energy (Ei). This establishes a direct link between the

sEMG signal amplitude and the neural control signals driving muscle contraction, as not only firing

rates increase with greater contraction levels, but also the number of active motor units and the

average MUAP energy. Instead of MS, root mean square (RMS) values are used, as RMS has the

same units as the original signal and are a well-established feature in sEMG classification, while

still preserving its monotonic relationship with contraction levels that is useful for classification

objectives.
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