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Abstract

Upper-limb myoelectric prosthesis control utilises electromyography (EMG)

signals as input and applies statistical and machine learning techniques to intu-

itively identify the user’s intended grasp. Surface EMG signals recorded with

electrodes attached on the user’s skin have been successfully used for prostheses

control in controlled lab conditions for decades. However, due to the stochastic

and non-stationary nature of the EMG signal, clinical use of pattern recognition

myoelectric control in everyday life conditions is limited.

This thesis performs an extensive literature review presenting the main causes

of the drift of EMG signals over time, ways of detecting such drifts and possible

techniques to counteract for their effects in the application of upper limb pros-

theses. Three approaches are investigated to provide more robust classification

performance under conditions of EMG signal drift; improving the classifier, in-

corporating extra sensory modalities and utilising transfer learning techniques

to improve between-subjects classification performance.

Linear Discriminant Analysis (LDA), is the baseline algorithm in myoelectric

grasp classification applications, providing good performance with low compu-

tational requirements. However, it assumes Gaussian distribution and shared co-

variance between different classes, and its performance relies on hand-engineered

features. Deep Neural Networks (DNNs) have the advantage of learning the

features while training the classifier. In this thesis two deep learning models

have been successfully implemented for the grasp classification of EMG signals

achieving better performance than the baseline LDA algorithm. Moreover, deep

neural networks provide an easy basis for transfer learning knowledge and im-

proving the adaptation capabilities of the classifier. An adaptation approach is

suggested and tested on the inter-subject classification task, demonstrating bet-

ter performance when utilising pre-trained neural networks. Finally research

has suggested that adding extra sensory modalities along EMG, like Inertial

Measurement Unit (IMU) data, improves the classification performance of a clas-

sifier in comparison to utilising only EMG data for training. In this thesis ways



of incorporating different sensory modalities have been suggested, both for the

LDA classifier and the DNNs, demonstrating the benefit of multi-modal grasp

classifier.





In loving memory of my father,

Αλέξανδρου Κυράνου
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1 | Introduction

1.1 Motivation

Traditional control methods for hand prostheses were developed for the control

of simple devices with a single (open-close) or a small amount of degrees of ac-

tuation. From an engineering point of view, the current state-of-the-art on hand

prostheses includes advanced robotic devices that articulate in a way that re-

sembles more the natural form of the human hand, providing better precision in

grasping different objects. As of 2020, commercially available prosthetic hands

have up to 6 degrees of actuation (DOAs) whereas robotic prosthetic hands de-

veloped for research can reach up to 30 DOAs. In order to take advantage of

the increased functionality of those devices, advanced control methods are in-

vestigated with emphasis on techniques that allow a natural and intuitive way

of controlling the device that does not require a high physical and mental load

from the user.

Following the mechanical advancements of the prosthetic hands, the con-

trol of the devices has shifted over the last decades from purely mechanical,

body-powered devices that require occasionally non-intuitive and physically de-

manding ways of controlling the hand towards electrically powered myoelectric

control of the device. The electrical components remove the demand from the

user to apply extra forces to move the prosthesis, but the control of the device

remains unintuitive with respect to the natural way of moving a hand. Myo-

electric control relies on recordings from the user’s muscles that are translated

in distinct motions for the prosthetic device. In the majority of commercial my-

oelectric upper-limb prostheses control applications, the user has to undergo

extensive training to learn how to perform specific sequences of muscle flexions

that correspond to a pre-defined grasp.

1



In order to remove the need for training the subject and reduce the amount

of mental load from the user of the prosthesis, researchers over the last decades

have focused on pattern-recognition myoelectric control. This approach relies on

recording myoelectric signals from the muscles of the users while they perform

specific motions, but in this case the device is learning the user’s preferred signal

activations that correspond to specific grasps. A big amount of research has

focused on improving the performance of grasp pattern-recognition methods,

covering topics like algorithm selection, feature extraction and signal processing,

achieving a very high performance in lab environment. However, such methods

are yet to be widely implemented for clinical and daily use.

The problem lies on the fact that the electromyographic signal, that is, the

electrical signal that corresponds to muscle activations, is stochastic and non-

stationary in nature, hence its characteristics change over time. Such behavior

introduces the complication that a classifier performing well after trained on a

specific set of recordings does not guarantee equally good performance after the

user wears the device for hours over the period of several days. This can be

the effect of various causes of disturbance: muscle fatigue has been found to

have a direct relation to shifts of the electromyographic signal on the frequency

space, and changes in the arm posture affect the physiology and geometry of the

muscles, leading to changes in the electrical activation of the muscles. Moreover,

user perspiration, change in the skin conductance, and also small displacements

of the electrodes cause shifts in the registered electromyographic signals.

Recent research has focused on mitigating the problems that arise by shifts

in the electromyographic signal, by addressing various aspects of the pattern-

recognition approach; recording signals from various sources of signal drifts

along with the original dataset, targeting better generalisation performance by

the classifier, suggesting more robust features that can represent the aforemen-

tioned signal drifts, applying different algorithms, or enhancing existing algo-

rithms with adaptation mechanisms. Such mitigation techniques target either a

specific source of signal drift, or a combination of two or more of those happen-

ing simultaneously, known as concept drift.

This thesis focuses on improving the performance of myoelectrically-based

2



pattern-recognition algorithms with the goal of ensuring robust performance

even in the presence of different cases of concept drift. Our analysis is focusing

on two different facets of this problem; first, we investigate the effect of adding

extra sensory inputs in the generalisability of the classification algorithms and

implement models that allow for multi-modal classification; second, we inves-

tigate techniques that support knowledge transfer between different models, so

as to maintain good performance from the classifier when the newly seen data

has been affected by concept drift.

1.2 Contributions

More specifically, the noteworthy contributions of this thesis are:

1. An extensive literature review of the EMG concept drift causes, that pro-

vides a global picture of the real-life problems, the available approaches for

detecting and mitigating concept drift, and guidance for future research

(Chapter 3).

2. Chapter 4 describes the improvement of the performance of an LDA classi-

fier with the concurrent use of electromyographic and inertia measurement

unit data in the grasp classification task, verified with healthy subjects by

offline and real-time experiments. This is the first study that incorporates

IMU information along EMG data in the grasp classification task.

3. Chapter 7 describes the application of Deep Neural Networks to EMG-

based grasp classification that allows knowledge transfer across training

sessions, demonstrating superior performance over the state-of-art LDA

based classification method, when validated with off-line data,

4. Chapter 8 proposes a multi-modal customisable deep neural network model

that provides a straightforward way to incorporate different sensory modal-

ities, such as IMU recordings, along with the EMG signals in the deploy-

ment of the classifier

3



1.3 Outline

The thesis is organised as follows:

• Chapter 2 describes the background and important aspects of pattern-

recognition myoelectric control.

• Chapter 3 presents a thorough analysis on the reasons behind the presence

of concept drift in EMG signals, including the methods of detecting and

mitigating the effects of such drift. This chapter has been published as:

- Kyranou, I., Vijayakumar, S., and Erden, M. S. Causes of performance degrada-

tion in non-invasive electromyographic pattern recognition in upper limb prosthe-

ses. Frontiers in neurorobotics, 12:58, 2018.

• Chapter 4 presents work that incorporates IMU information along EMG

data in order to improve the classification performance. Parts of this chap-

ter have been published as:

-Kyranou, I., Erden, M.S., Nazarpour, K. and Vijayakumar, S., 2016, “Real-Time

classification of multi-modal sensory data for prosthetic hand control”, 6th IEEE

International Conference on Biomedical Robotics and Biomechatronics (BioRob),

Singapore, June 26-29, pp. 536-54

-Krasoulis, A., Kyranou, I., Erden, M. S., Nazarpour, K. & Vijayakumar, S., 2017.

“Improved prosthetic hand control with concurrent use of myoelectric and inertial

measurements”, Journal of NeuroEngineering and Rehabilitation, 14: 71.

• Chapter 5 investigates the effects of the whitening transformation on the

classification on the EMG signal and the feasibility of such an approach as

an adaptation technique to EMG concept drift.

• Chapter 6 outlines the basic background of deep learning networks and

transfer learning approaches along with the description of deep learning

methods on the EMG-based grasp classification task.

• Chapter 7 investigates the feasibility of applying a deep learning approach

to the classification of the EMG signal that allows knowledge transfer

across models for convenient training.

• Chapter 8 builds on the previous chapter and suggests a multi-modal cus-

tomisable neural network model that provides an easy way to incorporate

IMU and other sensory modalities to the training.

4



• Chapter 9 summarises the findings of this work and presents our ideas for

future work.

5
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Part I

Background of Myoelectric Control
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2 | Background of Myoelectric

Control

Hand prosthesis research has been a topic that interests researchers for long time

with topics ranging from prosthetic devices’ manufacturing materials to hand

design, functionality and control. This section aims to provide main concepts

and terminology of upper-limb prosthesis control research and development.

This chapter starts by presenting a small description of the upper-limb pros-

theses usage and categories (section 2.2), followed by the steps for active pros-

theses myoelectric control (section 2.3). It continues with presenting the state-

of-the-art on the field of myoelectric-based pattern recognition applications and

discusses the drawbacks and reasons why such applications are not commonly

used in everyday life (section 2.4).

2.1 Upper-Limb Loss

The number of upper and lower limb amputations performed in Scotland are

estimated to be 458.7 ± 9.9 (mean ± standard error) each year (NHS Scotland,

2014). In the USA, an estimated 185,000 persons undergo an amputation of an

upper or lower limb each year, with 1.6 million persons living with the loss of a

limb in year 2005, and the projection of this number reaching up to 3.6 million by

year 2050 (Ziegler-Graham et al., 2008). The most common causes of upper limb

absence are heredity, congenital deficiencies or surgical removal for traumatic,

malignant or vascular reasons.

The complexity of hand articulation and fine motor tasks that the hand can

perform, make the loss of an upper limb have a high impact on the patients’
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quality of life. The most common types of upper-limb amputation are forequar-

ter (2%), shoulder disarticulation (5%), trans-humeral (28%), elbow disarticula-

tion (0.3%), trans-radial (19%), wrist disarticulation (2%), partial hand (19%) and

digit (22%) (see Figure 2.1). The level of amputation will largely determine the

degree of functional disability (Ministry of Defence, 2008).

0 5 10 15 20 25
percentage

forequarter

shoulder disarticulation

trans-humeral

elbow disarticulation

trans-radial

wrist disarticulation

partial hand

digit

Figure 2.1: Level of amputation, as reported by Ministry of Defence (2008)

2.2 Upper-Limb Devices

Prosthetic devices can be categorised based on their functionality levels as pas-

sive and active ones. The overall taxonomy of the different control in upper-limb

prostheses can be seen in Figure 2.2.

2.2.1 Passive prostheses

Passive devices do not have any moving part; they mainly satisfy aesthetic pur-

poses and offer limited assistive functionalities such as pushing, balancing and

supporting objects. Their design can vary from simple hooks to accurate hand

replicates and control in this case refers to the simple act of bringing the hand to

the desired goal position. The first documented example of a passive upper limb

prosthesis, dates back to the end of the 3rd century BC and was an iron hand

made for the Roman general Marcus Sergius who lost his hand in the Second

Punic War (218–201 BC).

Occasionally passive prostheses incorporate hinged joints to provide the op-

tion of adjusting the position of various joints, like the shoulder, elbow, wrist or

finger joint, in order to bring the hand into the desired position and grasp con-
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Figure 2.2: Upper-Limb prostheses control taxonomy, based on National
Academies of Sciences, Engineering, and Medicine and others (2017)

figuration. An early example (circa 1505) of such a prosthesis was the iron hand

that belonged to the German knight Götz von Berlichingen. In the 16th century

the French military surgeon Ambroise Paré drew the first detailed design of a

prosthetic hand, ‘Le Petit Lorrain’, that comprises mechanical parts moving in-

dividually operated by catches and springs (Hernigou, 2013), paving the way for

active prosthetic devices.

Figure 2.3: Götz von Berlichingen’s prosthesis and its mechanisms in a 16th-century
plate (left) and Ambroise Paré’s "Iron Hand", from Dix livres de la chirurgie (right).
Figures from Museo Galileo Exhibit: https://exhibits.museogalileo.it/nexus/enex.
php?c[]=49117

2.2.2 Active prostheses

Even though active devices might have a similar exterior design with the pas-

sive ones, they offer to the patient the capability to move individual parts of the
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prosthesis, thus extending the functionality of the hand and its interaction with

everyday objects. The larger the degree of freedom of a device the more function-

alities it can perform, and this added complexity calls for different techniques

for the control of the device by the patient.

Active prosthetic devices can be composed of mechanical and electronic ele-

ments, and are categorised based on their control mechanisms in body-powered,

externally powered and hybrid prostheses (National Academies of Sciences, En-

gineering, and Medicine and others, 2017).

Body-powered prostheses

It was only in the beginning of the 19th century that a more active control of pros-

thetic devices was investigated and implemented, following the development of

prostheses with multiple mobile articulations.

Body-powered prostheses utilise the residual activity of the amputated arm

or the contralateral healthy limb. Typically, these devices involve a harness

with straps or cables originating from the device and are connected to differ-

ent healthy parts of the body. An example of such harness can be seen in Figure

2.4. Flexion or abduction of the healthy part pulls the cable in a way similar to

how brakes are controlled on a bike and brings the prosthesis to the desired po-

sition. Notably, in 1818, a German dentist, Peter Bailiff, designed an upper limb

prosthesis, controlled using transmission of tension from the residual muscles

and shoulder via leather straps.

During World War I and II the amount of the war related injuries and ampu-

tations raised the demand on restoring functionality to patients and the technol-

ogy around upper limb prostheses evolved, leading to the development of the

Bowden cable body-powered prosthesis in 1948 that replaced bulky straps with

a sleek, sturdy cable. Today’s body-powered prostheses are essentially adapta-

tions of the Bowden design (Figure 2.4).

The relatively lightweight and durable design of modern body-powered pros-

theses, the ability to use both hands simultaneously, rather than needing the

healthy hand to position the prostheses, and the sensory feedback that the user

gets by sensing the cable tension explain the extended use of body-powered
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Figure 2.4: The Bowden Design as depicted in Zuo and Olson (2014)

prostheses even with today’s technology.

On the other hand the control of such devices is not free from challenges.

Besides requiring harnessing, it demands a lot of physical effort by the patient

and the range of control is limited by the strength of the user.

Externally-powered prostheses

In order to minimise the effort of the patient, externally-powered devices were

designed, that are using electricity to power the device’s motion. Those incorpo-

rate external power sources, most commonly batteries, and small electric motors

that operate the prosthesis.

Those devices can be further classified into two sub-categories, based on the

control method, namely the switch (or button) control and myoelectric control.

In the switch control the prosthetic hand has buttons that control whether indi-

vidual parts of the limb are free to move or not. The patient chooses the desired

movement, toggles the buttons and commands the hand to perform the motion

in a way similar to the body-powered approach or just by moving and turning

different limb parts with his healthy hand. This method allows a wider variety

of motions, dependent on the amount of switches, which define the degrees of

freedom (DOF) of the device. Different choices of switch toggling result in dif-

ferent motions of the prosthetic hand. The myolectric control of the prosthetic

limb utilizes the electrical signals from the healthy muscles in the residual limb.

Electrodes are placed against the surface of the skin and record the electrical
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signals that are generated by the contraction of healthy remaining muscles and

different signals or signal sequences are translated into different motion patterns

of the limb. More information about the signal detection protocols can be found

in Section 2.3.2.1.

The first attempts to build a myoelectrically controlled prosthetic device hap-

pened as early as 1948, but the bulkiness of the design and batteries made it

less popular than the body-powered alternatives. Improvement in materials and

available technology has permitted lighter and more ergonomic designs, and

smaller battery packs over the last 50 years.

2.2.3 Grasping

The main functionality that hand prostheses are providing is grasping different

everyday objects. The term grasp refers to the ability of forming the fingers of a

single hand in a static and stable position that allows holding and manipulating

an object. Thus, the control of the prosthetic hand narrows down to the ability

of forming the grasp that the patient intends to use for a specific object and task.

There are various attempts to construct a grasp taxonomy in literature. One

of the first attempts in a grasp taxonomy, that correlates grasps with the shape

and size of an object, comes from Schlesinger (1919) and is summarised by

Schwarz and Taylor (1955). This taxonomy identifies 6 different grasps, namely

cylindrical, fingertip, hook, palmar, spherical and lateral (see Figure 2.5). Napier

(1956) identifies two general classes; power and precision grasps. Later, Cutkosky

(1989) combines the two aforementioned taxonomies in one of the most popular

grasp taxonomies in robotic hands literature. Liu et al. (2014a) augmented the

taxonomy by adding notions of motion, force, and stiffness along to the shape

and size properties. Feix et al. (2015) rearrange the previously identified tax-

onomies, leading to the most recent work by Stival et al. (2019), who created a

taxonomy merging muscular and kinematic description of the grasps and defin-

ing the general taxonomy as presented in Figure 2.6.

The aforementioned taxonomies have inspired the creation of recording pro-

tocols and datasets that are recording electromyographic, kinematic, force and

inertial measurement unit data that correspond to the grasps that have been
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Figure 2.5: Schlesinger’s natural grip taxonomies (Schlesinger, 1919) as depicted
in Schwarz and Taylor (1955).

Figure 2.6: Grasp taxonomy obtained by muscular and kinematic data, as pre-
sented by Stival et al. (2019).

identified as most commonly used in everyday life. The purpose of such datasets

is to provide a benchmark for exploring myoelectric control methods. One of the
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biggest such dataset is the Ninapro dataset (Atzori et al., 2012).

There are two approaches to reach the desired grasps, depending on the level

of control available to the user (Fligge et al., 2013). The first has two consecutive

steps; 1. bring the device to a pre-grasp position and 2. continue by control-

ling the opening and closing on this specific pre-grasp. The second approach

involves individual continuous control of each finger until the desired grasp is

formed. The former approach is achieved by a classification of the recorded sig-

nals to identify the pre-grasp and is the main approach throughout the research

presented in this document. The latter approach is achieved by regression tech-

niques and has been applied to reconstruction of finger positions (Cipriani et al.,

2011, Krasoulis et al., 2015, 2019, Ngeo et al., 2014, Smith et al., 2008, Zhuang

et al., 2019) and velocities (Xiloyannis et al., 2015, 2017) or finger forces (Bar-

sotti et al., 2018, Castellini et al., 2009, Gailey et al., 2017, Gijsberts et al., 2014c).

Continuous control allows to decode a bigger range of motions even in the pres-

ence of novel positions (for example, intermediate finger positions from the ones

that the algorithms was trained on). The dimensionality of the output space is

much higher than in the classification application, allowing a higher flexibility

and control of the prosthetic device. However, only a few of those studies have

demonstrated the feasibility of real-time prosthetic finger control in amputee

users (Cipriani et al., 2011, Krasoulis et al., 2019, Zhuang et al., 2019). This sug-

gests that independent prosthetic digit control is a challenging problem with

its own field of research. This thesis focuses on the classification problem and

not the continuous control. However, some of the challenges resulting from the

EMG signal characteristics are shared between the two methodologies.

2.3 Myoelectric Control of Upper-Limb Prostheses

As the name suggests, ’myoelectric control’ depends on the recording of elec-

trical signals produced by the muscles when they contract. In this section we

describe the electromyography (EMG) signal and the methods that are used in

order to utilise this signal in the control of upper-limb prostheses.
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2.3.1 Electromyographic (EMG) Signal

The EMG signal is a biomedical signal that measures the electrical current gen-

erated in muscles during their contractions. This signal is an one-dimensional

time series and is described in terms of its amplitude, frequency and phase.

From a biological perspective the nervous system is responsible for the mus-

cle contractions and relaxation. The smallest functional unit in describing the

kinetic muscle activity is the motor unit, which consists of a motor neuron, its

axon, and associated neuromuscular junctions and muscle fibers (Reaz et al.,

2006). Each motor unit corresponds to a number of individual muscle fibers.

For the control of a single muscle more than one motor units work together.

Electromyography is used to record the activity of motor units in the form of

action potentials, which are subsequently called motor unit action potentials

(MUAPs). They represent the summated activity of the fibers of the motor unit

and correspond to the structure of the motor unit in terms of diameter, distribu-

tion, and number of muscle fibers (see Figure 2.7). Any change in the structure

of the motor units will result in changes in the MUAPs. Since each muscle might

have different amount of fibers and size, the recorded EMG signal is dependent

on the anatomical and physiological properties of muscles.

Figure 2.7: Schematic representation of the detection and decomposition of in-
tramuscular EMG signals, as depicted in Merletti and Farina (2009).

There are two different ways to use electromyography in order to record

the muscle activity; invasive (intramuscular) and non-invasive or surface elec-

tromyography (sEMG). The invasive method incorporates intramuscular nee-

dles or wires to record single MUs activity with high precision. On the other

hand surface electromyography positions the electrode on the surface of the

skin, and collects signals from different motor units simultaneously. The latter
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method makes it difficult to observe individual MU activity and may generate

interaction of different signals, but its bigger advantages are that it doesn’t re-

quire surgery, gives minimal risk of infection and requires less computation for

analysing a single muscle movement (Reaz et al., 2006).

The functionality of EMG signals to detect and represent the neuromuscu-

lar activity makes it a very important signal in biomedical applications, like the

diagnosis of neuromuscular disorders, rehabilitation of motor disability, control

of externally powered prostheses and electrically powered wheelchairs (Atzori

et al., 2014, Hogrel, 2005, Inhyuk Moon et al., 2005, Jeong-Su Han et al., 2003,

Khushaba et al., 2012a, Merletti and Farina, 2016, Mulas et al., 2005, Subasi,

2013). As mentioned earlier, the use of EMG signals, for the purpose of control-

ling artificial prosthetic hands was proposed in the late 1940s but only after tech-

nological advancements allowed for smaller electronic components some great

progress has occurred in 1960 (Zuo and Olson, 2014). Electromyographic con-

trol evolved from on-off control where the user learns specific Morse code-like

sequence of motions in order to control the device, to pattern recognition meth-

ods that learn to recognise the user’s intention. Nowadays, electromyographic

pattern recognition control is very widely researched and even recently incorpo-

rated in commercial applications of robotic, upper-limb, prosthetic devices, like

CoAPT1 and Infinite Biomedical Technologies (IBT)2.

2.3.2 Myoelectric Control Pipeline

Academic research on the topic of pattern recognition utilising myoelectric sig-

nals has been focusing on different aspects with respect to devices that are used

to record signals and methodologies. However, research is sharing three main

basis steps that comprise the myoelectric control pipeline; namely the signal

detection, signal processing and classification, as shown in Figure 2.8. In this

section we are going to see the various steps of this pipeline in more detail.

1http://www.coaptengineering.com
2https://www.i-biomed.com/
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Figure 2.8: The individual steps of the myoelectric pattern recognition pipeline
for grasp recognition.

2.3.2.1 Signal Detection

This phase involves the recording of the signals that are utilised for training a

classifier to recognise different grasps. In the example of myoelectric control

the main signals used for the grasp classification task are the electromyography

signals, but other sensory input can be used alone or along with EMG, like cam-

eras, accelerometers and more recently gyroscopes and magnetometers (Fougner

et al., 2011b, Geng et al., 2012a, Gijsberts et al., 2014b, Herrera-Luna et al., 2019,

Khushaba et al., 2018, Krasoulis et al., 2017, 2020b, Kyranou et al., 2016).

Electromyography signal detection is achieved with specialised sensors that

are placed on the residual healthy muscles to record the electrical activity corre-

sponding to the motor units activation. The two general approaches to recording

electrical muscle activity are 1. sparse multi-channel surface EMG approach, that

depends on the precise positioning of the electrodes over specific muscles and

2. the high-density sEMG (HD-sEMG) methods, in which a higher number of

sensors is placed in a more general way, i.e. radially around the forearm.

Recent advances in the design of electrodes and embedded technologies,

along with advances in wireless communication have resulted in smaller, eas-

ier to use, wearable EMG devices. Currently there is a variety of electrodes that

are developed either by research labs or are commercially available that are used

for recording EMG signals.

Surface EMG requires a sampling rate of 1 kHz or higher (Wang et al., 2013).

Various protocols have been followed by researchers to record the signals that

correspond to different finger or wrist movements, grasps or complete tasks, but
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the most common protocol in pattern recognition applications is the Ninapro

protocol (Atzori et al., 2014) which applies sensors selectively on specific muscles

that are identified as most important for the execution of the majority of grasps

and instructs the user to perform one of the desired motions in a specific amount

of time and recording signals from various muscle positions during this period.

Ninapro Acquisition protocol

The Ninapro protocol as described by Atzori et al. (2012) is utilising twelve

electrodes. Eight of them are equally spaced around the forearm and the other

four are targeting specific muscles, namely the flexor digitorum superficialis, the

extensor digitorum superficialis, the biceps brachii and the triceps brachii. For

the latter four electrodes the main activity spots of the muscles were identified

by palpitation.

Prior to electrode placement, participants’ skin is usually prepared by clean-

ing the area that the electrodes are positioned using 70% isopropyl alcohol, in

order to avoid interference in the signal recording. Figure 2.9 depicts the sensors’

positions on an able-bodied subject.

Figure 2.9: Sensor placement. Eight electrodes were equally spaced around the fore-
arm (red), two are targeting the flexor digitorum superficialis and the extensor digito-
rum superficialis respectively (blue), and two the biceps brachii and the triceps brachii
respectively (green). Elastic bandage is used to secure the sensors on the aforementioned
positions. The flexor digitorum superficialis position and the four remaining forearm
sensors’ positions are not visible in this figure.
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This protocol has been utilised to record a publicly available multimodal

dataset containing electromyography, kinematic, inertial, eye tracking, visual,

clinical and neurocognitive data and is the protocol used in our experiments as

well (see Chapter 4). Chapter 5 is utilising the 6th Ninapro database (Palermo

et al., 2017a). More details regarding the dataset are given in Chapter 5.

2.3.2.2 Signal Processing

The signal that is recorded from the sensors in terms of MUAPs is a very high

dimensional train of activations, contaminated with noise. Hence, some pro-

cessing is necessary before it gets passed as an input to the classifier. The main

guidelines for processing of EMG signals as they are published in the Journal

of Electromyography and Kinesiology’s (JEK) and suggested by Hermens et al.

(1999) include: i. the synchronisation, ii. filtering, and iii. normalisation of the

signal (Burden, 2010), iv. the segmentation in smaller windows which are treated

for noise reduction, and, v. the identification of the most important information

in the form of signal features (Hakonen et al., 2015). The following paragraphs

are presenting those techniques in more detail.

i. Labels and Sensors Synchronisation

Since the signal acquisition as described in the previous section has a human

in the loop there is always some reaction delay. The computer gives the cue to

perform a specific motion for a predefined amount of time and starts allocating

a specific label to the data that are recorded during this period. There is a re-

action delay from the subject both in the initiation and the termination of the

movement. This requires a post recording relabelling method, in order to syn-

chronise the recorded data with the allocated labels. Atzori et al. (2014) applied a

generalized likelihood ratio algorithm to the data, which realigns the movement

boundaries by maximizing the likelihood of a rest-movement-rest sequence.

One second form of synchronisation that is important is in the case of us-

ing different types of sensors for recording the same motion. Different sensors

can have different sampling rates, like in the case of electromyography sensors

versus Inertial Measurement Units (IMU). When more than one sensor is record-
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ing information, the synchronisation process also ensures that every package of

multi-modal information corresponds to the same time of recording, most com-

monly via signal interpolation.

ii. Signal Filtering

In ideal conditions the signal baseline would be free from any noise and match

the electrical zero of the equipment. In a real environment though, noise free

signals are not as common and fluctuation noise can be observed at low frequen-

cies. An example of an EMG signal and the noise present is shown in the red

area in Figure 2.10.

Figure 2.10: An example of EMG signal recording. The red area corresponds to a
resting period between two muscle contractions. Without any noise this area would
have been equal to zero, but in the recording there is low amplitude fluctuation that
responds to noise.

There are various artifacts of different nature that lead to noise accumulation

on the EMG signal, such as: electronic equipment noise, ambient noise, irregu-

larities because of motion artifacts or inherent instability of the signal (Chowd-

hury et al., 2013, Nazmi et al., 2016, Reaz et al., 2006). The presence of noise

makes the direct use of raw EMG signal for classification purposes prone to

errors. In order to improve the classification process, research has focused on

reducing the effect of the mentioned noise sources on the signal.

Some of these noise factors can be reduced or eliminated with better equip-
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ment, preparation of the subject and careful placement of the electrodes, but oth-

ers require some signal processing, like signal rectification and filtering methods.

The goal is to filter the maximum amount of noise while preserving as much of

the desired EMG signal frequency spectrum as possible (De Luca et al., 2010).

For surface EMG signals, the signal amplitude is in the range 0-10 mV and the

frequency range is restricted from 10 to 500 Hz (Nazmi et al., 2016, Reaz et al.,

2006). Many sources of noise are found in the range 0-20HZ, which is commonly

used as a cutoff frequency of the filter (Daley et al., 2012, Hargrove et al., 2006,

Muceli et al., 2014, Nazmi et al., 2016, Park et al., 2016, Smith et al., 2011). Hence,

Seniam (European recommendations for surface electromyography) recommen-

dations for surface EMG are suggesting using a high pass filter with 10-20 Hz

cutoff frequency and a lowpass “near 500 Hz” cutoff frequency (Stegeman and

Hermens, 2007) and ISEK recommendations suggest high pass with 5 Hz cut off

and low pass with 500 Hz cutoff (Merletti and Di Torino, 1999).

iii. Normalisation / Standardisation

Typically the data need to be scaled before used as input in a classifier, especially

if they originate from different sensory modalities.

Assuming a multivariate Gaussian random vector, X, of size Dxn with arbi-

trary covariance matrix Σ (size DxD) and mean vector µx (Dx1), the normalisa-

tion and standardization are defined as follows:

• Mean normalization is implemented by subtracting the mean from each

observation:

X ′ = X − µx (2.1)

where X ′ is the normalized dataset, X the original dataset and µx the mean

of X. It will have the effect of centering the data around zero.

• Standardisation is used to put all features on the same scale. The way to

do it is to divide each zero-centered dimension by its standard deviation.

X̄ =
X − µx

σX
=

X ′

σX
(2.2)
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where X̄ is the standardized dataset and σX the standard deviation of X.

Since the dataset X is zero-centered the covariance of X is the same as the

correlation of X.

iv. Signal Segmentation

The sliding window technique is a commonly used step in EMG-based pattern-

recognition applications. This allows the segmentation of the signal into in-

stances of a specific window size. Those instances are then used to extract the

features that are passed as input to the classifier.

In most cases the windows are overlapping allowing a fast reaction in changes

of the signal and a seemingly continuous classifier. An example of signal seg-

mentation can be seen in Figure 2.11.

The length of the window is an important parameter since longer windows

contain more data, thus resulting in more accurate classification, but at some

point the delay caused by processing a longer window is also expected to inter-

fere with user performance (Ashraf et al., 2021, Smith et al., 2011).

Figure 2.11: Example of EMG signal segmentation. Tw corresponds to the win-
dow size and To to the increment size.

v. Feature Extraction

As with any other pattern recognition applications, the choice of EMG features

that are used for training the classifier is important for the final performance
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of the system. In general, EMG features can be classified into three main cat-

egories, namely the time-domain (TD), the frequency-domain (FD), and the

time-frequency domain. Various research papers have focused on investigat-

ing and comparing the performance of systems that are trained on feature sets

from each category and finding which subset is the best for machine learn-

ing myoelectric classification (Boostani and Moradi, 2003, Englehart et al., 1999,

Khushaba et al., 2020, Meng et al., 2019, Onay and Mert, 2020, Phinyomark and

Scheme, 2018a, Phinyomark et al., 2012a, 2013a, 2018, Scheme and Englehart,

2014, Zardoshti-Kermani et al., 1995).

Time-domain features have the benefit of fast and easy implementation,

since they are calculated directly from the raw signal. This has made them a

popular choice in both medical and engineering applications. Their main draw-

back is assuming a stationary signal, which EMG signal is not, and they are

more sensitive to frequent amplitude fluctuations compared to features from the

frequency domain.

Frequency or spectral domain features focus in the analysis of the power

spectrum of the EMG signal. They are more complicated to implement and often

involve Fourier transformation calculations. Those include the mean frequency,

median frequency, peak frequency, frequency ratio, power spectrum ratio, mean

power, total power, and spectral moments (Phinyomark et al., 2012a). Frequency-

domain features, especially mean frequency and median frequency, have been

extensively used to identify and counteract the effect of fatigue on the EMG

signal (more information on this can be found in Chapter 3).

Features in the time-frequency domain provide a richer way to extract pat-

tern information. They involve mapping an EMG signal into a two-dimensional

function of time and frequency, limited by the processing window size, using fre-

quency representations of the signal, such as the short-time Fourier transform,

the Wavelet transform, and the Wavelet packet transform (Englehart et al., 1999,

Oskoei and Hu, 2007).

The current section introduces some of the most commonly used time-domain

and frequency-domain EMG features in the myoelectric control literature. Let

x = x1, x2, ..., xN denote the raw EMG signal within a processing window of
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length N, and µx be the empirical mean of the vector x, which is typically close

to zero. The following time-domain and frequency-domain EMG features are

defined:

• Mean absolute value (MAV):

MAV =
1
N

N

∑
n=1
‖xn‖ (2.3)

• Variance:

VAR =
1

N − 1

N

∑
n=1

(xn − µx)
2 (2.4)

• Log-variance (LogVar):

LogVar = log(
1

N − 1

N

∑
n=1

(xn − µx)
2) (2.5)

• Root mean square (RMS):

RMS =

√√√√(
1
N

N

∑
n=1

x2
n) (2.6)

• Waveform length (WL):

WL =
N=1

∑
n=1
|xn+1 − xn| (2.7)

• Simple Square Integral (SSI):

SSI =
N

∑
n=1
|xn|2 (2.8)
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• Wilson amplitude (WAMP):

WAMP =
N−1

∑
n=1

f (|xn+1 − xn|), (2.9)

where (2.10)

f (x) =

1, if x ≥ threshold

0, otherwise
(2.11)

• Slope Sign Change (SSC):

SSC =
N−1

∑
n=2

f [(xn − xn−1)(xn − xn+1)], (2.12)

where (2.13)

f (x) =

1, if x ≥ threshold

0, otherwise
(2.14)

• Zero-Crossing (ZC):

ZC =
N−1

∑
n=1
|sgn[xn]− sgn[xn−1| (2.15)

where sgn(·) is the sign function, i.e.

sgn[xn] =

1, [xn] ≥ 0

−1,< 0
(2.16)

• Histogram (emgHist) with k bins: Divides the samples in the EMG sig-

nal into k equally spaced amplitude segments and returns the number of

signal samples for each segment

• Autoregression Coefficient (AR):

xn =
ρ

∑
i=1

αixn−i + en (2.17)
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where xn is a sample of the model signal, αi represents autoregressive

coefficients, ρ is the AR model order, and en is the residual white noise or

error sequence.

• Cepstrum coefficients (Ceps):

c1 = −α1 (2.18)

ci = −αi −
i−1

∑
l=1

(1− l
i
)αici−l (2.19)

where ci is the ith order coefficient of the Cepstral analysis and αi is the ith

AR coefficient, where i is the dimentionality of the model.

• Mean Frequency (MNF)

MNF =
∑M

j=1 f j pj

∑M
j=1 pj

(2.20)

where f j is frequency of the spectrum at frequency bin j, pj is the EMG

power spectrum at frequency bin j, and M is the length of the frequency

bin.

• Median Frequency (MDF)

MDF

∑
j=1

pj =
M

∑
j=MDF

pj =
1
2

M

∑
j=1

pj (2.21)

It is worth noting that some time-domain features, such as zero-crossing, Wil-

son amplitude, waveform length, slope sign change, and histogram also measure

frequency-related information of the EMG signal.

2.3.2.3 Grasp Classification

Most modern classification methods have been implemented and used in order

to classify EMG signal activity to user intention, including Bayesian classifiers

(Chen et al., 2007, Englehart et al., 1999), artificial neural networks (Ahsan et al.,

2011, Hudgins et al., 1993, Li et al., 2010) and Multi-layer Perceptron classifiers

(MLP) (De Souza et al., 2021), Gaussian mixture models (Siu et al., 2016), hidden
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Markov models (Chan and Englehart, 2005), fuzzy logic Ajiboye and Weir (2005),

Chan et al. (2000), Random Forest (Palermo et al., 2017b) and genetic algorithms

(Karimi et al., 2011). Support Vector Machine (SVM) classifiers are a popular

choice, due to their capability to solve linear and non-linear problems (Alkan

and Günay, 2012, Bitzer and van der Smagt, 2006, Castellini and van der Smagt,

2009, Lucas et al., 2008, Robertson et al., 2019). One very popular algorithm, that

has achieved state-of-the-art performance in myoelectric-based pattern recogni-

tion, is the Linear Discriminant Analysis (LDA) classifier, that has been used

extensively in literature (Chen et al., 2011, Díaz-Amador and Mendoza-Reyes,

2019, Fougner et al., 2014, Krasoulis et al., 2020a, Liu et al., 2014b, Mastinu et al.,

2018, Phinyomark et al., 2013a, Young et al., 2013, Zhang et al., 2012, Zhang and

Huang, 2015, Zhu et al., 2016). Deep neural networks have also gained popular-

ity over the last five years in the field of grasp classification (Atzori et al., 2016,

Buongiorno et al., 2021, Chen et al., 2020, Côté-Allard et al., 2019, Du et al., 2017,

Fajardo et al., 2018, Jabbari et al., 2020, Phinyomark and Scheme, 2018b).

Many comparative studies have been performed to identify the most suitable

classifier for the grasp classification task and currently the LDA algorithm is

used as the baseline on the field, due to the high performance achieved while

keeping the algorithm simple and the computational cost low (Atzori et al., 2016,

Batzianoulis et al., 2018, Bellingegni et al., 2017, Gijsberts et al., 2014a, Orabona

et al., 2009, Scheme and Englehart, 2015).

The investigated classifiers were able to distinguish between four to 53 dif-

ferent grasp classes, achieving high performance, which often exceeds 90% ac-

curacy (Christodoulou and Pattichis, 1999, Kim et al., 2004, Lucas et al., 2008,

Ortiz-Catalan et al., 2013, Putnam and Knapp, 1993, Scheme et al., 2011, Zhang

et al., 2012).

2.3.3 Inertial measurement units

In the attempt to improve the accuracy of the classifiers, recent work on my-

oelectric control has incorporated information from accelerometers along with

EMG signals. Gijsberts et al. (2014a) and Fougner et al. (2011a) have both ob-

served higher classification performance when the acceleration information was
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taken into consideration. Moreover, Fougner et al. (2011a) suggest that in any

two-site EMG system, one should add an accelerometer affixed to the forearm

rather than a third electrode. These findings motivated the investigation of im-

portance of other modalities, besides EMG signals and acceleration in the grasp

classification process (De Souza et al., 2021, Krasoulis et al., 2020a). The effect of

adding IMU data along EMG data as the classifier’s input is also discussed in

Chapter 4.

2.4 State-of-the-art in upper-limb myoelectric control

2.4.1 Commercial Control Techniques

Commercial myoelectric upper-limb prostheses are utilising a mode switching

strategy, during which, most commonly two electrodes are positioned on antago-

nistic muscles of the residual limb (for example the flexor digitorum superficialis

and on the extensor digitorum superficialis). When the flexor is activated, the

myoelectric signal amplitude is higher than the extensor and vise versa. Mode

switching uses a threshold to calculate when the flexor is more activated than

the extensor and this activation is associated with a specific motion of the device.

The user is trained by specialised technicians and training equipment on how

to activate the specific muscles. Moreover, this technique allows a Morse code-

like combination of flexions and extensions that correspond to pre-defined hand

motions. The disadvantages of this approach lie in the limited amount of clearly

separable motions that the user is capable of performing and the increased men-

tal effort that it demands from the user for remembering and executing such

motions.

2.4.2 What is the problem with myoelectric control?

In academic environments, instead of training the user to perform specific ac-

tions, machine learning algorithms are developed that learn to associate the elec-

tromyographic signal patterns to user motion intentions (as described in the

previous Section 2.3.2).
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However, despite the very good reported performance of myoelectric con-

trolled prosthetic hands in lab conditions, real-time performance in everyday

life conditions is not as robust and reliable, explaining the limited clinical use

of pattern recognition control; at the time of writing of this paper only CoAPT3

and Infinite Biomedical Technologies (IBT)4 are providing such control.

Those commercially used myoelectrically-based methods of controlling the

prostheses are mostly focusing on elbow extension and flexion, wrist supinate

and pronate movements and hand opening and closing. Even though these

motions are sufficient to grasp most objects, they do not provide the flexibility

of the different grasp taxonomies that have been presented in the ’Grasping’

section 2.2.3, thus, they do not take advantage of the advanced flexibility and

higher amount of degrees-of-freedom of current robotic prosthetic devices (some

examples can be seen in Figure 2.12).

Figure 2.12: Example of modern prosthetic devices: i-Limb Access by Össur 5,
Bebionic by Ottobock6, Vincent hand7, and Ottobock Michelangelo8

The main reason behind the instability of myoelectric pattern recognition

control is that EMG signals are non-stationary in real-life environments and

present a lot of variability over time and across sections, hence affecting the

system’s performance. This can be the result of one or many combined changes,

such as muscle fatigue, electrode displacement, sweat, difference in arm posture,

user adaptation on the device over time and inter-subject singularity (Kyranou

et al., 2018).

For an extensive analysis of the five main reasons behind EMG variation over

3http://www.coaptengineering.com
4https://www.i-biomed.com/
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time or users, see Chapter 3 focusing on the analysis of the reasons behind the

EMG signal drifts, how to detect such drifts and what approaches are followed

by researchers to mitigate the effect of those drifts in order to improve the per-

formance of pattern-recognition based myoelectric control.

2.4.3 What can we do to improve myoelectric control?

Research has focused on improving the classification accuracy by suggesting

new algorithms, incorporating new sensory modalities or recording more data

from variable conditions, in order to enhance the classifier’s performance in

newly seen data.

On Chapter 4 we investigate the effect of adding the IMU information along

with EMG recordings in order to improve the classifier’s real-time performance,

and demonstrate the results with experiments that involve able-bodied subjects.

Another approach focuses on the preprocessing stage that involves improving

the filtering, normalising, whitening and feature extraction techniques. Chapter

5 compares the effect of a variety of whitening methods to the classifier’s per-

formance. Chapter 7 described the development of a different classifier explor-

ing the promises of the advances with the Deep Neural Networks and Transfer

Learning.

32



33



3 | Causes of EMG shifts

As previously mentioned in the Background Chapter 2, despite the very good

reported performance of myoelectric controlled prosthetic hands in lab condi-

tions, real-time performance in everyday life conditions is not as robust and

reliable, explaining the limited clinical use of pattern recognition control. The

main reason behind the instability of myoelectric pattern recognition control is

that EMG signals are non-stationary in real-life environments and present a lot

of variability over time and across subjects, hence affecting the system’s perfor-

mance. This can be the result of one or many combined changes, such as muscle

fatigue, electrode displacement, difference in arm posture, user adaptation on

the device over time and inter-subject singularity.

In this chapter we perform a literature review that describes the most com-

mon reasons causing the EMG signal variability, the different methods that are

utilised to detect them, and the solutions proposed to mitigate their effect on the

EMG signal. The reviewed models are discussed along with applications that

utilise them to improve the performance of upper-limb prostheses. Accordingly,

in table 3.2, one can follow which literature addresses which causes of EMG sig-

nal drift, whether they provide a method for detection of the drift, a model to

explain the drift and what kind of approaches they follow to mitigate the causes

of the signal drift.

Note here that a lot of fluctuations in EMG signals are the result of sensor

noise that can be reduced or eliminated with improved hardware design (Hahne

et al., 2016, Huang et al., 2010, Mainardi et al., 2008, Yokus and Jur, 2016). We do

not investigate such issues that pertain to the design development and quality

of equipment; rather we focus on disturbances that add noise over time because

of a change in the framework or physiology of the user and physical impacts
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external to the device.

Finally, in this chapter we focus on non-invasive applications that utilise sur-

face EMG readings. Pattern-recognition techniques, like targeted muscle rein-

nervation (TMR) (Kuiken et al., 2009, Zhou et al., 2007), that couple a surgical

reinnervation procedure with surface EMG are still prone to some of the distur-

bances that are analysed in the following work, like muscle fatigue or electrode

displacement. Moreover, due to the nature of the procedure, they introduce in-

terferences that are not present in EMG signals recorded from the remaining arm

of a transradial amputee, like electrocardiography (ECG) interference (Hargrove

et al., 2009). Such interferences that are specific to TMR procedure are not to be

investigated in the following work.

3.1 Causes of EMG variability with time

In our literature review we have identified five major causes of surface EMG

signal changes that affect the pattern-recognition performance, namely, 1. muscle

fatigue, 2. electrode shifts, 3. arm posture, 4. learning/adaptation of user, and

5. inter-subject variability. Following, we review these by focusing on the cause

of each problem, the models that are proposed to formulate the cause and effect,

and the computational techniques used to mitigate their effect.

3.1.1 Muscle Fatigue

The term muscle fatigue is used to describe a temporary decrease in one’s phys-

ical capacity of performing motions. The development of muscle fatigue is typi-

cally quantified as a decline in the maximal force or power capacity of the mus-

cle, thus resulting in different signal recordings from the EMG electrodes over

time (Enoka and Duchateau, 2008). In most cases of myoelectric pattern recog-

nition applications in experimental environments researchers are trying to avoid

the presence of fatigue by limiting the duration of a trial and allowing enough

resting time between trials. However this is not feasible in a real-time scenario

of constant usage of a prosthetic device.

In an attempt to model the impact that fatigue has on the EMG signals, differ-
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ent EMG signal features and characteristics were investigated, like signal ampli-

tude and the power spectrum density (PSD). Early research reported an increase

in myoelectric signal amplitude (Cobb and Forbes, 1923, Merletti et al., 1990,

Park and Meek, 1993, Stulen and Luca, 1981) when subjects were holding for

several seconds an isometric muscle contraction. However, many researchers

observed that the myoelectric (ME) amplitude alone is not a sufficient metric to

determine the presence of fatigue, since an increase in ME amplitude is also ob-

served in other cases, like when greater force is applied in the manipulation of

an object (Ravier et al., 2005). Additionally to the aforementioned amplitude in-

crease, a shift towards the lower frequencies of the ME signal power spectrum is

observed in fatigued muscle recordings (Cobb and Forbes, 1923, De Luca, 1983,

Lindstrom, 1970, Merletti et al., 1990, Park and Meek, 1993, Stulen and Luca,

1981). De Luca (1983) reported a possible decrease of the mean- or median-

frequencies by more than 50% in value from the beginning to the end of a sus-

tained isometric constant-force contraction. However, the amount of decrease

appears to be dependent on the muscle under investigation. Park and Meek

(1993) found a correlation between EMG magnitude and frequency shifts; more

specifically the EMG magnitude does not increase until the median frequency of

the ME signal decreases to a certain level.

The amplitude increase and the frequency shift of EMG signals can be fairly

well explained by the muscle conduction velocity changes alone (Basmajian and

De Luca, 1985, Park and Meek, 1993). Lindstrom (1970) have developed a gen-

eral mathematical model of the EMG power spectrum density (PSD) and have

shown that both the amplitude increase and the spectral shift toward lower fre-

quencies can be explained by the conduction velocity changes during a sustained

contraction. Furthermore, the characteristic frequencies of the EMG PSD, such

as mean and median frequencies, are linearly proportional to the conduction ve-

locity (Arendt-Nielsen and Mills, 1985, De Luca, 1983, Merletti et al., 1990, Park

and Meek, 1993, Stulen and Luca, 1981), a linear relationship that was proven by

Sadoyama et al. (1983).

36



Detection

Detection of fatigue relies on identifying the features that measure the aforemen-

tioned EMG signal frequency and amplitude shifts. Kwatny et al. (1970) was the

first to introduce the mean frequency (MNF) of the ME spectrum as a suitable

metric to describe such spectrum shifts to detect fatigue. Mean frequency along

with median frequency (MDF) metric were the most popular metrics associated

with the decrease in frequency in the fatigued state (De Luca, 1983, Mainardi

et al., 2008, Merletti et al., 1984, Park and Meek, 1993, Phinyomark et al., 2012c,

Song et al., 2006, Stulen and Luca, 1981, Thongpanja et al., 2013). Song et al.

(2006) suggested a rule that indicates the presence of fatigue when the MNF

and MDF values are less than specific thresholds. On the other hand, De Luca

(1983) defined the failure point in time by monitoring force; lack of maintaining

the desirable level of force output indicates the switch to a fatigued state.

Luttmann et al. (2000) combined the information about the myoelectric sig-

nal’s behavior in time and frequency domain and described a simple four-case

algorithm that looks at changes both at EMG amplitude (EA) and frequency

shift, in order to decide whether these changes are a result of force increase or

decrease, muscle fatigue or recovery from fatigue. When the increase in myo-

electric amplitude is also followed by a decrease in the signal’s frequency then

the muscle is in a fatigued state (see Figure 3.1).

Various different features have been investigated to assess muscle fatigue

such as wavelet transform (Bartuzi and Roman-Liu, 2014, Camata et al., 2010,

Cao et al., 2007, Kumar et al., 2003), the number of zero crossings (Hägg, 1981,

Masuda et al., 1982) and autoregressive coefficients (Al-Mulla et al., 2009, Inbar

et al., 1986, Paiss and Inbar, 1987). Bonato et al. (2001) used the time-frequency

parameters of instantaneous mean and median frequencies (IMNF and IMDF).

Al-Mulla and Sepulveda (2010) have created a new feature, called 1D spec-

tro_std, which is defined as the standard deviation of a unified signal consisting

of the instantaneous median frequency and the total band power, in order to de-

tect between three different levels of fatigue, namely Non-Fatigue, Transition-to-

Fatigue and Fatigued. Their classifier achieves average offline accuracy increase

of 20.58% in comparison to just the instantaneous median frequency, the total
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Figure 3.1: Graph representing algorithm in Luttmann et al. (2000). Increase of
EA with shift of median frequency (MDF) to the higher frequencies corresponds
to force increase whereas increase in amplitude and shift to the lower frequen-
cies indicates muscle fatigue. Similarly a decrease of the EA with simultaneous
shift to the lower frequencies of the median frequency indicates force decrease
whereas shift to the higher frequencies recovery from fatigue.

band power, a spectral index and Wavelet decomposition. Tkach et al. (2010)

have compared different features’ performance in the classification of four types

of isometric contractions. They concluded that the most stable feature set in the

case of fatigue is consisted of the combination of Waveform Length, Slope Sign

Changes (slopeSign), Autoregression (AR) and Cepstrum coefficients (Ceps) fea-

tures, which resulted in 85.6% ± 4.8% accuracy across subjects when training

data were recorded from rested muscles and test data from fatigued muscles.

More extensive references to the different features used in literature to access

muscle fatigue are presented by Cifrek et al. (2009).

Another approach is to train a classifier to recognise the presence and level of

fatigue. Artemiadis and Kyriakopoulos (2008) proposed a probabilistic frame-

work that assigns to each of the recorded muscles a class related to the fatigue

level, in order to implement a control interface to manipulate a robotic arm

in real-time. They trained a different model for discrete levels of fatigue and

used this time-varying switching model to compensate for the EMG changes.

In a later study the authors introduced the median frequency as an additional

feature, in order to reinforce the detection of muscle fatigue (Artemiadis and

Kyriakopoulos, 2010). In a similar manner Subasi and Kiymik (2010) trained

a classifier that recognises the presence of fatigue in the signal utilising time-
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frequency features.

It is important here to note that along research the majority of features that

are proposed for fatigue recognition are on the frequency domain, since these

are capable of capturing the underlying biochemical phenomenon that manifests

in the observed shift of the EMG spectrum towards lower frequencies.

Approaches for Mitigation of Drift due to Fatigue

In order to simulate the results of muscle fatigue, the subjects are instructed to

perform a task repetitively or to hold an isotonic motion or grasp for a specific

amount of time. The time that is perceived enough for the presence of fatigue

varies and depends on the type of exercise and the subject’s stamina. Most com-

monly it ranges between 30 seconds (Navaneethakrishna and Ramakrishnan,

2014) and up to four minutes (Artemiadis and Kyriakopoulos, 2008, Castellini

and van der Smagt, 2009, MacIsaac et al., 2001). This allows enough time to be

able to record data from non-fatigued and fatigued stages.

One of the first attempts to compensate the muscle fatigue effects was by

Park and Meek (1993) who tried to counteract to the two effects of fatigue on

the EMG signal; increase in the signal amplitude and shift towards the lower

frequencies. They proposed a preprocessing method that scales down the EMG

amplitude and utilises a EMG power spectrum density (PSD) model, in order to

decompress the fatigued EMG PSD to the unfatigued EMG PSD.

In a later study, Song et al. (2006) observed that feature variations are con-

sistent for a duration time of muscle contractions and utilised this information

to create a look-up table technique that allows to estimate the level of fatigue

and use this information to adjust the min-max values of hyperboxes in a Fuzzy

Min-Max Neural Network.

Knowledge on how the properties of the EMG signal change over time due

to presence of fatigue was incorporated in the development of devices as well.

Mainardi et al. (2008) designed a new EMG electrode suitable both for pros-

thetic control and frequency analysis, which allowed real-time modification of

the electrode’s gain, to compensate in case of muscular fatigue.

As mentioned previously, in order to mitigate for the effects of fatigue re-
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search focuses on collecting data from multiple levels of fatigue and utilises the

adundance of information. This requires recording more data than a simple clas-

sification case and creates different computational requirements to the system.

3.1.2 Electrode Shift

Another important problem associated with everyday use of prosthetic devices,

is electrode shifts. Donning/doffing or repositioning of the prosthetic socket

may result in electrodes’ displacement from their original position. This can

happen over time during a single day or may refer to positioning the electrodes

in slightly different positions from day to day, hence resulting in different record-

ings from the electrodes.

In order to simulate the effect of electrode shift in the experiments performed,

multiple electrodes are placed in adjacent areas of the original locations of the

electrodes (Boschmann and Platzner, 2012, Hargrove et al., 2008). The most

common experimental procedure consists of training the classifiers on features

extracted from the original signals and testing the classifier on features from

the shifted signals. The maximum electrode displacement distance that is likely

to occur in the normal everyday use of the prosthetic hand is noted in differ-

ent studies as 1cm (Boschmann and Platzner, 2012, 2014, Hargrove et al., 2008,

Muceli et al., 2014, Pan et al., 2015, Stango et al., 2015).

Detection

The detection of electrodes shifts from their original positions does not follow

a physiological pattern that can be described by ME signal characteristics as in

the case of muscle fatigue. Most studies rely on indirectly detecting the elec-

trode shift by monitoring either the classification accuracy or the classification

error (Boschmann and Platzner, 2012, 2014, Hargrove et al., 2008, Pan et al.,

2015, Stango et al., 2015, Tkach et al., 2010, Young et al., 2012). A decrease in the

former or increase in the latter is associated with some disturbance in the EMG

signals, that is not necessarily uniquely associated with electrode shift and could

40



be the result of other disturbances (see following sections).

Early research provided no evidence of significant effect of small electrode

shift in the EMG recordings. Hudgins et al. (1993) found that shifts of up to 2

cm had relatively little effect on classification accuracy of a 5-class myoelectric

control problem. In the experiment they conducted only two electrodes were

used, one over the biceps brachii and one over triceps brachii muscles, which

are antagonistic and with a big inter-electrode distance between them. This big

distance could explain the higher distinctive property between signals acquired

from these muscles. Their conclusion agrees with the observations of Young

et al. (2012) that an increase in inter-electrode distance from 2cm to 4cm re-

duced the classification error and resulted in higher controllability (measured in

terms of a virtual prosthesis control test, the Target Achievement Control (TAC)

test (Simon et al., 2011)). In this study four electrode sites were placed equidis-

tantly in the subjects’ forearms which, as with the Hudgins et al. (1993) study,

resulted in high inter-electrode distance and more distinctive muscles targeted

by the sensors.

However, the majority of studies have shown a correlation between electrode

shifts and a decrease in classification accuracy, especially when a higher number

of electrodes are used and more postures are classified. Hargrove et al. (2006)

observed a reduction of approximately 30% in the classifier’s performance with

electrode shifts when they used five electrodes equally spaced around the fore-

arm, and a drop in the classification accuracy of 6% and 9%, for the case of

time-domain autoregressive (TDAR) features and time-domain (TD) features re-

spectively in a later study (Hargrove et al., 2008). Similar conclusions on the

drop in performance of EMG signal classification under the presence of elec-

trode displacements are presented in various papers (Boschmann and Platzner,

2012, Stango et al., 2015, Young et al., 2012).

Approaches of Mitigation of Drift due to Misplacements

The basic approach in dealing with electrode displacement in literature is data

abundance. Hargrove et al. (2008) used extra sensors that were placed on the
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hypothetical shifted positions and proved that when the classifier is trained over

all displacement locations the classification error reduces in comparison to only

training in the nominal positions. However, this strategy needs long-time train-

ing and can be frustrating for the user, thus potentially leading to frequent device

abandonment.

Boschmann and Platzner (2012) achieved information abundance by incorpo-

rating a large set of electrodes; in this study 96 electrodes. Whenever a decline

in classification accuracy was observed they eliminated the sensors that were

evaluated as the ones being most responsible for the appearance of disturbances

and retrained with the new subset of sensors. In their study they also investi-

gated the maximum amount of sensors that are needed to compensate for a 1cm

electrode shift and starting with 96 sensors they concluded that 32 sensors are

sufficient to compensate the electrode displacement effect.

The sensor configuration that was used in this study consists of a large num-

ber of small sized electrodes, described in literature as high-density electromyo-

graphy (HD-EMG) configuration. The amount of sensors in an HD-EMG con-

figuration ranges from 16 sensors to as high as 350 (Boschmann and Platzner,

2014, Chen et al., 2020, Daley et al., 2012, Du et al., 2017, Gazzoni et al., 2014,

Gu et al., 2018, Hahne et al., 2012, Hargrove et al., 2008, Jordanić et al., 2017, Pan

et al., 2015, Rojas-Martínez et al., 2013, Stango et al., 2015). The benefit of using

HD-EMG arrays is that they cover a large area of skin with higher resolution

than normal sensors, but, on the other hand, they require precise and efficient

electronics design, both in matter of size and battery capacity.

Stango et al. (2015), similar to Boschmann and Platzner (2012), exploited the

abundancy of information gathered from the HD-EMG electrode arrays to per-

form an electrode selection technique and reduce the amount of sensors used in

the testing phase of the classifier. This technique can be useful when the sen-

sors that are most responsible for disturbances due to noise or displacement are

chosen to be eliminated and the system is retrained with the rest of the sensors.

While both studies succeeded in sustaining a high classification accuracy over

time, their approach demands a retraining of the classifier each time a new sub-

set of sensors is selected as optimal. In a real life case this would introduce a
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disruption in the use of the prosthesis for as long as the training lasts, which can

result in confusion and frustration of the user.

López et al. (2009) investigated the performance of a single degree-of-freedom

control comparing two different data fusion techniques. They suggest that util-

ising more than a single recording from a specific set of muscles, even when

the recordings are from slightly different positions that are then fused together,

improves the robustness of the myoelectric control system.

All these methods require recording training data from multiple electrode

displacement positions which is impractical in real life applications and in-

creases the classifiers’ computational load. Muceli et al. (2014) suggested to

focus on extracting signals that are robust to electrode displacement and elec-

trode numbers. They used non-negative matrix factorization (NMF) technique

as a semi-supervised way to extract signals and used them to control a prosthetic

hand in real-time. They performed online and offline experiments on the elec-

trode configuration and they didn’t find significant difference between utilising

6, 8 or 16 channels. Moreover their system does not need retraining, but only

a calibration in the beginning of the experiment, which allows a more natural

control of the device.

Different electrodes’ configurations have been investigated in research, not

only in terms of number of electrodes, but also in terms of variations in the elec-

trode size and orientation. Another aspect that has been investigated in literature

is whether electrodes’ configuration in terms of variations in the electrode size

and orientation affect differently the classifier’s performance in the presence of

electrode shift. Young et al. (2012) demonstrated that electrodes with larger size

reduced the sensitivity of shift, but they performed worse in comparison with

smaller electrodes when no displacement was present, thus they did not find the

larger electrodes more beneficial in practical applications. In the same study they

suggested that electrodes oriented in the longitudinal direction with the muscle

fibres performed better than the ones oriented in transversal direction, since the

shift was mostly over the same muscle’s fibres, so information about the mus-

cle excitation was preserved. This observation is also discussed in the work by

Stango et al. (2015) who used HD EMG signals around the subjects’ forearms
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and detected smaller loss of classification accuracy in longitudinal shifts rather

than shifts in transversal direction.

Experiments were also performed to deduce the feature sets that provide

more robust classifiers in the presence of electrode shifts. Tkach et al. (2010) per-

formed a comparative study between eleven commonly used time domain (TD)

features and determined the set consisting of variance (var), ν-Order, log detec-

tor (logDetect), and EMG histogram (emgHist) features to be the most robust in

the presence of electrode shifts. Young et al. (2012) showed that time-domain

autoregressive (TDAR) features achieved the best real-time classification perfor-

mance and was least affected by electrode displacements, in comparison with

TD feature set. Similar results are seen in Hargrove et al. (2008), where the clas-

sification accuracy drops from 93% to 87% for the TDAR feature set and from

90% to 81% for the TD feature set. Stango et al. (2015) used an experimental mea-

sure of the degree of spatial correlation called variogram in their classification

experiments and showed that it reduced sensitivity to electrode shifts compared

with TD, RMS and TDAR features. Pan et al. (2015) found that multiclass com-

mon spatial patterns (CSP) performed better than the TD, TDAR and variogram

features providing more robust results in the presence of electrode shifts.

Boschmann and Platzner (2014) utilised high density EMG signals and ap-

proached the EMG classification problem in a novel way. They translated the

EMG recordings in images and used the luminance, contrast and structure of

these images, in order to calculate a Structural Similarity Index (SSIM). SSIM

quantifies the similarity between two images and is used to classify between 10

hand and wrist movements. The proposed classifier outperformed an LDA clas-

sifier in both shifted and unshifted data. The performance of the classifier was

evaluated in the case of electrode displacement, but the same technique could

generalise in the presence of other EMG disturbances, such as arm position.

3.1.3 Arm Posture

A change in the posture of the patient’s arm might result in different EMG

recordings even when these are consistently measured from the same position

on the subject’s forearm muscles. Different hand postures might result in the
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same muscles to work differently with more or less effort, even if the hand per-

forms the same grasp, either for limb stabilisation or to counteract the effect of

gravity (Boschmann and Platzner, 2014, Gazzoni et al., 2014, Liu et al., 2014c,

Scheme et al., 2010, Yang et al., 2015). Moreover different postures change the

geometry of the muscles in shape or length, thus resulting to different myoelec-

trical excitation (Liu et al., 2014c, Scheme et al., 2010).

More specifically, Gazzoni et al. (2014) investigated the effect of arm position

in the sEMG activity distribution and they claim that along with electrode shift,

these changes are due to gravity affecting in a different way on different body

segments. They recorded data from subjects executing motions with their hand

first in a neutral position and later in a prone position and found that the Center

of Gravity (COG) of the sEMG activity areas is shifted by a 15mm inter-electrode

distance (IED) for all considered motions.

In order to simulate the presence of variations of the EMG signal due to

changes on arm posture many experiments involved performing the same grasp

in different static pre-defined positions (Betthauser et al., 2016, Chen et al., 2011,

Fougner et al., 2011b, Khushaba et al., 2014, Scheme et al., 2010), allowing the

subject to perform a dynamic (Liu et al., 2012a, Radmand et al., 2014, Yang et al.,

2015) motion between pre-defined positions or free motion of the arm in the 3D

space while executing a grasp (Castellini et al., 2009).

Detection

As with the electrode displacement case, the result of changes in arm posture is

quantified by recording the classification accuracy or classification error.

Liu et al. (2012a) gathered EMG information from a static position of the

arm (S) and during a dynamic motion of the arm (D), while executing a specific

grasp. They trained two classifiers with data from the static condition and tested

one with data from the static condition (S-S) and the other with data from the

dynamic condition (S-D) and two classifiers trained in the dynamic condition

and tested by data from the two conditions (D-S, D-D). The performance evalu-

ation showed an increase in the average intra-set error (S-D and D-S cases) for

all features.
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Similar trends of increasing inter-position error of the same motion in dif-

ferent positions is observed throughout the literature (Betthauser et al., 2016,

Chen et al., 2011, Fougner et al., 2011b, Geng et al., 2012b, Khushaba et al., 2016,

Scheme et al., 2010, Yang et al., 2015).

Approaches for Mitigation of Drift due to Arm Posture

The most popular approach for dealing with variation due to differences in arm

posture is to gather sufficient data that takes into account this variability, referred

to as data abundance. In most cases this means recording data for each grasp

in multiple arm postures and using a combination of those as training data for

the classifier. This approach has proven successful in reducing the classification

error in multiple studies (Chen et al., 2011, Fougner et al., 2011b, Geng et al.,

2012b, Jiang et al., 2013, Khushaba et al., 2016, Liu et al., 2012a, 2014c, Scheme

et al., 2010).

Betthauser et al. (2016) showed that offline classification performance was

degrading in asymmetric positions, which correspond to cases that real-world,

testing data do not resemble the training conditions. However, they argue that

training to as many positions as are needed for real-world use is not practi-

cal. To overcome this issue, they propose a sparse representation of the input

data that successfully generalises over different arm positions, achieving better

performance than the LDA classifier.

Another approach in literature was to use sensors that provide information

about the motion of the hand along with the EMG signals and incorporate the

additional sensory information in the training data along EMG signals or using

cascade classifiers to classify the arm position separately from the hand motion.

Scheme et al. (2010) trained a linear discriminant analysis (LDA) classifier

using EMG recordings from 8 different positions and information from two

3D accelerometers to distinguish between eight motion classes. They trained

the offline classifier with a combination of EMG and acceleration features and

showed that the classifiers that included accelerometer data outperformed the

EMG only classifiers in all positions. In a future study Fougner et al. (2011b)

used accelerometers and EMG electrodes to train a classifier on five different
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limb positions and eight hand motion classes. When the accelerometers are

added, two different schemes are investigated. The first has two separate states,

one using accelerometer information to classify the limb position and one that

decides on the grasp that was performed. The second is a one-stage classifier

that is trained by a combination of features from accelerometers and EMG sig-

nals. Both schemes perform better than using only EMG information with the

one-stage classifier being the best in terms of offline classification accuracy.

Geng et al. (2012b) compared three different classifiers, one using informa-

tion only from EMG from 5 different arm positions, one using EMG and tri-axial

accelerometer mechanomyography (ACC-MMG) data from a single position and

one two-stage classifier that uses firstly the ACC-MMG classifier to decide the

arm position and in the second stage the EMG trained classifier to classify be-

tween 5 motions. In a real-time experiment they performed with able-bodied

subjects, their results showed that the two-stage EMG-MMG classifier could sig-

nificantly increase the average real-time completion rate, while achieving similar

or a little better performance in the real-time motion response time, motion com-

pletion time, and dynamic efficiency.

These results show that adding extra sensory information seems beneficial to

the performance of the classifier. However, Radmand et al. (2014) demonstrated

that, unless the training data are collected across many positions, integrating

acceleration information with EMG data can result in a worse performance than

utilising only EMG information. The result of adding data from newly seen po-

sitions is an increase of the grasp clusters’ variance, hence a decrease in class

separability, which affects the classifier’s performance. Since training to all pos-

sible positions is not feasible and practical, they suggest collecting training data

by moving the residual limb in a dynamic fashion through the region of interest.

Another aspect that is widely investigated is the robustness of different fea-

ture sets when the arm position changes. Liu et al. (2012a) investigated the

robustness of six different feature sets to arm posture changes. The features that

were compared were time-domain features (TDS), 4th order autoregressive coef-

ficients (AR4), 6th order autoregressive coefficients (AR6), the AR6 derived cep-

trum coefficients and root mean square (RMS). They found a significant impact
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in the offline performance of the classifier for all the feature sets they tested (TDS,

AR4, AR6, CA6, AR6+RMS, TDS+AR6+RMS) with the best performing classifier

being the one trained with the combination of features (TDS+AR6+RMS).

Khushaba et al. (2012b) compared the performance of a classifier utilising

a feature set based on a set of spectral moments with four other feature sets

that are commonly used in literature. The proposed feature set performs best

in the presence of arm posture changes between five different postures by 2.2%

decrease of the offline average classification error.

In a subsequent study Khushaba et al. (2016) focused on the variability of

the recorded EMG signal due to different orientations of the arm during the

execution of a grasp. They performed a comparative study between different

feature sets and showed that the time domain power spectral descriptors (TD-

PSD) and discrete Fourier transform (DFT) features, which quantify the angle

rather than the amplitude of the EMG signal, were the more robust in cases

when the orientation of the arm changes. They also incorporated information

from accelerometers and further improved the performance of the classifiers.

Limitations

Not many experiments on the effect of arm posture involved amputee subjects.

An important finding from research on amputees is that the changes in arm pos-

ture have less impact on signal deviation with amputee than with able-bodied

subjects (Geng et al., 2012b, Jiang et al., 2013). Anatomical changes in amputees’

muscles due to shortened muscles and fixed limbs in prosthetic devices result in

less variability, thus less dependence on changes in arm position. Nevertheless,

the effect is big enough to cause a significant change in the classifier’s behavior

and it shouldn’t be ignored in the design of a robust control scheme for prosthe-

ses.

Moreover, across literature the most popular method to ensure sufficient vari-

ability in the training data is to gather information from various limb positions,

while executing a specific pre-grasp. This increases the duration of the training

period which makes it more tiresome for the subjects and can lead to prosthe-

sis abandonment. Some researchers have investigated the minimum amount of
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information that provides sufficient variability for a robust classification perfor-

mance. Khushaba et al. (2012b) have recorded EMG data from five different arm

positions, but they argue that three positions are sufficient for acceptable per-

formance. In a similar manner, Geng et al. (2012b) observed that reducing the

ACC-MMG channels from eight to two resulted in an increase of 0.3% on the

average classification error.

However, simply gathering additional information from other sensors, like

accelerometers does not necessarily lead to better performance if the testing data

do not resemble the training data (Radmand et al., 2014). Hence, it is necessary

to focus more on dynamic motions that correspond better to real-world usage

of prosthesis devices when investigating the performance of classifiers in the

precense of arm posture variability.

Finally most of the experiments evaluate the systems on offline performance

and do not focus on real-time usage. As mentioned before, an increase in the

performance of an offline classifier does not necessarily translate into a better

online performance.

3.1.4 Intra-Subject Repeatability

Repeatability refers to the capability of using the same myoelectric control sys-

tem over time. Here we are using intra-subject repeatability as an umbrella term

that includes changes due to learning/adaptation of the user to the control of

the prosthesis, but also for the general case of concept drift, which refers to a

combination of different causes that could happen over the period of some time

and affect the EMG signal.

3.1.4.1 Learning/adaptation of the user

According to Fitts and Posner (1967) there are three stages of human motor

learning:

1. the initial cognitive stage, which requires high mental load and movements

are slow, inconsistent and inefficient,
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2. the associative stage, which is characterised by lower conscious effort and

higher performance, and

3. the autonomous stage, where the movements are accurate, consistent and

efficient and they are performed unconsciously. Their characteristics are

summarised in Table 3.1.

Table 3.1: Human motor learning stages and their motion and cognitive load
characteristics.

learning
stages

motion characteristics cognitive load

cognitive slow, inconsistent,
inefficient with large gains

high demand in
cognitive load

associative
disjointed performance,
more reliable & efficient,
small gains

requires less
cognitive activity

autonomous accurate, consistent,
efficient, smooth

unconscious - little
or no cognitive load

After a subject is introduced to a new motor task the learning process starts

and according to the time the subject spends on the task and the number of

repetitions performed, the subject moves from one learning stage to the next.

Since each stage is characterised by different motion execution, the EMG activity

will also change following the cognitive learning. An alternative term used in

literature to depict the changes, due to the fact that the user familiarises to the

new environmental or task requirements, is ‘user adaptation’.

Detection

The main approach in literature to observe learning from the user involves ex-

periments that span from a couple of days (Ison et al., 2014) to three weeks (Ison

and Artemiadis, 2015). Over this period data is recorded in regular basis and

analysed for trends that indicate the presence of learning from the user.

In a similar manner to the previous cases of EMG disturbance causes, the

learning period of the user is manifested with higher classification error or lower

classification accuracy in comparison to the initial performance of the classifier.

The signals arriving to the classifier during the testing phase are different than

the initial signals used to train the classifier, hence affecting the performance of
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the classifier.

A favoured metric used in literature to detect disturbances is entropy. En-

tropy is a measure of confidence of a classification decision as a function of

probability that a feature set belongs to each class. A decision with high entropy

means low confidence and corresponds to the case where all classes have simi-

lar probabilities, whereas decisions with low entropy have high confidence as a

result of clear differences in the classes probabilities.

Entropy has been used widely in the detection of user adaptation (Ison et al.,

2014, Kato et al., 2006b, Yokoi et al., 2004). Yokoi et al. (2004) proposed a thresh-

old rule that, when entropy measures stay below 0.14 the classification rate stays

over 90%, in a classification application of 10 motion classes.

Besides entropy, other metrics used in literature include separability, repeata-

bility and mean semi-principal axis indexes (He et al., 2013, 2015, Powell et al.,

2014).

• Separability monitors the distance between different classes of one trial

set. The Separability index (SI) is used to measure the diversity of different

active motion classes. Separability is a pairwise metric used to validate

user training success that stems from the Fisher linear discriminant ratio.

• Repeatability measures how well subjects reproduced feature patterns.

The repeatability index (RI) is used to measure the consistency of feature

patterns of the same class among different days.

• Mean semi-principal axis (MSA) indicates the size of the class. Changes

in individual cluster size correspond to changes in movement execution

consistency.

Some researchers propose that the learning process stops after a specific

amount of time that the user gets accustomed to the prosthesis, hence they focus

on detecting the end of the learning period.

Zhang et al. (2008) performed an experiment over the period of seven days

and compared the performance of the classifier when using their proposed Op-

timized Wavelet Packet Energy Distribution (OWPED) method of extracting fea-

tures versus the AR coefficients features, proving that the former performed bet-

ter. They also investigated the amount of data recording days that are needed in
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order to have a good performance of the classifier and observed that in the case

of six motions classification three days was the optimum amount, since after

these three days the recognition performance was only slightly changing.

He et al. (2015) performed a 12 hand and wrist motions classification experi-

ment that lasted for 11 days. In order to compare the effects of learning over time

they compared the offline between-day classification error (BCE) with the within-day

classification error (WCE). They observed that BCE was initially increasing in an

exponential way but later it plateaued after 4 days for the able-bodied subjects

and nine days for the amputee subjects. The same trend was apparent in the RI

(repeatability index). They argue that differences from day-to-day experiments

could be the result of positioning the electrodes in slightly different positions

with respect to the previous day, but this does not explain the overall decreas-

ing and stabilising trend that appears in the classification error. Based on this

observation, He et al. suggested that any adaptation algorithm should be ap-

plied after the user learning period, since it reaches a point where there is no

significant difference.

Yokoi et al. (2004) and Kato et al. (2006a,b) used functional magnetic reso-

nance imaging (f-MRI) in an attempt to detect changes in the human brain ac-

tivity during learning. They repeated a classification myoelectric experiment for

multiple days and compared the brain activity when EMG-to-motion classifier

was performed in three cases; before any training took place, three hours after

the first training and after one month of training, which accounts as enough time

for the user to have learned the task, since the number of motions that the real-

time classifier could classify with a discrimination rate of over 80% had doubled

from three to six after the training month. This trend was manifesting in the f-

MRI by strongly activated primary motor area (M1) and primary somatosensory

area (S1).

User Learning Model

Existing models for the user adaptation in research approach the learning curve

by fitting exponentially decaying models as functions of performance parame-

ters, such as classification error and completion time.

52



He et al. (2015) propose an exponential function to fit the relationship be-

tween ‘between-day classification error’ (BCE) and the evaluation sequence, as

‘user learning function’

y = α expλx (3.1)

where y and x represent the ‘between-day classification error’ and the number of

the evaluation sequence, respectively; α and λ are subject-dependent parameters

of initial performance and learning rate respectively.

A similar model with the only difference being an added steady state value

is proposed by Ison et al. (2014), and in Ison and Artemiadis (2015) the learning

function in terms of completion time ct for a trial t involves a sum of exponential

decays:

ct = α expλt +β expκt (3.2)

where the first additive component corresponds to an initial fast learning com-

ponent and the second additive component to a slower long-term learning phase

that follows the fast phase. Parameters β and κ correspond to the initial perfor-

mance and learning rate of the slower learning phase respectively.

User Knowledge Transfer

Although the majority of research in the implementation of myolectric human-

robot interfaces focuses on the development of maximally intuitive systems,

specifically regarding the user learning aspect, many scientists argue that in-

tuitive tasks are not necessary and motions learned during a specific task can

generalise and be used for the completion of a different task.

Work done by Mosier et al. (2005) involved subjects learning the mapping be-

tween the motion of a screen cursor and different finger motions. Subjects were

able to learn the unintuitive mapping, but also reduced the motions performed

in degrees of freedom that are not necessary to perform a motion as well as the

variability of cursor and hand movements. A significant finding was that the
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subjects were able to generalise to new tasks that involved motions that were

not included in the training session.

Pistohl et al. (2013) also proposed that the same myoelectric control scheme

used to create the two dimensional muscle-cursor mapping can be transferred to

real-life prosthetic applications, even when they are controlling a robotic hand

with more degrees of freedom.

Ison et al. (Ison and Artemiadis, 2015, Ison et al., 2014, 2016) and Antuvan

et al. (2014) argue that humans are able to explore the task space and learn the

mapping between motions and tasks even when these are not straight forward

and intuitively designed. They observe a natural emergence of a new muscle

synergy space after multiple days of the user exploring the task space. More-

over they explored the possibility of generalisation by learning one skill and

performing equally well in a slightly different task. In Ison et al. (2014) and

Antuvan et al. (2014) the subjects demonstrate knowledge transfer regarding the

mapping function from one task to a new one, reducing the initial learning pe-

riod of the new task. In (Ison and Artemiadis, 2015) the subjects are initially

trained to control a virtual helicopter to reach four destinations or to teleoperate

a robotic arm and after the learning period they were asked to perform the same

task, but move the virtual helicopter to new position and teleoperate the robotic

arm when the wrist was rotated respectively. The results showed that the sub-

jects were able to generalise the control to the new tasks without requiring the

initial learning curve. In a following study from Ison et al. (2016) the subjects

learned to operate a virtual reality 7-DOF helicopter and after some days they

used this knowledge to teleoperate a robot interface that uses the same controls

as their training sessions to perform various grasping tasks. They modelled HD

sEMG observations as mixture of activation signals and performed a muscle

synergy-inspired decomposition to map myoelectric signals to control outputs.

They observed that during learning the completion time of the task reduces, and

the throughput and path efficiency increase. Notably these metrics are used by

the Target Achievement Control (TAC) Test (Simon et al., 2011) and Fitt’s law

test (Scheme and Englehart, 2013) for the real-time evaluation of ME control

performance (see also Appendix D). Ison et al. (2016) associated these adapta-
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tions with the dynamic formation of new muscle synergies,which allowed more

efficient and precise control for the users over time.

Their approach did not require retraining or recalibration of the system be-

tween the different sessions neither the need of targeted electrode placement.

They also argue that since there is no user-specific procedure their approach can

potentially generalise across subjects, but they have not performed such an ex-

periment. Moreover, none of their experiments involved amputee subjects.

3.1.5 Concept Drift

From a machine learning perspective “concept drift of the datastream” is the

term that describes the changes over time in statistical properties of the target

variable that the model is trying to predict. This results in less accurate pre-

dictions as time passes. In the case of myoelectric-based pattern recognition

applications, “concept drift” is the result of fatigue, electrode displacement, user

adaptation and many other factors that cause changes in EMG signals. In that

respect, concept drift as it is conceptualized is not a cause but a symptom of

various causes of signal drift. Many researchers consider concept drift as an

outcome of various causes and attempt to mitigate it without necessarily identi-

fying the individual causes. In that respect we consider also “concept drift” here

in our review of causes of EMG signal drift as it is important to understand how

researchers develop techniques to mitigate this phenomenon without identifying

the actual underlying cause.

In general, two forms of concept drift have been described in literature,

1. gradual concept drift, and

2. sudden (also referred to as fast, abrupt, instantaneous or drastic) concept

drift (Tsymbal, 2004).

More specifically, according to Kato et al. (2006a), the gradual change in EMG

signal properties is more correlated to physiological causes, such as muscle fa-

tigue or skin impedance due to skin perspiration, and the drastic changes to

physical reasons, such as electrode shift during usage.

Research on concept drift focuses on the detection of the changes to the EMG
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input and suggests solutions to deal with the classification accuracy degradation

which is the result of these changes.

Detection of Concept Drift

Concept drift is not the result of one single cause, thus signal disturbance detec-

tion is done via performance metrics, like classification accuracy, classification

error or entropy (Jain et al., 2012, Kato et al., 2006a, Sensinger et al., 2009).

Kaufmann et al. (2010) monitored the offline classification accuracy over the

period of 21 days and observed a gradual decrease over time. They associated

this decrease with the combination of electrode movement and behavioral factors

from the user corresponding to user adapting to the device.

Amsuss et al. (2013) have performed a five day repeatability experiment. Five

subjects executed eight different hand motions and data was gathered over the

period of the five days. Analysis on the data showed a decrease of the offline

classification accuracy when the training and test data were from different days,

most specifically there was a 4.1% decrease of classification accuracy per day.

They identified three classes to hold a 76.5% of the total averaged misclassifica-

tions, hence requiring more attention in the training process.

Zhang and Huang (2015) suggested a sensor-fault-tolerant module (SFTM)

and a self-recovery method to compensate for three signals disturbance causes:

contact artifacts, loose contacts, and baseline noise. The SFTM calculates the

Mahalanobis distance from the recorded data and each class model and if the

new dataset has a large deviation from all the models it is characterised as dis-

turbance. If the signal is not perceived as a result of disturbance it is added in

the feature set and the classifier is retrained in real-time, in order to incorporate

the new data. Their system was tested on able-bodied and amputee subjects and

proved to sustain a high real-time classification accuracy in the presence of the

aforementioned disturbances.

Modelling of Concept Drift

As with the detection case, since concept drift is a combination of multiple rea-

sons that result in EMG signal changes, there is no unified way of modelling the
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cause. In most cases data are gathered from the electrodes over a long period of

hours or even days, in order to provide sufficient variability. Chen et al. (2013)

gathered data from two separate trials in the same day for each subject, with an

interval of 6-7 hours. Phinyomark et al. (2012b) recorded data for 4 days and in a

latter study Phinyomark et al. (2013a) 21 days, Liu et al. (2014b) for 10 days and

Kaufmann et al. (2010) for 21 days. Models about the myoelectric activity are

proposed, which are determined by the classifier used in each case. For example

in the case of the LDA classifier implemented in (Liu et al., 2014b) the model is

characterised by the mean µc for each class c and the pooled covariance matrix

∑, which are the parameters that characterise the LDA classifier itself.

One attempt to model the disturbances in EMG recorded from leg muscles

comes from the work by Huang et al. (2010). They used information about signal

saturation manifested among other cases when EMG electrodes lose skin contact

and simulated the drift and saturation of EMG signals by the following equation:

y(i) =

α ∗ PP(y), i f y(i) ≥ α ∗ PP(y)

y(i), i f y(i) < α ∗ PP(y),
(3.3)

where y(i) is the EMG signal recorded from one electrode; PP(y) denotes the

peak-to-peak magnitude of EMG signal y(i) recorded in the experiment; and α is

the signal drift level. A bigger α value corresponds to larger signal disturbance.

Approaches for Mitigation of Drift due to combination of causes

Data Abundance- Bitzer and van der Smagt (2006) utilised an SVM classifier for

the inter-session classification of finger movements. In order to include different

arm postures in their experiment they gathered information from two different

arm positions; relaxed and pronation. They achieve an average accuracy of 92%

in the offline evaluation of their system.

Artemiadis and Kyriakopoulos (2011) allowed the subjects to move their

hands freely in 3D space in order to use recorded information to control an an-

thropomorphic hand. This myoelectric information was used to train a switch-
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ing control scheme. In the testing phase the classifier chooses between a discrete

amount of models that correspond to different EMG disturbance levels. The

switching classifier was compared with three different decoding schemes includ-

ing a linear filter, an SVM classifier and a stationary model and outperformed

them all, while maintaining the real-time accuracy in a stable level.

Kaufmann et al. (2010) gathered data from subjects for 21 days and compared

the performance of five different pattern-matching algorithms in the classifica-

tion task. For each of the algorithms they used training data 1) from all trials,

2) from the last five trials, and 3) from the first five trials. All classifiers per-

formed best when data from all the trials were used and worse when the least

recent training data were used. This is also indicative of the user adaptation

effect over time.

Prosthesis-guided training (PGT)- Simon et al. (2012) suggest a prosthesis-

guided training that the user initiates whenever he feels that the performance of

the prosthesis degrades. The prosthesis provides the cues by moving through a

sequence of preprogrammed motions and the user imitates the prosthesis. This

approach compensates also for the EMG changes originating from the differ-

ences in arm posture, displacement of the electrodes over use and due to the

user learning the task over time. Since the execution of the training is user

initiated, this does not seem to introduce unexpected device delays, when an

automated algorithm decides to retrain, thus reducing possible frustration to

the user. Lock et al. (2011) also took feedback from amputees using their PGT

control system. The feedback suggested that PGT was perceived as an intuitive

and desired feature by prosthesis user.

Adaptation- Training with all the data from all the days counteracts the ef-

fects of EMG disturbances, but continuously adding information to train a classi-

fier soon becomes a very computationally expensive problem. Researchers tried

to deal with this problem by adapting in an online manner to changes of the

classifier and only selectively adding or eliminating training data. Patricia et al.

(2014) have performed a comparative study of four different adaptation methods

and proved the significance of adaptation versus simple non-adaptive classifiers

in all four cases.
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One adaptive method used in research is referred to as online incremental

adaptation and involves updating the classifier whenever the data gets outdated

based on one of the detection metrics; most commonly classification accuracy,

classification error or entropy.

Fukuda et al. (2003) utilised the entropy measure to evaluate the reliability of

the classification output and use the most reliable data as feature set to retrain

the classifier and update the weight of the log-linearised Gaussian mixture net-

work (LLGMN) they are using to discriminate EMG patterns. The oldest data

are removed from the system, in order to keep it updated to the latest EMG data

resulting in a more stable system in comparison to the non-adapted approach.

This approach was tested on a real-time manipulator control and included am-

putee subjects.

In a similar manner, Kato et al. (Kato et al., 2006a,b) proposed an online EMG-

to-motion discrimination system, which attempts to adapt to user’s characteris-

tics by managing learning data in real-time. In order to sustain a stable per-

formance of the classifier over time they implemented three different methods,

namely automatic elimination (AE), automatic addition (AA), selective addition

(SA). The system monitors the classifier’s performance over time, by calculating

the continuity of motion, and adapts to gradual change by automatically elim-

inating (AE) or adding (AA) relevant training data and retraining the system.

The SA is initiated by the user and adds new learning data, in order to com-

pensate for more drastic changes in the classifier’s performance. The classifier’s

performance is evaluated based on the time duration that a recognised motion

is monitored, and any motion that is monitored within a window smaller than

0.22sec, which is the average reaction time for a human (Laming., 1969), is per-

ceived as a failed classification.

Sensinger et al. (2009) followed a similar procedure and compared the perfor-

mance of supervised and unsupervised classifiers discriminating between eleven

motion classes in real-time. The algorithm adds newly seen data to the training

set when entropy is small, indicating high classification confidence or removes

data that are not relevant any more, in order to correct errors. Every time that the

training dataset changes the classifier needs to be retrained. They observed that
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supervised update of the classifier performs better than unsupervised, which is

expected since the unsupervised method is more prone to errors and noise.

Chen et al. (2013) proposed a self-enhancing classifier that automatically

incorporates new testing data in the existing classifier by updating the clas-

sifier’s parameters. They investigated a self-enhancing LDA (SELDA) and a

self-enhancing QDA (SEQDA) classifiers. When a new pattern from the testing

set belonging to class k is acquired the model parameters are updated; for the

SELDA the model parameters are the mean vector and pooled covariance ma-

trix, and for the SEQDA these are the mean vector and class covariance matrix.

The suggested enhanced algorithms showed an average improvement of 1.54%

and 2.21% in the offline classification accuracy in the cases of LDA and QDA re-

spectively. Most importantly the self-enhancing classifiers show less variability,

which translates in more robust performance. They also compared the perfor-

mance of the QDA and SEQDA classifiers across 14 testing cycles during the

day and the self-enhancing classifier outperformed original QDA by 3.15%. The

classification accuracy QDA on the long-term EMG data (9-11 hours experiment)

decreases over time, whereas for SEQDA the performance does not decrease

much, indicating that the adaptive classifier is more robust for long-term use.

Vidovic et al. (2016) performed a three day online experiment in which a

classifier was trained on the first day and the following days a small amount

of calibration data was recorded from the subjects. The system’s parameters

were updated accordingly based on the newly acquired data. They proved that

adaptation is highly beneficial in both offline and online experiments and for

amputees as well as able-bodied subjects.

Gijsberts et al. (2014c) proposed a non-linear incremental learning method in

which occasional updates utilising an amount of novel training data allow con-

tinual adaptation to the changes in the signals. They ran a four session real-time

experiment over the course of two days and they were able to perform stable

myoelectric control of a hand prosthesis using non-linear incremental learning.

In an effect to automate the process Jain et al. (2012) proposed an algorithm

that relies on an unsupervised as well as the on-demand update of the training

set, and has been designed to adapt to both the slow and fast changes that
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occur in myoelectric signals. Concept drift is detected using the entropy measure

and, in the case of slow drift the proposed algorithm updates the classifier by

retraining with the newly recorded data, in order to follow the changes over

time. In the case of fast concept drift a label correction algorithm is performed,

which corrects the labels to be used in the new training set, helping maintain a

consistently accurate classifier all throughout their experiments.

Liu (2015) has developed an unsupervised online incremental learning con-

trol scheme, where the classification result is treated as label for the newly seen

data that are subsequently used to retrain an SVM classifier. The proposed un-

supervised adaptive scheme proved to enhance the performance of the classifier

over time. The experiment was performed only for two days.

Zhai et al. (2017) proposed a self-calibrating classifier that is automatically

updated over time without the need of active retraining of the user for long-time

use of prostheses. The proposed classifier is based on a deep convolutional neu-

ral network (CNN) that is trained using a combination of initial training data

and a corrected version of the prediction results from previous testing sessions.

Their results show an increase in classification accuracy of 10.18% for intact sub-

jects and 2.99% for amputee subjects with respect to the unrecalibrated classifier.

Comparing the performance of the classifier with that of an SVM classifier the

proposed CNN-based system consistently showed better and more stable per-

formance over time.

Domain adaptation is a specific aspect of transfer learning and refers to

learning a well performing model from a source data distribution and apply-

ing it on a different (but related) target data distribution. Very recently Liu et al.

(2014b) have performed a comparative study between two classifiers; namely

the polynomial classifier and the LDA classifier, and the same classifiers when

domain adaptation methods were applied. Their goal was to reduce the calibra-

tion time in day-to-day use of a prosthetic hand. They gathered EMG data from

intact and amputee subjects over the period of ten days and on each day they

used the models from all the other nine days to train nine models that were used

as well as the current day’s data.

In general, if M̄ is the model from the current data and M̂k is the model from
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he kth day, then the new model is formed as

M = (1− r)M̄ + r
p

∑
k=1

Wk M̂k (3.4)

Parameter p refers to the days beside the current day and r is a trade-off

parameter between the model trained from current day data and the pre-trained

data. Matrix W is the weights matrix used to apply different weights on the

models from different days. Their results indicate that the performance with do-

main adaptation outperforms the non-adaptive algorithms, by raising the offline

classification accuracy in a range of 5.49% to 28.48%, both in cases of intact and

amputee subjects.

They also proposed a Common Model Component Analysis (CMCA) frame-

work that performs an optimised projection of the training and testing data and

tries to minimise the dissimilarity between different models. They trained the

classifier using data from six different days and performed a motion test that

simulated the real-time performance of the classifier on the computer (Liu et al.,

2016).

Du et al. (2017) proposed an unsupervised adaptation approach for inter-

session sEMG-based gesture recognition based on a deep CNN. The classifier

is continuously adapting to new data and they argue that it can be used for

inter-session and inter-subject application. The suggested adaptation scheme

achieved an average offline accuracy of 82.3% and an improvement of 19.6%

in the inter-session recognition accuracy. An investigation was performed to

evaluate the amount of calibration data required for a stable performance of the

classifier and they observed that as little as 5% of calibration data is enough,

which allows a fast calibration procedure.

Limitations

Many of the proposed solutions to mitigate EMG disturbances require record-

ing of a large amount of data during the day or over the period of different days.

Training on different aspects is time demanding and needs pre-training with a

lot of information which is computationally expensive (Artemiadis and Kyri-
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akopoulos, 2010, Huang et al., 2010, Kaufmann et al., 2010).

On the other hand, the proposed online adaptation algorithms (Huang et al.,

2010, Kato et al., 2006a, Sensinger et al., 2009) require less initial information, but

the good performance of the classifiers relies on regular retraining, in order to

update the classifier on the new input data. This adds an occasional delay while

the prosthesis is on use, which can be frustrating for the users.

The domain adaptation approach (Liu et al., 2014b) attempts to reduce both

the classification time and the necessity for huge amount of training data, while

sustaining a high classification accuracy, but it has only been evaluated by offline

measures, which does not necessarily translate into a good online performance.

3.2 EMG variability between subjects

Inter-subject generalisation refers to the ability to produce a prosthetic hand con-

trol system that adapts to a new user with minimum or no training. The EMG

signal is non-linear and varies significantly from one individual to another. Even

though the underlying anatomy is the same, differences in anthropometric vari-

ables, like body mass and forearm circumference, or variations in the execution

of the motions, due to individual preferences result in different EMG signals

generation (De Luca, 1997).

An experiment on the effect of these variations in classification accuracy is

reported by Castellini et al. (2009), with cross-subject average classification accu-

racy reaching 51.69% and 54.04% for still arm and free arm movements respec-

tively, whereas the intra-subject classification accuracy was higher than 95%.

This consists an important difference in performance, indicating the need for

further investigation, in order to create devices that are easier to train and adapt

to a novel user.

Approaches for Inter-Subject Use

The different approaches in research involve gathering information from multi-

ple subjects (data abundance) and evaluating the differences between them by

either utilising new features that minimise the presence of differences and max-

imising the similarities or utilising a domain adaptation method to adapt the
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newly read data to the known model/models.

In order to test how a classifier behaves for different users most research uses

the leave-one-out approach where information is gathered from many subjects

and subsequently the classifier is trained with data from all but one subject and

tested on this specific subject (Gibson et al., 2013, Guo et al., 2015, Ison and

Artemiadis, 2013, Matsubara and Morimoto, 2013, Matsubara et al., 2011, Park

et al., 2016, Stival et al., 2016).

Gibson et al. (2013) gathered data from seven users and for the evaluation

of performance of the classifier for each user they used a decision tree that uses

variable thresholds trained on the data gathered from all the subjects except

the one they were investigating. They achieved an overall real-time accuracy

of 79 ± 6.6%, with average specificity (i.e. the likelihood of not predicting a

given motion if the user is not performing that motion) of 97.6% and average

sensitivity (i.e. the likelihood of predicting a given motion when the user is

actually performing that motion) of 66%.

Besides gathering more information, research has also focused on the in-

vestigation of the existence of features or feature sets that describe better the

motion and are more robust to individual differences. Phinyomark et al. (2013b)

investigated the feasibility of using anthropometric variables, i.e. dimensions

of the different parts of the body and physical characteristics like body mass

in pattern-recognition based myoelectric control, and evaluated the correlation

between the anthropometric variables and five common EMG features used in

classification experiments. They suggested incorporating this information about

correlations in the calibration of the controller, by calculating a weighting factor

for the classifier and a normalising value of EMG features based on the user’s

characteristics, but they have not yet published any online work that tests the

performance of their suggested system.

Ison and Artemiadis (2013) used the discrete wavelet transform (DWT) method

to perform a novel multi-resolution myscle synergy (MRMS) feature extraction.

They recorded data from ten subjects and created a database which was then

used to test the classifier’s performance. For the training of the classifier they

used data from all the subjects except the ones corresponding to the current user.
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They evaluated their results by calculating the area under the ROC plot (AUC)

and the results suggested a very accurate classifier achieving classification accu-

racy of 92.4± 8.9%. These results, though, were only evaluated off-line.

Guo et al. (2015) performed a comparative study between four-dimensional

time domain features (TD), 6th order autoreressive coefficients (AR) and a con-

catenation of them (TDAR) and showed that the latter performs best in an ap-

plication of nine wrist and hand classification. They argue that their system can

be used directly without any calibration or training from a new user with the

only requirement being that the new user has similar physiological properties

with the group used for the training. When they used TDAR features, for the

real-time control performance, the offline classification accuracy (86%), real-time

accuracy (83%), motion selection time (0.25s) and completion time (1.42s) for

recognition of seven patterns are at a promising level.

Adaptation in Inter-Subject differences

Orabona et al. (2009) used a model adaptation approach, where they constructed

a database of EMG signals from 10 different people for a classification task of 3

grasps, and stored the trained models for each user. When a new user appears

the pre-trained model with the closest distribution to the new user distribution

was selected and used for training a new model that combines the previous in-

formation with the newly seen data using the leave-one-out error. Performance

was evaluated by offline classification rates and the models obtained by adap-

tation proved to perform better compared to those trained using the training

data from only the current user. This approach demands the storage of a lot

of pre-trained models and requires a large amount of data to have a successful

adaptation.

In a subsequent study Tommasi et al. (2013) use the Ninapro database (At-

zori et al., 2014) to construct the pre-trained models and compare seven differ-

ent adaptive and non-adaptive systems. They conclude that adaptive models

outperform simpler models that are based on just gathering information from

multiple users both in classification and regression cases. They also show that

the classifier benefits from an adaptive method that consists of a linear combina-
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tion of known models with different weight per class. They argue that the larger

the amount of stored models is, the better the performance of the adaptive algo-

rithms, although the use of prior models is only beneficial when there is a way

to properly choose the best prior knowledge model and weigh and combine it

with the newly acquired EMG data.

Chattopadhyay et al. (2011) utilises the isomap feature which preserves the

geodesic distance information between the distributions of different subjects and

projects both training and unlabelled data on the same space. An experiment

is performed to classify between the four combinations of low or high intensity

of activity and low or high fatigue presence. They performed a comparative

study between their topology preserving domain adaptation method with eight

other methods from literature or variations of them and their suggested system

outperformed them all to address subject based variability.

Matsubara et al. (2011) proposed a bilinear model that decomposes the EMG

signal into two linear factors, one that is user dependent and one motion depen-

dent and use the latter factor as user-independent features. They use informa-

tion from multiple users, but in contrast to Orabona et al. (2009) they train and

hold in memory a single bilinear model. They compare the performance of the

adaptive classifier with a simple classifier trained with the data from multiple

users and show that the former outperforms the latter by an average of 21% ac-

curacy. They tested the real-time performance of their framework by controlling

five motions to a three-fingered robotic hand. In a subsequent study (Matsubara

and Morimoto, 2013) the newly seen subject is asked to demonstrate a few spe-

cific motions that are used to calibrate the model to their characteristics. They

showed that their proposed model performs better in all cases, but for only up to

three motions. One limitation of their approach is that, in order for the limited

calibration to work, they depend a lot in the precise placement of the electrodes

and this is not realistic in cases of amputees with differences in the remaining

limb. Thus their system is parameter dependent, since the dimensions of the

style and content variables were experimentally selected by trial-and-error.

Khushaba (2014) also focus on the stylistic differences between subjects and

proposed a parameter-free Canonical Correlation Analysis (CCA) model which
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involves the projection of both user and model data into the same space that

maximises their correlation coefficient. To this goal they also utilise time-domain

derivation of spectral moments as features for their classifier as they were sug-

gested in Khushaba et al. (2012b). The new subjects are asked to perform one

repetition of each predefined class for calibration purposes. Their proposed sys-

tem achieves an average inter-subject offline accuracy of > 82%, but the SVM

classifier that uses the concatenated data from all-but-the-tested subject outper-

forms their proposed system. In the case of amputees though, the proposed

system outperforms the SVM. The issue they face as in Matsubara and Mori-

moto (2013) is the variation in electrode placement due to differences in the

amputees’ limbs, which makes the comparison in same terms difficult.

Stival et al. (2016) proposed an online Gaussian Mixture Model framework,

in order to adapt a model constructed from the pooled data from multiple users

to a new user. They were able to provide good results when tested on a new

user and proved that by updating the existing model by adding information

gathered from the new subject improves the performance of their system. They

used their proposed framework to control two grasps of a virtual prosthetic hand

and the kick motion of a humanoid robot in real-time. In both cases though, the

recognised motions are very simple and in the latter the amount of subjects is

very low.

Côté-Allard et al. (2019) proposed a transfer learning approach for inter-user

sEMG-based gesture recognition application based on a deep CNN. Deep learn-

ing methods require a large quantity of data, in order to train successfully, which

would take an unreasonable amount of time for a single person to generate. In

order to deal with this issue they are combining data from multiple subjects and

train a user-independent network. Moreover, they attempt to model the effect of

signal drifts, like fatigue, electrode displacement and noise, by augmenting the

original dataset with artificial data that are manipulated to simulate the effect of

each disturbance. Their suggested network achieves 98.31% offline classification

accuracy for 7 hand/wrist gestures over 17 able-bodied participants.
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Limitations

Research focused only recently on multi-subject prostheses, hence there is a lim-

ited number of real-time experiments (Guo et al. (2015), Matsubara and Mori-

moto (2013), Matsubara et al. (2011), Stival et al. (2016)). Moreover, the majority

of the experiments involves able-bodied subjects and not amputees. Matsubara

et al. (2011) and Matsubara and Morimoto (2013) have suggested that electrode

placement influences the user dependent variables in their bilinear model and

suggest to place the electrodes on specific muscles. This is difficult in the cases

of amputees with different levels of amputation, thus it is necessary to include

more amputee subjects in future experiments.

3.3 Discussion

This chapter focuses on the reasons that cause significant variability in the EMG

signal excitation over time, thus resulting in the deterioration of myoelectric

based classifier performance. Muscle fatigue, electrodes displacement, arm pos-

ture and user adaptation have been identified as the main reasons behind this

variability. Moreover, we report the effects and variability in the inter-subject

cases. Different methods have been introduced in literature in order to mitigate

their effects in the performance of the classifier. These include:

1. information abundance, which refers to the process of gathering extra

data from as many possible different configurations, in order to ensure

that variability is sufficiently represented in the training data,

2. cascade classifiers, that as a first step determine the level of disturbance

and as a second step classify the grasp performed,

3. incorporation of new sensors besides EMG, such as accelerometers,

4. investigation for robust feature sets, and

5. adaptation methods, that are able to monitor changes occurring in the

EMG signal and mitigate their results.

The majority of myoelectric pattern recognition applications rely on gather-

ing EMG data from various levels of disturbance, in an attempt to sufficiently

capture the variability of the EMG signal over time. This approach has been
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proven beneficial for the classifier’s performance in many cases, but is more de-

manding in capturing, storing and processing the dataset in comparison to a

classifier that is trained in a simpler dataset. Sometimes, like in the case of HD-

EMG systems or the multi-modal sensory systems that incorporate accelerome-

ters, additional hardware is required, which results to design and energy con-

sumption changes. The real-time performance of the prosthetic device, along

with its weight are very important factors when it comes to patient’s satisfaction

with the device and continuation of usage (Biddiss and Chau, 2007), hence it is

important to only incorporate new hardware when its benefits outperform the

difficulties.

Feature selection is an important research topic and different features seem to

be more beneficial in detecting or mitigating the effect of the various EMG drift

causes. The presence of fatigue is best described by features that represent the

EMG spectrum, specifically monitoring shifts towards the lower frequencies and

the increase in signal amplitude. For the case of electrode shifts time-domain

features that represent spatial patterns are proved to be more beneficial. In the

case of arm posture variations, features that quantify the angle rather than the

amplitude of EMG are more robust in arm orientation changes.

One new path in research is the application of domain adaptation techniques,

such as transfer learning, for the mitigation of the aforementioned signal drift

causes. Domain adaptation is based on the assumption that data under the pres-

ence of EMG drifts would be different than the training data, but also they would

originate from the same distribution. When this is true, information gathered

before the signal drift can be utilised to reduce the amount of time and data that

are needed to adapt to the shifted signal. The majority of research on adaptive

techniques shows that it can be beneficial in the case of EMG concept drift. The

issues that rise in the case of domain adaptation consist of the processes of se-

lection of which information is more relevant and which should be forgotten by

the algorithm as outdated.

Recent advancements in deep learning research have provided great results

in machine learning applications, especially in the fields of computer vision

and speech recognition. This motivated the investigation of the suitability of
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deep learning methods for pattern recognition applications that are utilising

electromyographic data (Atzori et al., 2016, Chen et al., 2020, Côté-Allard et al.,

2019, Du et al., 2017, Xia et al., 2018, Zhai et al., 2017). One interesting charac-

teristic of deep convolutional networks is that the network can act like a feature

extractor if it is deep enough, thus when it is used in a myoelectric pattern

recognition application it removes the need to specify suitable features for the

application (LeCun et al., 2015). Moreover, due to the nature of the training in

a neural network, the process of transfer learning is very straightforward (Le-

Cun et al., 2015, Yosinski et al., 2014). This behavior of deep networks indicates

the necessity of further research, in order to evaluate the performance of such

networks on myoelectric pattern recognition applications, that are dependent on

the non-stationary EMG signal.

One important issue in literature is the limited amount of experiments with

amputee subjects. Investigating how the different algorithms perform on able-

bodied subjects provides important information, but it is necessary to gather

information from amputees as well. Individual differences might be more in

amount and quality in the cases of amputee subjects that have different levels of

amputation.

Finally, there is lack of real-time experiments that involve able-bodied and

amputee subjects manipulating the devices. Improving the offline performance

is not enough to be beneficial for real-time use in a similar manner (Hargrove

et al., 2007, Lock et al., 2005). Delays in response or classification mistakes dur-

ing the real-time use can be interpreted by the users as their own mistakes or

malfunctioning of the device causing user frustration. Since the acceptance of

a prosthesis depends on the satisfaction of the user, these functionality issues

could determine whether the user is going to continue wearing the prosthesis or

not.
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Table 3.2: Causes of EMG drifts; how to detect and model them and approaches
to mitigate them.

cause research detection model applications
data
abundance

feature
set

fatigue

Stulen and Luca (1981)
De Luca (1983), De Luca and Van Dyk (1975)

Merletti et al. (1984, 1990)
Park and Meek (1993)

Enoka and Duchateau (2008)
Luttmann et al. (2000)
Castellini et al. (2009)

Artemiadis and Kyriakopoulos (2008), Artemiadis and Kyriakopoulos (2010)
Mainardi et al. (2008)

Song et al. (2006)
Phinyomark et al. (2012c)

Cifrek et al. (2009)
Cao et al. (2007)

Al-Mulla and Sepulveda (2010), Al-Mulla et al. (2009)
Tkach et al. (2010)
Ravier et al. (2005)

+
+
+

+
+
+
+

+
+
+

+
+
+
+
+

+
+

+
+
+
+
+
+

+
+
+
+
+

data
abundance

feature
set

electrode
configuration

electrode
displacement

Hudgins et al. (1993)
Hargrove et al. (2006), Hargrove et al. (2008)

Tkach et al. (2010)
Young et al. (2012)

Boschmann and Platzner (2012), Boschmann and Platzner (2014)
Muceli et al. (2014)
Fang and Liu (2014)
Stango et al. (2015)

Pan et al. (2015)

+
+

+
+

+
+
+
+

+

+
+

+
+

+
+
+

+
+

+

+
+
+
+

data
abundance

feature
set

additional
sensors

arm posture

Scheme et al. (2010)
Chen et al. (2011)

Fougner et al. (2011b)
Liu et al. (2012a), ?

Khushaba et al. (2012b, 2016)
Geng et al. (2012b)
Jiang et al. (2013)

Boschmann and Platzner (2014)
Yang et al. (2015)

Betthauser et al. (2016)

+
+
+
+
+
+
+
+
+
+

+
+
+
+
+
+
+

+
+

+

+

+
+

simultaneous
learning

transferable
skills

learning

Nishikawa et al. (2000)
Yokoi et al. (2004)

Mosier et al. (2005)
Kato et al. (2006a,b)
Zhang et al. (2008)

Radhakrishnan et al. (2008)
He et al. (2013)

Pistohl et al. (2013)
Antuvan et al. (2014)
Powell et al. (2014)

He et al. (2015)
Ison and Artemiadis (2015), Ison et al. (2014, 2016)

+

+
+

+

+
+
+

+
+

+
+

+
+

+

+
+

+

update model data
abundance

feature
set adaptation prosthesis

guided learning

concept drift

Fukuda et al. (1997, 2003)
Bitzer and van der Smagt (2006)

Sensinger et al. (2009)
Kaufmann et al. (2010)

Artemiadis and Kyriakopoulos (2011)
Jain et al. (2012)

Amsuss et al. (2013)
Liu (2015)

Liu et al. (2016)
Tkach et al. (2010)
Zhang et al. (2008)

Phinyomark et al. (2012c, 2013b)
Gijsberts et al. (2014c)
Vidovic et al. (2016)

Lock et al. (2011)
Simon et al. (2012)
Chen et al. (2013)
Du et al. (2017)

Zhai et al. (2017)

+
+
+
+
+
+
+
+
+

+

+

+

+
+

+

+

+
+
+

+

+
+
+

+
+
+

+

+

+

+
+

+
+
+

+
+

data
abundance

feature
set adaptation

inter-subject
variability

Orabona et al. (2009)
Chattopadhyay et al. (2011)

Matsubara and Morimoto (2013), Matsubara et al. (2011)
Gibson et al. (2013)

Ison and Artemiadis (2013)
Tommasi et al. (2013)

Khushaba (2014)
Phinyomark et al. (2013b)

Guo et al. (2015)
Stival et al. (2016)

+

+
+
+
+
+

+
+

+
+

+

+
+
+

+

+

+
+

71



Part II

Linear Discriminant Analysis in

Upper-Limp Prosthesis Myoelectric

Control
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4 | Real-Time Classification of

Multi-Modal Sensory Data

A limiting factor of pattern recognition-based myoelectric control is the lack of

stability and predictability of the prosthesis performance. Biddiss and Chau

(2007) investigated the reasons of abandonment of the use of upper-extremity

prostheses, including myoelectric controlled ones, and reported that 88% of pa-

tients chose to stop using prosthetic hands because they found them “too tiring

and difficult to use”. Therefore, to incorporate classification methods in pros-

thetic hand control, prostheses have to perform robustly and predictably.

One way of achieving more robust pattern recognition-based control is by

improving the decoder’s classification accuracy. Over the last 10 years, the im-

pact of incorporating additional sensor signals in the decoding process other

than sEMG has been investigated in terms of classification accuracy. Gijsberts

et al. (2014b) and Fougner et al. (2011b) were the first to observe higher of-

fline classification performance when acceleration information measured on the

users’ forearm was taken into consideration. Based on that evidence, Fougner

et al. (2011b) suggested that in any two-site EMG system it is preferable to add

an accelerometer affixed to the forearm, rather than including a third electrode.

These findings naturally raise the question of whether the use of additional sen-

sory information, such as angular velocity and orientation could further enhance

the performance of pattern recognition-based myoelectric control. To the best of

our knowledge gyroscopes and magnetometers have not been previously used

in the context of upper extremity myoelectric control. Moreover, the previously

mentioned studies (Fougner et al., 2011b, Gijsberts et al., 2014b) performed only

an offline analysis, rendering essential the investigation of whether the inclusion
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of extra sensory modalities can prove beneficial for myoelectric control during

online experiments.

This chapter outlines the implementation choices and experimental method

that we followed, in order to test the offline and real-time effect of concurrent

use of electromyographic and inertia measurement unit data in the context of a

grasp classification task.

Accelerometers and gyroscopes have been used before this study took place,

for the classification of grasps (Boschmann et al., 2013, Geng et al., 2012b, Rad-

mand et al., 2014) or wrist rotation (Bennett and Goldfarb, 2017, Boschmann

and Platzner, 2014) but the effect of adding IMU data along with EMG was

not yet investigated with real-time experiments. More recent studies are using

mechanomyography (Guo et al., 2017), accelerometers (Samuel et al., 2017) and

IMU (Cognolato et al., 2018, Krasoulis et al., 2020b, Stival et al., 2018) for the

control of a prosthetic hand.

4.1 Materials and Methods

For the purposes of this study, a real-time pick-and-place experiment was de-

signed. A full pipeline for recording sEMG and IMU activity, data pre-processing,

motion classification and prosthetic control was developed and implemented

using the Robot Operating System (ROS) and custom-written software in C++.

The hardware used in our experiments consists of the prosthetic hand Robo-

Limb by Touch Bionics, Inc (2003) connecting via a CAN bus with a laptop

running the Linux distribution Ubuntu 16.04 and the Delsys® Trigno™ IM Wire-

less EMG System that communicates with the same laptop via TCP/IP protocol

(see Appendix A for more details on the prosthetic hand and the sensors used

in our experiments and Appendix B for implementation details). The pipeline is

summarized in Figure 4.1 and the implementation details are explained in the

following sections.
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Figure 4.1: Pipeline for data recording and pre-processing, grasp classification and
control of the prosthetic hand.

4.1.1 Signal Detection

For the recording of the muscular activity and IMU information (3D acceleration,

3D angular velocity and 3D orientation) 12 wireless Trigno™ IM Trigno (2014)

sensors were used. An example of the raw input data as recorded from the first

sensor while one of the subjects grasped three different objects is depicted in

Figure 4.2.

Figure 4.2: The raw sEMG, accelerometer (ACC), gyroscope (GYR) and magnetometer
(MAG) readings from one sensor while one subject grasps different objects (from left to
right: bottle, credit card, key).

4.1.2 Ninapro Acquisition protocol

The dataset recorded in our lab followed the same acquisition protocol as the

publicly available datasets from the Ninapro project. As mentioned in Sec-

tion 2.3.2.1, eight electrodes were equally spaced around the forearm and the
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other four were targeting specific muscles, identified by palpitation.

Prior to electrode placement, participants’ skin was cleansed using 70% iso-

propyl alcohol. The subjects’ fingers were constrained in a fist formation as

seen in Fougner et al. (2014) using adhesive elastic bandage. The sensors are

also secured with the bandage in order to keep in place during the experiments.

Figure 4.3 depicts the sensors’ placement on an able-bodied and an amputee

subject.

Figure 4.3: Sensor placement for an able-bodied (left) and amputee (right) subject.
Eight Delsys® Trigno™ IM Wireless EMG electrodes were equally spaced around the
forearm (red), two are targeting the flexor digitorum superficialis and the extensor digi-
torum superficialis respectively (blue), and two the biceps brachii and the triceps brachii
respectively (green). Elastic bandage is used to secure the sensors on the aforementioned
positions.

Synchronisation

The acquisition sampling rate was 2kHz for EMG and 128Hz for IMU signals.

This difference in the sampling frequency between the EMG and IM data re-

quires synchronisation of the different sensory inputs.

During recording, a unique timestamp is associated with each data sample.

The total amount of samples in a package is then equally spaced in time that

passed between the current reading time stamp and the time stamp correspond-

ing to the previously read package. Now each data point i from a package

gets a distinct timestamp based on the equation 4.1, where timestampp is the

timestamp of the pth package, and N is the number of samples that the package

contains.

timestamp(i) =
timestampp − timestampp-1

N
× i (4.1)
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After the data is equally distributed in the timeframe of the consecutive

recordings, the IM data is interpolated to generate equal amount of data samples

as EMG.

4.2 Signal Processing

The electromyography and inertia recordings are not used in their raw for-

mat, but are first preprocessed and features are extracted as described in Sec-

tion 2.3.2.2.

4.2.1 Window Segmentation & Filtering

To remove the artifact noise, muscular signals were band-pass filtered in the

range 20Hz to 500Hz using a 4th order Butterworth band-pass filter, follow-

ing the literature recommendations. Subsequently, the signal is segmented in

smaller samples using a sliding window approach (see Section 2.3.2.2). The

length of the window was set to 256 ms with 200 ms overlap, yielding a feature

sample every 56 ms.

The Butterworth filter we applied is implemented in the ‘DSPFilter’ library

(Falco, 2012). This library is provided under the MIT license and includes a

collection of C++ classes for Digital Signal Processing. The information in the

buffer is now ready for feature extraction.

4.2.2 Feature Extraction

As mentioned in the Background Chapter 2, the effect of feature selection on

the performance of an EMG-based classifier is crucial. For our analysis we used

time domain and autoregressive (AR) features (TDAR). The selection of these

features was based on previous studies demonstrating their effectiveness in de-

coding hand motion intention (Díaz-Amador and Mendoza-Reyes, 2019, Hahne

et al., 2014, Krasoulis et al., 2015, Pan et al., 2015, Scheme and Englehart, 2014,

Young et al., 2012). The choice of solely time-domain EMG features is taking

into consideration the need for low computational complexity during real-time
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control (Boostani and Moradi, 2003).

A combination of four time-domain features were extracted from each sEMG

signal, namely the mean absolute value (MAV), waveform length (WL), log-

variance (lVar) and 4th-order auto-regressive model (AR) yielding four coeffi-

cients as features, hence providing a total of seven features per EMG channel

(Table 4.1). For IMU signals, we computed the mean value (MV) within the pro-

cessing window, therefore each sensor contributed a total of nine features; one

MV feature for each dimension of the 3D accelerometer, 3D magnetometer and

3D gyroscope.

Table 4.1: Extracted Features for sEMG and IMU data

feature definition (per channel)

Mean Average Value (MAV) MAV = 1
N ∑N

n=1 | xn |

Waveform Length (WL) WL = ∑N
n=1 | xn+1 − xn |

Logarithm of Variance (lVAR) lVAR = log( 1
N−1 ∑N

n=1(xn − x̂)2)

Autoregrassive 4th order (AR) xn = −∑
p
i=1 aixn−i + wn

Mean Value (MV) MAV = 1
N ∑N

n=1 xn

Where N is the number of samples, p the order of the autoregressive model (p=4), αi
the ith autoregressive coefficient, xn the nth sample of the signal.

The dimensionality of the feature space was defined by the input modality

and the amount of sensors used in each condition. For instance, in the case of

using solely IMU information from all 12 sensors, the input feature vector was

108-dimensional (9 features/channel × 12 channels). The dimensionality for all

cases can be seen in the last column of Table 4.2.

4.3 Normalisation & Standardisation

The EMG recordings have an order of magnitude of -6, the accelerometer of -1,

the gyroscope of -1, and the magnetometer of 1. In order to account for the effect
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of different scales of the data, all features were mean subtracted and normalised

to unit standard deviation (see Section 2.3.2.2).

In the situation of the real-time classification we need the classifier to be

generating an inference per sample in the time of recording, so as to avoid any

decision delay from the device. In this case we use the pre-calculated mean and

standard deviation from the training set in order to normalise each data sample.

4.4 Linear Discriminant Analysis (LDA) classifier

As mentioned in the Background Section 2, Linear Discriminant Analysis is one

of the baseline classification algorithms, that has achieved state-of-the-art perfor-

mance in myoelectric-based pattern recognition (Chen et al., 2011, Díaz-Amador

and Mendoza-Reyes, 2019, Fang and Liu, 2014, Masters et al., 2014, Zhang et al.,

2012, Zhang and Huang, 2015, Zhu et al., 2016). It is a special case of discrim-

inant analysis algorithms used as a linear classifier or for dimensionality re-

duction before later classification. Linear discriminant analysis assumes normal

distributed data, features that are statistically independent, and identical covari-

ance matrices for every class, Σc = Σ ∀c. More background information about

the LDA algorithm can be found in Appendix C. The LDA classifier was selected

over other suggested algorithms in literature for the EMG-based pattern recogni-

tion application, due to its implementation simplicity, its fast performance, and

the absence of tunable hyperparameters.

To build a mapping from sEMG/IMU activity to grasp types a multi-class

linear discriminant analysis (LDA) classifier was implemented in C++, using the

Eigen library (Guennebaud, Jacob, et al., 2010). Some of the advantages of using

an LDA classifier are its computational simplicity and low space complexity. At

each step, the classifier estimates a multinomial distribution over the predicted

motion. The class with the highest posterior probability is then predicted and

the uncertainty about the prediction is encoded in the posterior probability dis-

tribution. The number of decoded classes in our experiment was c = 6 (see

Section 4.4.1).

Four classifiers were trained and tested in each experimental session, which
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corresponded to four distinct decoding schemes according to the input modal-

ity/modalities and number of sensors used in each case. The four conditions are

summarized in Table 4.2.

Table 4.2: Decoding conditions for online myoelectric control experiment.

Condition Sensory Input Number of Sensors Input Feature
Dimensionality

1 sEMG & IMU 12 192

2 sEMG 12 84

3 IMU 12 108

4 sEMG & IMU 4-6 48-96

For condition 4, a subset of sensors was identified via a greedy sensor selec-

tion algorithm and used for prediction. The method was developed by extending

the classic sequential forward feature selection algorithm (Pudil et al., 1994). In

brief, the algorithm was initialized with an empty sensor set and a pool of avail-

able sensors that included all 12 electrodes. In each iteration, the sensor which

yielded the highest classification accuracy was added to the set and removed

from the pool of available sensors. This procedure was repeated until all sensors

were added to the set, and thus provided a ranking for all 12 electrodes. The

number of selected sensors was defined by using the “elbow method”, that is

by choosing the first n sensors such that the inclusion of additional ones would

yield an accuracy improvement of less than 1%. The number of sensors, n, in

our experiments was always in the range 4-6. This procedure was performed

during training only. At execution time, only the input signals (both sEMG and

IMU) from the selected sensors were used for decoding.

Table 4.3: Objects used in experiments and corresponding grips.

class object grip

0 - rest pose
1 bottle cylindrical
2 card lateral
3 CD tripod
4 keyboard index point
5 - open pose
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4.4.1 Experimental Protocol

Eight able-bodied male subjects participated in this study. All subjects were

right-handed and had no known neurological problem. Each subject partic-

ipated in a single experiment that lasted on average 1.5 hours. Prior to the

experimental sessions, the subjects were asked to sign an informed consent par-

ticipation form. All experiments were approved by the local Ethics Committee

of the School of Informatics, University of Edinburgh.

The experimental environment is depicted in Figure 4.4. After the prepara-

tion of the participants as described in Section 4.1.1, the participants sat on a

chair in front of a computer desk. They were asked to use the prosthetic hand

to grasp the objects which were located on the desk and relocate them by 50 cm

in the right direction. Each trial consisted of relocating three objects and finally

pressing the ’space’ key on a computer keyboard. Each object was labelled with

a unique number (1-4) and was also associated with a specific grip type. The ob-

jects used in the experiment along with the corresponding grips are presented in

Table 4.4. The total number of classes predicted by the decoders was six, includ-

ing four grips, the ’open hand’ motion and the ’rest position’. The latter class

corresponded to keeping the joints of the prosthesis fixed at their current angles

(i.e. no action taken).

Figure 4.4: Experimental set-up. The three objects; the bottle, the card and the
CD (numbered ‘1’, ‘2’ and ‘3’ respectively) are moved from their original position
to the ‘X’ spot and the trial finishes with pressing the space key of the keyboard,
numbered ‘4’.

The experimental sessions consisted of three phases, a short preparatory
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Table 4.4: Objects used in experiments.

class object grasp name category
0 - rest pose -
1 bottle cylindrical cylindrical
2 card lateral lateral
3 CD chuck closed tripod
4 keyboard index point -
5 - open open

phase, the training phase and, finally, the testing (i.e. real-time classification)

phase

1) Preparatory Phase

As mentioned above, the participants’ hands were constrained during the ex-

periments to refrain participants from moving their fingers and in this way to

mimic an amputee scenario as closely as possible. During the training phase, the

participants were asked to perform imaginary grasps of a series of objects by ac-

tivating their muscles, though not being able to move their fingers. This activity

might feel unnatural, thus a short preparatory phase consisting of two full trials

was introduced to allow the subjects to familiarize with the experiment. During

this stage no data were recorded.

2) Training Phase

During the training phase, labelled training data were collected to be used for

the supervised training of decoders. At this stage, subjects performed five

consecutive trials of imagery movements whilst data were collected from the

sEMG/IMU sensors. Participants were instructed to reach the objects with their

right hand and apply forces as they would normally, should their hands not be

constrained. Simultaneously, they were asked to indicate the executed move-

ment (class 1-5 in Table 4.4) by pressing the corresponding number on a com-

puter keyboard with their left hand. When no key was pressed (i.e. in between

movements), the ’rest pose’ class was assumed. During the training phase, the

prosthetic hand was switched off maintaining the rest position that is shown in

Figure 4.3.
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3) Testing Phase

During the testing phase, participants controlled the prosthetic hand by using

sEMG and/or IMU signals. Participants performed five trials for each experi-

mental condition that are shown in Table 4.2. All trials were initiated by a “Go”

cue and finished when the “space” key was pressed on the computer keyboard.

The time taken to accomplish each trial was measured by the experimenter and

a trial was considered successful when it was accomplished within 60 sec. This

amount of time was long enough to allow for the correction of a small number

of misclassifications. As misclassification we consider a pregrasp which is not

the intended one that corresponds to the object the subject wants to grasp (the

pregrasps that correspond to the different objects are listed in Table 4.4).

The classifier yielded a grip prediction and a corresponding posterior prob-

ability every 56ms. A classification prediction led to a control action only when

the posterior probability of the most probable class exceeded a pre-defined

threshold. The threshold was set empirically to θ = 0.995, chosen after ex-

perimenting with some preliminary subjects. The threshold number is chosen

to be high corresponding to high confidence of the classification decision. Re-

ducing the threshold would result in sending commands to the prosthetic hand

even when the classification confidence was low, leading more frequently to the

execution of the wrong grasp. That behavior creates confusion and frustration

to the subject (Hargrove et al., 2010), which in turn could increase the risk of

prosthesis rejection.

The controller was implemented as a state machine, which means that a new

action was taken only when the execution of the previous action was over. When

the performed pregrasp was different to the intended one, participants were in-

structed to open the hand (class 5 of Table 4.4) and try performing the movement

again.

During the design of the experiment, care was taken into creating a process

that would not favor one configuration over another. To account for the effect

of the learning mechanisms that take place during real-time myoelectric control,

the decoding condition order was counter- balanced across participants. The

possible combinations of four conditions are 24, but we only had 8 subjects.
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Table 4.5: Configuration series in which the experiments were performed for
each subject.

subject configuration series

1 4-2-1-3
2 3-1-4-2
3 2-3-4-1
4 1-4-3-2
5 1-2-3-4
6 4-3-2-1
7 2-4-1-3
8 3-1-2-4

‘1’ stands for the case in which all the EMG and IMU features extracted from all the sensors are
used in the training of the classifier, case ‘2’ uses only the features extracted from the EMG
signals from all the sensors, case ‘3’ uses all features from EMG and IMU data for selected

sensors and case ‘4’ corresponds to features extracted only from the IMU data.

Thus, we randomized the sequence of the conditions in every experiment in

a controlled way, so as none of the previous sequence was repeated and every

condition appeared exactly twice in the same position across all the experiments.

The selected combinations are presented in Table 4.5.

4.4.2 Metrics

4.4.2.1 Offline Classification Performance

The classifier’s performance on the subject’s recorded data is evaluated in an

offline manner, using the data that were captured during the execution of the

data-recording trials. One of the recorded trials, which amounts to a total of

20% of the captured data, is randomly chosen to be the test set and the rest of

the data is used to train the classifier and calculate each subject’s offline accuracy.

4.4.2.2 Real-time Classification Performance

The evaluation of the classifier’s performance in the demonstration phase in-

cludes different parameters than the offline analysis. In our experiments we

used three real-time metrics; namely the offline classification accuracy, the com-

pletion rates and completion times. For further information on those metrics,

see Section D.
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4.5 Results

The performance of the four types of decoders examined in this study was eval-

uated in terms of offline classification accuracy on the collected training data, as

well as in terms of completion rates and times in the real-time control experi-

ment.

4.5.1 Offline evaluation

The mean classification accuracies of all four conditions averaged across partic-

ipants are presented in Table 4.6. The classification accuracy metric is defined

as the ratio of correct predictions over the total number of classified instances.

The decoder that incorporated both sEMG and IMU information from all 12

electrodes (condition 1 in Table 4.2) achieved the highest training accuracy, fol-

lowed by the decoder that only used IMU information (condition 3 in Table 4.2).

The decoder that combined sEMG and IMU information from a reduced num-

ber of sensors (condition 4 in Table 4.2) achieved slightly lower average classi-

fication accuracy outperforming the sEMG-only based classifier (condition 2 in

Table 4.2).

Table 4.6: Average Training Classification Accuracy.

Condition Sensory Input
Number

of
Sensors

Offline
classification

accuracy
(mean±std)

1 sEMG & IMU 12 94.5±2.7
2 sEMG 12 82.8±6.9
3 IMU 12 92.8±3.8
4 sEMG & IMU 4-6 91±3.2

Post-hoc pair-wise comparisons were performed using the Wilcoxon signed-

rank test (Wilcoxon, 1945) with Bonferroni correction for multiple comparisons

(Dunnett, 1955). The results show that condition 1 has a statistically highly

significant difference from condition 2 (p < 0.01) and is significantly different

from condition 3 (p<0.05). Moreover a significant difference (p < 0.05) is reported

between condition 2 and 4.
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Average confusion matrices across all subjects and all four conditions, with

respect to the grasp classes, are shown in Figure 4.5. What we observe is that

the addition of IMU data over using solely EMG data, helps disambiguating the

’lateral’ from ’tripod’ classes. This is consistent even in the case of using the

subset of sensors for classification (condition 4).

Figure 4.5: Average confusion matrices across all subjects and all four conditions,
with respect to the grasp classes.

4.5.2 Real-time Control Evaluation

To assess online myoelectric performance we employed two task-related metrics

widely used in the literature (Jiang et al., 2014, Matrone et al., 2012), namely the

completion rate (CR) and completion time (CT). The completion rate is defined

as the percentage of successful trials, whereas completion time refers to the time
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required to accomplish a successful trial.

When we are recording the success rate there are only two possible out-

comes; success or failure. Therefore, for post-hoc pair-wise comparisons, the

Cochran’s Q test (Cochran, 1950) was used together with the Bonferroni correc-

tion to account for multiple comparisons (Dunnett, 1955). The non-parametric

Kruskal-Wallis test (Kruskal and Wallis, 1952) was used to compare CTs, as these

cannot follow normal distributions due to the upper-bound at 60 s.

Mean completion rates and times for all conditions are presented in Fig-

ure 4.6. In line with offline decoding results, the highest performance was

achieved by the decoder that incorporated sEMG and IMU information from

all available sensors (condition 1 in Table 4.2). Completion rate for the EMG-

IMU condition is found to be significantly higher than the EMG-only condition

(p<0.01). No significant differences were found between the rest of the condi-

tions. Contrary to the trend observed for offline classification accuracy, the next

best performance was achieved by the decoder that combined sEMG and IMU

information from a selected subset of sensors (condition 4 in Table 4.2). This was

achieved using on average 5.38±0.92 (mean±std) selected sensors across partic-

ipants, which corresponds to less than half of the initial number of sensors.

Figure 4.6: Figure shows the mean completion time and the completion rate
across different configurations

Regarding the CT metric, the performance of the four conditions was com-

parable (p>0.05). Nevertheless, the EMG-IMU condition achieved marginally

better results than all the rest conditions.
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4.6 Discussion

The current study sought to investigate whether myoelectric prosthetic control

could benefit from the inclusion of IMU information measured by accelerome-

ters, gyroscopes and magnetometers placed on the users’ forearm. Our work

was motivated by previous studies that reported increased offline classifica-

tion accuracy when accelerometry information was incorporated in the decod-

ing process (Fougner et al., 2011b, Gijsberts et al., 2014c). Nevertheless, these

studies did not validate such findings with online myoelectric control experi-

ments. Furthermore, information from gyroscopes and magnetometers has not

been previously employed in upper limb pattern recognition-based myoelectric

control.

We hypothesized that by including extra sensory information recorded with

IMUs the real-time performance of the prosthetic hand would improve. This

hypothesis was supported by the results of both offline analysis and the online

experiments. Interestingly, when sEMG information was completely discarded

and only IMU features were considered, the average completion rate was 79%,

which was higher than the case where solely EMG information was used (70%

completion rate). It is worth noting, however, that the completion times were

higher on average in the former case (Figure 4.6). The significance of including

additional sensory information might become more obvious when we consider

the results for condition 4, where sEMG and IMU information were combined

but a considerably smaller number of sensors was used. These decoders con-

sistently outperformed solely sEMG-based decoders, even though the number

of sensors in the former case was reduced to less than half. This finding is ex-

tremely important from a clinical perspective, since in real-life applications it is

essential to use a minimal number of sensors.

In accordance with previous studies (Jiang et al., 2014, Ortiz-Catalan et al.,

2015), we observed that the results obtained via purely offline analysis do not

necessarily correlate with the results extracted from online experiments. For

instance, by looking at offline classification accuracies (Table 4.2), it seems that

condition 2 (inclusion of IMU information only) achieves the second highest

performance only preceded by condition 1. Nevertheless, this pattern was not
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observed for the online experiment where condition 2 yielded the largest com-

pletion times. The main reason behind such discrepancies might lie in the differ-

ent evaluation metrics used in each case, that is classification accuracy for offline

analysis as opposed to task-specific metrics (e.g. completion rates and times)

for online experiments. Therefore the use of different metrics in the two cases

renders such direct comparisons invalid. Additionally it has been demonstrated

that differences between offline and online performance can be also due to the

presence of visual feedback in the latter paradigm (Pistohl et al., 2014).

4.7 Impact

In this study, we investigated the potential benefit of using novel sensory modal-

ities for real-time myoelectric control. We provide evidence that the inclusion of

acceleration, angular velocity and orientation information can improve the on-

line myoelectric performance, as quantified by task- related metrics such as mean

completion rates and times. We also demonstrated that the inclusion of addi-

tional sensory information might allow reducing the number of required sensors

without compromising the decoding performance of the classifiers. This fea-

ture is highly-valuable for clinical applications. In our study, we only included

able-bodied participants. Verification of our results with amputee subjects is

imperative and currently seen as a future research direction.

An important aspect in our investigation is the real-time performance when

different input modalities are utilised. Unsurprisingly the real-time performance

when an abundance of data (combined EMG and IMU) is used outperforms the

other conditions. One interesting observation is when we compare the perfor-

mance from the IMU-only and EMG-only conditions. Even though the IMU-only

condition outperforms the EMG-only condition by 10% offline classification, the

performance of the classifier in real-time didn’t follow the same trend. More

specifically, the IMU-only classifier has equally low success rate with EMG-only

and it takes more time to complete the task. This indicates that, even though the

classification accuracy when using solely IMU data for training is close to the

best case and outperforming the EMG-only condition, this doesn’t correspond
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to a direct benefit from completely replacing the electromyography sensors with

inertial measurement unit.

Specifically regarding the behavior of the IMU-only classifier during the real-

time experiments, the problem was not the increased overall missclassifications

rather the frequent alternation from one classification outcome to a different one.

When those classifications had high confidence, the behavior of the hand was to

alternate between different grasps while the subject was approaching the object,

leading to confusion of the subject. Adding the human in the loop introduces the

aspect of the subject adapting and trying to ’fix’ the faulty behavior by changing

the grasp they were performing, instead of focusing on holding the intended

grasp stable. This requirement to hold a stable grasp is adding extra effort to

the subject and should be taken into account in the designing of future real-time

experiments.

4.8 Limitations and Future work

The main problem we faced during this project was that by the time it takes for

the experiment to complete the subject gets tired and fatigue affects the EMG

signals. The next step is to perform the same experiment with more subjects,

in order to acquire more data that allow us a better understanding on the ef-

fect of each sensory modality to the classification performance. An interesting

extension would be to also scale the experiments in the amount of objects, thus

classes, the classifier recognises.

Last but not least, one step further would be to perform all these experiments

with amputee subjects and investigate the performance, but also the applicability

and the ease of use of this research in real life.

4.8.1 Balancing the Samples

An important aspect in this analysis is that the amount of classes during the

recording session are not balanced, meaning that the number of samples that

correspond to each class might differ even by an order of magnitude of 2. The

reason behind such imbalance is the ’rest position’ that repeats the most of all
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classes. This was rectified after this experiment was completed and for the rest

of the document a balancing step is added in the signal pre-processing phase.

The amount of ’rest position’ samples that is kept in each experiment, r, is

calculated from the average of the amount of samples from the rest of the classes.

Since the data is a time-series the relative position of the samples with respect

to their neighbor samples is important. Hence, we choose to keep the resting

samples that are closer to the onset of a grasp, both from the time right before

the grasp is executed and the time after the grasp execution is finished.

r =
ΣC

c=1sc

2 ∗ (C− 1) ∗ tn

Here sc is the amount of samples from class c, C is the total amount of classes,

and tn is the number of trials.

An illustration of the balanced data samples is shown in Figure 4.7. All the

samples from the blue line correspond to the samples from the corresponding

grasps in Table 4.4. The samples that are kept for the ’rest pose’ after balancing

are indicated with red color.

Figure 4.7: Balancing the data. The blue line indicated the samples correspond-
ing to the grasps in Table 4.4 and the red colored samples are the ones kept from
the ’rest pose’.
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5 | Investigating the effects of

whitening and domain adaptation on

concept drift cases

Whitening is the linear transformation that is used for decorrelating signals in

data analysis. Until this point in our investigation, the main transformation that

the classifier’s input data has undergone was translating the data and rescaling

it, so that they have zero mean and a unit variance.

Whitening takes the EMG signal time series (which tend to be highly cor-

related) and transforms them into uncorrelated signals with identical unit vari-

ances. The term whitening is derived from white noise, which consists of serially

uncorrelated samples. Whitening thus transforms a random vector into a white

noise vector with uncorrelated components. Mathematically this means that we

want to transform the data in a way that results in an identity covariance ma-

trix, that is, a matrix with 1 in the diagonal and 0 for all the other cells. In that

way each dimension has equal importance and all dimensions are statistically

independent.

Clancy and Parry (2000) used whitening as a step of preprocessing the EMG

signal to improve EMG amplitude estimation used in a muscle force estimation

application. Staudenmann et al. (2007) investigated the effects of whitening of

the raw EMG signals and high-pass filtering of the EMG signal in the muscle

force estimation, observing that whitening led to an increase in estimated joint

stability.

More recently Liu et al. (2012b) used whitening as a preprocessing step, in

order to improve the performance of a Linear Discriminant Analysis classifier in
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classifying between 11 different wrist motions and grasps. The whitened signals

were reported to add approximately five percentage points to the classification

accuracy of the non-whitened models.

In all the reported work using whitening as a preprocessing step in the EMG

pattern recognition applications, the emphasis has been on improving the clas-

sification of the original dataset. We are, on the other hand, interested in the

effect of whitening in domain shift issues, for example having recordings from

the same person, but in different sessions in the day, or in different days.

In this chapter we investigate whether adding the whitening transformation

step in the preprocessing of the EMG signal has an impact to a classifier that is

trained on data from one session and tested on data from a different session.

5.1 Whitening Background

Let’s start with a a multivariate Gaussian random vector, X, of size Dxn with

arbitrary covariance matrix Σ (size DxD) and mean vector µ (Dx1), defined as

follows:

µ =
1
n

n

∑
i=1

Xi (5.1)

Σ =
1

n− 1

n

∑
i=1

(Xi − µ)(Xi − µ)T (5.2)

The whitening process aims to transform X to another random vector whose

covariance is the identity matrix, I.

The whitening transformation is applied to the input data after mean nor-

malisation and standardisation is performed.

X ′ = X − µx (5.3)
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X̄ =
X − µx

σX
=

X ′

σX
(5.4)

Now the dataset X is ready to perform whitening on it.

5.1.1 Whitening/Sphering

The whitening transformation of the data is performed by applying the whiten-

ing matrix W to X̄, resulting in the whitened matrix Z:

Z = WX̄ (5.5)

The result of this transformation is that the original covariance matrix of X,

cov(X) = Σ, becomes the identity matrix (cov(Z) = I) after the transformation.

Here I is the D×D identity matrix, with ones along the diagonal and zeros

everywhere else. D is the feature size. This indicates that the whitening process

can be divided into two steps, the decorrelation of the components of the vector,

in order to create the diagonal covariance and the scaling of those components

so as they have unit variance.

The question is, How could we find the right rotation in order to get the un-

correlated data? For this the eigenvalue decomposition (EVD) of the estimated

covariance matrix of the data X is used to calculate the eigenvectors and eigen-

values of the covariance matrix Σ. The significance of the eigenvectors is that

they indicate the direction where the spread of the data is maximum. Hence we

can decorrelate the data by projecting it on the eigenvector basis. This will have

the effect of applying the rotation needed and remove correlations between the

dimensions.

The eigenvalue decomposition gives us the two matrices, Λ is a diagonal

matrix with the eigenvalues, λi, of Σ on the diagonal and Φ is the matrix of cor-

responding eigenvectors, ei. The covariance matrix of X can then be expressed

as follows:

Σ = ΦΛΦT = ΦΛ
1
2 Λ

1
2 ΦT (5.6)
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Those matrices can be used for the implementation of the whitening matrix.

The following section is analysing the different types of whitening transforma-

tions.

5.1.1.1 Whitening Transformations

As discussed in the previous section, the eigenvectors matrix ΦT represents the

rotation of X, which can be used to decorrelate the data and map the original

features to principal components. After applying this rotation, each component

will have variance given by a corresponding eigenvalue. The next step is to

rescale the data so that the variances are equal to 1. That can simply be done by

dividing each dimension by the square root of Λ.

There are various ways to implement a whitening transformation to data

and it works differently in different datasets (see Kessy et al. (2018)). Commonly

used choices are Principal Component Analysis (PCA) whitening, Mahalanobis

or Zero-phase component analysis (ZCA) whitening, and Cholesky whitening.

Principal Component Analysis (PCA) whitening transformation

PCA whitening is using a simple rotation and scaling defining the whitening

matrix WPCA as follows:

WPCA = Λ−
1
2 ΦT

This means that the data can be transformed by just applying this matrix to

the X random vector:

Z = WPCAX = Λ−
1
2 ΦT X (5.7)

Z is then a random vector with standard multivariate distribution.
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Zero-phase component analysis (ZCA) whitening transformation

The PCA whitening transformation problem is that it is not unique. Indeed,

whitened data will stay whitened after any rotation, which means that any W =

RWPCA with orthogonal matrix R will also be a whitening transformation. In

ZCA whitening, the eigenvector matrix Φ is used as this orthogonal matrix, and

the whitening transformation matrix is then expressed as follows:

WZCA = ΦΛ−
1
2 ΦT = Σ−

1
2 (5.8)

So, now the original data can be transformed to the whitened vector by the

same way as before:

Z = WZCAX = ΦΛ−
1
2 ΦT X = Σ−

1
2 X (5.9)

In contrast to PCA, ZCA has preserved the orientation of the original data

points. This property has given this whitening transformation its name "zero-

phase", because it minimally distorts the original phase (i.e. orientation) of the

data.

Cholesky Whitening

This is based on the Cholesky factorization of the inverse covariance matrix Σ−1

into an upper triangular matrix R with positive diagonal values that satisfies

Σ−1 = RT R.

The whitening matrix is then defined as:

WChol = RT , (5.10)

5.1.1.2 Color Transformation

The coloring transform is the inverse process of the whitening transform; it takes

a white matrix Z, whose components are uncorrelated with unit variance and
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transforms it to X, a random vector with a specified covariance matrix Σ and

mean µX .

In a similar way as with whitening, this analysis is using the eigendecompo-

sition of the desired covariance matrix Σ:

Σ = ΦΛΦT = ΦΛ
1
2 Λ

1
2 ΦT (5.11)

where Λ is a diagonal matrix with the eigenvalues, λi, of Σ on the diagonal

and Φ is the matrix of corresponding eigenvectors, ei. In addition, the columns

of Φ are orthonormal so that ΦT = Φ−1.

The whitening process first decorrelates the data and then scales them to

unit variance, so now, in the coloring process, we follow the inverse process,

first scaling the data along the principal axes of the desired covariance:

Y = Λ
1
2 Z (5.12)

and then rotating the data points so that they are now correlated:

X = ΦY = ΦΛ
1
2 Z (5.13)

Figure 5.1 presents the different steps of the whitening and coloring procedure

for a 2D example input distribution.

5.2 Adaptation Background

In this chapter we are not only interested in the effect of whitening on the clas-

sifier’s performance when the training and testing data originate from the same

dataset, but also when the training data come from a different dataset than the

testing data. For testing this we train the classifier using data from one case

(for example from the 1stday of recordings) and test it in a different case (for
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Figure 5.1: Whitening and coloring procedure from a 2D toy example input
distribution. The Λ and Φ indices correspond to the whitening and coloring
part of the process and the figure in the center is the whitened data.

example the 2ndday of recordings). We also want to see how the classifier per-

forms when it is provided with a small set of data from the new case. For this

purpose we implemented a very simplistic adaptation algorithm, based on the

work reported in Liu et al. (2014b), that is described by the equations 5.14.

µk
c
′
= rµ̂k

c + (1− r)µk
c

Σk
c
′
= rΣ̂k

c + (1− r)Σk
c

(5.14)

where r is the regulation term, c corresponds to the class and k is the training

day, {µ̂k
c , Σ̂k

c} describe the pre-trained model from the same subject utilising only

the 1st day set and {µk
c , Σk

c} are the parameters of an LDA algorithm that would

be trained only on the ’adaptation set’. The newly seen data are corresponding

to one trial of the test dataset and are used as a way to shift the pre-trained

model closer to the characteristics of the new dataset. The calculated parameters

{µk
c
′
, Σk

c
′} are now used to define the new classifier that is used to classify the

’test set’.

This approach of updating the mean and covariance parameters works, due
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to the fact that the LDA classifier is a Gaussian Maximum-likelihood classifi-

cation method based on the Bayes’ rule and has no manually specified hyper-

parameters that significantly affect the generalization performance. Thus, the

classifier is solely determined by the training set. The two parameters that char-

acterise an LDA algorithm are the estimated mean µ and covariance Σ of the

data. Hence, we can update the algorithm by just updating those parameters.

From now on, whenever we are training on one case and testing in a com-

pletely unseen case, we call this the ’non-adaptive’ classifier and when we in-

corporate some of the test data in the training of the classifier we call it the

’adaptive’ classifier.

5.3 Methods

For computational simplicity we have chosen to use the ZCA whitening method

to transform our original dataset. Note that we use the empirical covariance

matrix Σ derived from the data instead of the true covariance matrix, which

is generally unknown. Since the ZCA whitening is implemented by simply

applying the transformation matrix WZCA = Σ−
1
2 to the data, then the coloring

part can be implemented by using Wcolor = Σ
1
2 . This algorithm is used by Sun

et al. (2016) and can be seen in the pseudocode of Algorithm 1.

Input: Source data S, Target data T
Output: Whitened and colored source data S̄
Cs← covariance(S)
Ct← covariance(T)
Ww = Cs−

1
2 // whitening matrix

Wc = Ct
1
2 // coloring matrix

S′ = S ∗Ww
S̄ = S′ ∗Wc
return S̄

Algorithm 1: LDA parameters adaptation

For testing the whitening step we are using the 6th Ninapro database (Palermo

et al., 2017a) (see Section 2.3.2.1). This dataset consists of sEMG recordings from

ten able-bodied subjects, performing 8 different classes 12 times, twice a day

(morning and evening datasets) over a period of 5 days. The grasps of choice
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are presented in Figure 5.2. Fourteen Delsys Trigno double differential sEMG

Wireless electrodes equally spaced around the forearm in two rows of 8 and 6

electrodes respectively were used for the data acquisition.

Figure 5.2: The 7 grasps performed in Ninapro DB6. Image from Palermo et al.
(2017a).

We tested the effect of the whitening on the classification of those classes in

two cases; the first case is where the train and test data are coming from the

same recording, so there is no concept drift present in the data, and the second

case is when there is concept drift present in our data.

5.3.1 Day-to-day Results

Our first experiment was to train the classifier with the data from eleven trials

of one subject and test it on the one unseen trial of the same day recordings.

The classification accuracy data collected from those experiments are reported

as baseline data in Table 5.1.

The first column consists of using the same training and testing data, but

without whitening, the second column is after the ZCA whitening transfor-

mation matrix has been applied to the original data before the training of the

classifier and the last column is coloring the training data utilising the test set

covariance to color the data before they are passed as input to the classifier.

What we observe from the results is that the whitening process is lowering

the classification accuracy even when the coloring is applied. In this situation

there is no benefit for the whitening, but our initial interest behind whitening

was to investigate whether it could be beneficial in the case of classifying data
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Table 5.1: Baseline classification accuracy on training on the first eleven trials
and testing on one trial of the same day set.

subject no whitening ZCA whitening Coloring

1 0.709 0.564 0.599

2 0.688 0.656 0.659

3 0.553 0.588 0.536

4 0.638 0.637 0.562

5 0.691 0.792 0.738

6 0.710 0.595 0.621

7 0.457 0.497 0.408

8 0.640 0.594 0.574

9 0.540 0.511 0.510

10 0.617 0.600 0.607

average 0.624 0.603 0.581

Table 5.2: Non adaptive classification accuracy when training is happening with
the first day set and testing with the second day set.

subject no whitening ZCA whitening Coloring

1 0.556 0.524 0.542

2 0.214 0.335 0.423

3 0.271 0.310 0.371

4 0.185 0.223 0.324

5 0.185 0.405 0.286

6 0.314 0.329 0.311

7 0.300 0.375 0.340

8 0.156 0.317 0.262

9 0.364 0.455 0.395

10 0.201 0.303 0.337

average 0.274 0.358 0.359

with concept drift, that is, data from different recording conditions than the

original dataset X.

5.3.1.1 Concept Drift Case

For investigating the day-to-day concept drift case, we used the whole morning

set from each subject from the first day as the training set of our classifier and

the whole morning set of the second day as the testing set and we recorded the

classification accuracy of the classifier first without whitening, then with whiten-

ing and, finally, with coloring following the whitening process. The results from

this investigation are presented in Table 5.2

Although the performance of the classifier is not acceptable for using it in
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Table 5.3: Adaptation: classification accuracy, when we train in 1st day set, use
a trial from the 2nd day set to adapt the classifier and test on the rest of the 2nd

day set’s trials.

subject no whitening ZCA whitening Coloring

1 0.652 0.556 0.631

2 0.708 0.655 0.704

3 0.683 0.635 0.666

4 0.648 0.641 0.645

5 0.679 0.554 0.685

6 0.687 0.623 0.683

7 0.580 0.522 0.536

8 0.530 0.518 0.541

9 0.571 0.523 0.553

10 0.720 0.606 0.721

average 0.646 0.583 0.636

any application for any of the different situations that we are investigating, an

interesting point in this table is the significantly improved performance when the

data are preprocessed with the ZCA whitening matrix. Coloring of the training

data with the covariance matrix of the test data, before training the classifier,

doesn’t seem to provide some extra benefit. The overall bad performance of

this case was to be expected since the classifier was asked to classify completely

unseen data.

To get this one step further we wanted to test whether utilising a small

amount of information from the newly seen data can improve the performance

of the classifier on the novel data. For this purpose, we first split the second day

set into two sets, the ‘adaptation set’ that consists of just one trial and the ’test set’

that consists of the rest of the second day set’s eleven trials and applied the LDA

algorithm update that is described by the equations 5.14. Table 5.3 presents the

classification accuracies of the three cases; no whitening, ZCA whitening, and

whitening and coloring, of the adaptation classifier.

Those results show a very good performance of the simple adaptation classi-

fier that is not using any whitening preprocessing. In matter of fact the classifi-

cation accuracy that corresponds to the baselines for the 2nd day dataset (train in

eleven trials of the 2nd day dataset and testing on the 12th trial) is 65.3% which

is a similar performance with the adaptive classifier. But it is also interesting to

notice that even though the whitening preprocessing of the data is reducing the
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Table 5.4: Average baseline classification accuracy from all the subjects for the 5

days of the recordings.

day no whitening ZCA whitening Coloring

1 0.624 0.603 0.581

2 0.653 0.609 0.604

3 0.644 0.605 0.604

4 0.612 0.575 0.578

5 0.622 0.572 0.576

average 0.631 0.593 0.589

Table 5.5: Average classification accuracy from all the subjects for the 5 days of
the recordings, when training with data from the first day and testing on data
from the rest of the days.

no adaptation adaptation
day no whitening ZCA whitening Coloring no whitening ZCA whitening Coloring

1→ 2 0.274 0.358 0.359 0.646 0.583 0.636

1→ 3 0.304 0.400 0.381 0.666 0.589 0.658

1→ 4 0.257 0.337 0.362 0.645 0.585 0.637

1→ 5 0.148 0.279 0.327 0.632 0.562 0.632

means 0.246 0.343 0.357 0.647 0.580 0.641

accuracy by 9.3%, following this whitening with coloring of the data brings the

classification accuracy to similar level of the non-whitened data.

We ran the same experiment for all the five days and the results seem to

follow the same pattern. Table 5.4 presents the baselines and Table 5.5 the results

on training in one day and testing in the next day with and without adaptation.

Overall the whitening of the features seems to provide a significant improve-

ment to the performance of the classifier in the case when the testing dataset is

completely unrelated to the training dataset (’no adaptation’ case).

In all other cases though, the whitening is decreasing the performance of the

simple non-whitened classifier. Applying coloring on top of the whitening seems

to improve classification performance with respect to just whitening, but even

in this case the classifiers trained on non whitened data seem to be performing

better than the ones that apply whitening and coloring.

5.3.2 Intersession Results

The intersession concept drift refers to training the classifier with the ’morning’

recording of the dataset and testing on the ’evening’ dataset.
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Similar experiments as with the ’Day-to-day’ concept drift case were per-

formed and the classification accuracy results are presented in Table 5.6.

Table 5.6: Average classification accuracy from all the subjects for the 5 days of
the recordings, when training with data from the ’morning’ set of each day and
testing on data from the ’evening’ set of the same day.

no adaptation adaptation
day no whitening ZCA whitening Coloring no whitening ZCA whitening Coloring

1 0.235 0.291 0.581 0.618 0.578 0.615

2 0.262 0.329 0.352 0.647 0.580 0.628

3 0.284 0.372 0.406 0.665 0.587 0.652

4 0.282 0.347 0.380 0.668 0.592 0.650

5 0.296 0.377 0.383 0.650 0.590 0.641

means 0.272 0.343 0.421 0.650 0.586 0.637

From the table we observe the same exact trends as with the day-to-day con-

cept drift investigation; the whitening and coloring of the features are signif-

icantly improving the performance of the classifier in the ’non-adaptive’ case,

but in the ’adaptive’ case the classifier trained on the non-whitened features

performs slightly better than the one that is using whitening and coloring.

5.3.3 Adaptation Results

Until now the results are presented from the perspective of the whitening in-

vestigation. An interesting observation is that if we arrange those data from the

perspective of adaptation we can observe that the adaptation technique of using

one trial from the test data to update the mean and covariance matrix of our

original classifier’s model is improving the classifier’s performance in all of the

cases except when only using whitening. Tables 5.7 and 5.8 present those data

for the case of adapting to day-to-day concept drift and intersession concept drift

respectively.

The above observation can be seen in both cases of concept drift if we ob-

serve the ’baselines’ column versus the ’adaptive’ column in both tables. This

improvement in classification accuracy ranges from 1.6%− 5.2% increase.
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Table 5.7: Day-to-day adaptation classification accuracy

baselines non-adaptive adaptive

no whitening 0.631 0.246 0.647

ZCA whitening 0.593 0.343 0.580

Coloring 0.589 0.357 0.641

Table 5.8: Intersession adaptation classification accuracy

baselines non-adaptive adaptive

no whitening 0.631 0.272 0.650

ZCA whitening 0.593 0.343 0.586

Coloring 0.589 0.421 0.637

5.4 Discussion

In this chapter we investigated the effect of whitening and coloring transfor-

mations as signal pre-processing steps on the performance of an LDA classifier.

More specifically we are interested in the potential benefit when the train and

test samples are recorded under different conditions (inter-session concept drift

in the same day or between different days).

Even though our initial hypothesis, based on similar studies (Clancy and

Parry, 2000, Liu et al., 2012a, Staudenmann et al., 2007) was that such a step

would be beneficial to the classifier’s performance, our results do not show

similar improvements. Instead, the whitening and coloring transformations are

slightly reducing the classification accuracy of the baseline classifier.

In the case of training and test data originating from different sessions or

different days recordings, we observe an 8.4% improvement in the classification

accuracy when the data is whitened compared to the CA achieved by the clas-

sifier that is using the non-whitened signal. Even so, the classification accuracy

achieved by any of the classifier in this case is unacceptably low to justify the

addition of the whitening step in the signal pre-processing.

As it is clear from LDA derivation in Appendix C, steps of the LDA algorithm

are centering the data and dividing by the inverse covariance. It shows that LDA,

under the assumption that the classes are sharing the same covariance matrix,

is equivalent to whitening each class and then projecting the data along the

line joining the whitened class centroids (Martín-Clemente and Zarzoso, 2020).
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Since the whitening is already part of the LDA calculations, a whitening pre-

processing step doesn’t provide any benefit in the classifier’s performance.

In our investigation we incorporated a simple domain adaptation method,

like the one described by Liu et al. (2014b), in order to improve the performance

of the LDA classifier in the presence of training and test data originating from

different sessions or days. When one trial of the newly seen data is used to

update the classifier’s parameters, the performance of the classifier improves

drastically compared to the non-adaptive case and reaches the same range as

the performance of the classifier when it is trained and tested in the same ses-

sion without any presence of drift. The whitening and coloring transformations

when applied as a pre-processing step to the adaptation algorithm, they fol-

low the same trend as the non-adaptive investigation and provide no additional

improvement.

5.5 Limitations and future work

When I started the investigation for the work described in this chapter, the focus

was on the whitening/coloring transformations on the EMG signal and the effect

that those transformations would have on the performance of the LDA classifier.

Hence, the adaptation mechanism that was implemented in this chapter was

kept simple.

The results from this study, shifted the focus of the thesis investigation from

improving the classifier’s performance by altering the pre-processing steps of

the signal to the benefits of adaptation mechanisms.

More advanced methods for adapting to concept drift cases have been sug-

gested in myoelectric classification related research (Fukuda et al., 2003, Gijsberts

et al., 2014c, Jain et al., 2012, Matsubara and Morimoto, 2013, Orabona et al., 2009,

Vidovic et al., 2016) and are presented in Chapter 3. In the following chapters

we are revisiting the adaptation aspect in the context of transfer learning with

deep neural networks.
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Part III

Deep Learning in Upper-Limp

Prosthesis Myoelectric Control
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6 | Deep Learning Background

Deep learning techniques gained popularity with vast research and applications

in machine vision and speech classification (Deng et al., 2013), that expanded

rapidly in various other AI fields, like text prediction (Kowsari et al., 2019), au-

dio signal processing (Purwins et al., 2019) and computational biology (Baldi,

2018) with very promising results. Various biological data types have been used

as input for deep learning networks, including biomedical images, protein struc-

tures and gene sequences (Cao et al., 2018).

The increased interest in biomedical applications and the good performance

of deep learning techniques in temporal signal processing, has motivated the

investigation of the suitability of deep learning methods for pattern recognition

applications that are utilising electromyographic data (Atzori et al., 2016, Côté-

Allard et al., 2019, Du et al., 2017, Zhai et al., 2017).

One interesting characteristic of convolutional neural networks is that the net-

work can act like a feature extractor, if it is deep enough, thus removing the need

to hand-craft features for the application (LeCun et al., 2015). As mentioned in

Section 2.3.2, careful feature extraction is a very important preprocessing step for

ensuring good results in electromyography based pattern recognition. A signifi-

cant amount of research has focused on identifying the most suitable and robust

features set that improves the myoelectric classifier’s performance (Boostani and

Moradi, 2003, Phinyomark et al., 2012b, 2013a, 2018). Taking advantage of the

deep network as a feature extractor can reduce the need for specialised features

and improve the performance of grasp recognition classifiers.

Moreover, the characteristics of the neural network, make the process of

transfer learning very straightforward (LeCun et al., 2015, Yosinski et al., 2014);

it involves pre-training a model and then using the weights from one or more
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layers in training a new model (by keeping the weights fixed or using them as

initialization for a new model). So, naturally, the question whether deep learning

techniques for transfer learning would be suitable in electromyographic classi-

fication tasks, that present significant variability between training and testing

conditions, rises.

Part III of this thesis is investigating the suitability of different deep neural

networks in the grasp classification task, and suggests ways to utilise transfer

learning techniques and additional sensory modalities for improving the classi-

fiers’ performance. This chapter presents the general background information

about deep neural networks and adaptation, Chapter 7 discusses the application

of deep neural networks on the grasp classification task and Chapter 8 proposes

a multi-modal fusion model that incorporates other sensory modalities, besides

EMG, in the training of the network classifier.

6.1 Deep Neural Networks

This section describes two most commonly used types of deep neural networks

and form the basis for the analysis and experiments presented in the follow-

ing two chapters; namely, the Convolutional Neural Network (CNN) and the

Recurrent Neural Network (RNN).

6.1.1 Feed-forward Neural Networks

Convolutional Neural Networks (CNNs) are a type of feed-forward networks

meaning that the information flow takes place in one direction only, from input

to output. They were first introduced in 1988 by LeCun, and have been gaining

more interest since 2012 (Krizhevsky et al., 2012), when they outperformed the

state-of-the-art algorithms for the task of image classification.

Structure

CNNs have similar general structure as any other traditional classifiers; they take

as input an image/signal and output the corresponding class. As deep neural

networks they consist of multiple hidden layers that are analysing the input
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extracting important information that determines the assigned class. Several

variations of CNN architectures have been proposed over the last few years;

however, they share a general structure that consists of different layers each

with a specific functionality, which are grouped into modules.

The most important layers in a CNN are the following:

• Input layer: This contains the input image in the form of a matrix of pixel

values. In the setting of electromyography recordings, the input of the

network would be a matrix representation of the signal. The recorded

signal has size s × D, where s is the number of available samples and

D is the number of sensors used for the recording of the signals. More

information about the shape of the input in the EMG setting follows in the

next Section 7.2.

• Convolutional layer: The first and the most important layer for a CNN is

the convolution layer, that also gives the network its name. The convolu-

tion operation is a linear operation that calculates the dot-product between

different parts of the input image and a filter; that is, an array of weights.

After applying the filter to the whole range of the image, the result of this

operation is a new matrix that is called feature map. The important as-

pect of the learning process in a CNN is that the filter weights are learned

through the process of training the network, hence removing the need for

hand-engineered features. Moreover, the network is learning multiple fil-

ters in parallel, thus creating various feature maps that correspond to dif-

ferent features of the input image. This is why the CNNs are referred to as

feature extractors.

• Activation layer: The feature map generated from applying the convolu-

tion step is then run through an activation layer, which introduces non-

linearity to allow the network to train itself via backpropagation. The most

commonly used activation layer is the Rectified Linear Unit (ReLU), which

is an element-wise operation that sets all the negative pixels to zero, result-

ing in a rectified feature map.

• Pooling layer: The pooling layer is a down-sampling operator most com-

monly used between two convolutional layers, in order to reduce the di-
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mensionality of the feature maps. This allows the network to train faster,

focusing on the most important information in each feature of the image.

• Fully connected (FC) layer: The Fully connected layer is used to flatten the

2D feature map into a 1D linear vector.

• Softmax/logistic layer: The Softmax or Logistic layer is the last layer of

CNN after the FC layer and is responsible for the classification method of

the network. The logistic function is used for binary classification whereas

softmax is use for multi-classification.

• Finally, the output layer contains the label prediction.

The most common structure of a CNN starts with a Convolution layer fol-

lowed by a pooling layer and a dropout operation. Dropout is a regularization

method where units (hidden or visible) are probabilistically excluded from ac-

tivation and weight updates while training a network. This has the effect of

reducing overfitting and improving the model’s performance. This sequence of

layers can be combined into a module that repeats multiple times, forming a

deep model. An example of such architecture can be seen in Figure 6.1.

Figure 6.1: Illustration of a Convolutional Neural Network with many layers.

Generally speaking the result of this process in an image recognition example

is that the network is learning the basic shapes in the first layers and evolving to

learn features of the image in the deeper layers (Zeiler and Fergus, 2014). This

property gives the CNNs the functionality of feature extractors.
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6.1.2 Recurrent Neural Networks (RNNs)

Convolutional Neural Networks assume that all inputs and outputs are inde-

pendent. That is not necessarily the case with many types of data, including

time-series, like the electromyographic recordings from muscles. For this reason

Recurrent Neural Networks, might be more suitable for EMG-based classifica-

tion and regression tasks.

The main difference between Convolutional Neural Networks and Recurrent

Neural Networks (RNNs) is that the latter incorporates a ’memory’ function-

ality, where the output of a layer is dependent on current, but also previous

computations that are propagated through the network.

A general neural network architecture of a basic RNN is illustrated in Fig-

ure 6.2. The unfolded illustration shows that the cycle represents the information

that is propagated from one time step to the next; more specifically, the hidden

state ht. It is important to note here that the network (RNN) does not change

between the unfolded time steps: the same weights are used for each time step

and it is only the outputs and the hidden states that differ.

Figure 6.2: Illustration of a basic Recurrent Neural Network in a compact form
(left) and unfolded in time (right). The unfolded illustration shows that the cycle
represents the information from the hidden states that is propagated from one
time step to the next. The weights are the same throughout the whole network.

Since the computations of the RNN rely on gradient calculations that are

’remembered’ by the network, there is the danger of the gradient to become

too small, resulting in the Vanishing Gradient problem that effectively stops the

network from training, or the gradient becomes so big that it tends to infinity,

namely, the Exploding Gradient problem. The result of those gradient issues is

longer training time and poor performance (Bengio et al., 1994).
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As a solution to the Vanishing and Exploding gradient problems, specific

types of RNNs are suggested that incorporate techniques to mitigate such issues.

The most commonly used are Long Short-Term Memory Networks (LSTMs)

(Hochreiter and Schmidhuber, 1997) and Gated Recurrent Units (GRUs) (Cho

et al., 2014).

6.1.2.1 Long Short Term Memory (LSTM) networks

Long Short-Term Memory (LSTM) networks are a modified version of recurrent

neural networks, which is using a memory architecture to tackle the vanishing

gradient problem. Commonly an LSTM unit is composed of a cell, an input gate,

an output gate and a forget gate. The cell remembers values over arbitrary time

intervals and the three gates regulate the flow of information into and out of the

cell (see Figure 6.3).

Figure 6.3: Illustration of the LSTM cell architecture and the input, output and
forget gates. σ represents the sigmoid function.

More specifically,

• The Input gate is used to identify the input value that should be used to

modify the memory. Sigmoid function decides which values to let through

and the tanh function assigns a weight to the values which are passed

deciding their level of importance ranging from -1 to 1.

• The Forget gate is using the sigmoid function to decide the details to be dis-

carded from the block. It is using information from the previous state(ht−1)

and the content input(xt) and outputs a number between 0 and 1 for each
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number in the cell state ct−1.

• The Output gate is using the input and the memory of the block to decide

the output. A sigmoid function decides which values to let through and

the tanh function assigns a weight to the values which are passed deciding

their level of importance.

LSTM networks are most commonly used to classify, process and make

predictions from time series data. The gate manipulations make it well

suited to learn from important experiences that have very long time lags

in between without having to deal with the vanishing gradient problem.

However, they can still suffer from exploding gradient problem.

6.1.2.2 Attention Mechanism

More recently, attention mechanisms have been introduced and proved to out-

perform classic Recurrent Neural Networks, by providing a longer and more

focused memory on the important information for the classification (Vaswani

et al., 2017).

The idea behind attention is to calculate a context vector c and add it to

the encoder’s previous cell’s output and hidden state. The context vector ci is,

computed as a weighted sum of the hidden states hi

ci = ΣTx
j=1αijhj

Here αij is the amount of attention the ith output should pay to the jth input

and hj is the encoder state for the jth input. The weight αij of each annotation hj

is computed by taking the softmax over the attention scores eij:

αij = softmax(eij) =
exp(eij)

ΣTx
k=1exp(eik)

where

eij = f (si−1, hj)
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Here f is an alignment model which scores how well the inputs around

position j and the output at position i match. The score is based on the RNN

hidden state si−1, from the previous timestep and the jth hidden state hj.

The alignment model can be approximated by a small neural network, and

the whole model can then be optimised using any gradient optimisation method

such as gradient descent (Bahdanau et al., 2014, Luong et al., 2015).

6.2 Transfer Learning

A major assumption in many machine learning algorithms is that the training

and test data are drawn from the same feature space and distribution. How-

ever, this assumption does not always hold and in specific cases the discrepancy

between the characteristics of the training set vs test set, might be so big that

the classifier performance suffers greatly. In this case, the signal might change

so much over time, that the only way to have a classifier with acceptable per-

formance would be to recollect data and retrain the classifier with data that

correspond more to the current conditions.

As discussed in Chapter 3, the electromyography signal, being a non-stationary

signal changes over time, resulting in the deterioration of the classifier perfor-

mance. One solution that removes the need for recollecting data and retraining

the classifier, involves collecting training data under various conditions of signal

shifts, in an attempt to achieve enough variability in the training set, that the

classifier can generalise to newly seen test data that is potentially drawn from

the shifted signal. Such changes to the EMG signal can be gradual or abrupt

and different approaches have been suggested for each case (Kato et al., 2006a,

Tsymbal, 2004).

Collecting data and retraining can be computationally expensive and, in the

case of prosthesis control, an annoyance for the user. In order to avoid repeat-

ing the whole training process, knowledge transfer techniques are exploited, to

improve the classifier’s performance.
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Transfer learning Definition

Borrowing the notation from Pan and Yang (2009), a domain D = {X , P(X)}

consists of a feature space X and a marginal probability distribution P(X),

where X = {x1, ..., xn} ∈ X is the set of observations. Given a specific domain,

a task T = {Y , f (·)} consists of the label space Y and an objective predictive

function f (·), which can be learned from the training data. The training data is

described by pairs {x1, yi}, where xi ∈ X and yi ∈ Y . The function f (x) can be

used to predict the corresponding label of a new instance x. From a probabilistic

viewpoint, f (x) can be written as the conditional probability P(y|x).

The definition of transfer learning is then expressed in the following way:

Given a source domain DS and learning task TS, a target domain DT and learn-

ing task TT, transfer learning aims to help improve the learning of the tar-

get predictive function fT(·) in DT using the knowledge in DS and TS, where

DS 6= DT ,or TS 6= TT.

For the example task of grasp recognition based on EMG signals, X is the

space of all EMG-based feature vectors, xi is the ith term of the observation

feature vector, and X is a particular learning sample. The source domain data

can be denoted as DS = {(xS1 , yS1), ..., (xSn , ySn)}, where xSi ∈ XS is the data

instance with ySi ∈ YS being the corresponding class label.

Depending on whether the source and target tasks are similar or different,

Pan and Yang (2009) categorise the transfer learning approach as inductive or

transductive respectively. The source and target domains in our grasp classifi-

cation example changes over time (DS 6= DT), but the source and target task

stays the same (TS = TT). Thus, the transfer learning example we are dealing

with is Transductive Transfer Learning, which aims to improve the learning of

the target predictive function fT(·) in target domain DT utilising the knowledge

from source domain DS and source task TS. In addition, some unlabeled target-

domain data must be available at training time. Transfer learning is preferred

for cases where the dataset doesn’t have sufficient data to train a full-scale model

from scratch.
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Transfer Learning in Deep Neural Networks

One popular transfer learning technique applied on deep neural networks, ex-

ploits pre-trained models that were previously trained on a large dataset, in

order to utilise more information than the available from the current dataset.

The pre-trained models can be used as is, or transfer learning can be utilised to

customise this model to the given task or distribution.

The general steps of applying transfer learning in the context of deep learning

are the following:

• First train a model with a significant amount of data and save the trained

model and model weights

• Select some layers from the pre-trained model and initialise them with the

pre-trained weights

• ’Freeze’ them, so as to avoid destroying any of the information they contain

during future training rounds.

• Add some new, trainable layers on top of the frozen layers. They will learn

to turn the old features into predictions on a new dataset.

• Train the new layers on your dataset.

• A last, optional step, is fine-tuning, which consists of unfreezing the entire

model you obtained above (or part of it), and re-training it on the new data

with a very low learning rate. This can potentially achieve meaningful

improvements, by incrementally adapting the pre-trained features to the

new data.

6.3 Current Deep Learning Approaches in EMG pat-

tern recognition

Neural network variations are not new in the EMG-based grasp classification

literature. The aforementioned benefits of deeper neural networks inspired a

new interest in the application of CNNs and RNNs in the field of EMG pattern

recognition.

One of the first papers to implement a simple CNN applied on the task of
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hand grasp classification was by Atzori et al. (2016). Their proposed network’s

performance was tested against classical classification methods, like LDA, SVMs,

Random Forests and k-NN using the Ninapro dataset for intact and amputee

subjects. Their results showed promising performance of the network in com-

parison to the average results obtained with the classical classification methods,

but lower than the results obtained with the best performing methods in their

investigation. Since then, a multitude of papers trying different flavors of CNNs,

RNNs or combination of those have been suggested (Buongiorno et al., 2021,

Phinyomark and Scheme, 2018b).

The suggested networks start by feeding the input to a convolution layer

followed by a pooling layer (most frequently max pooling is preferred). This

convolution-pooling module repeats a small amount of times, in order to deepen

the network and extract meaningful features and then it is followed by some

Locally or Fully connected layers, before reaching the final layer that performs

the classification. For the classification between multiple grasps, a ’softmax’

function is used, that outputs a probability distribution consisting of C class

probabilities, each corresponding to the probability of the input belonging to this

specific class. The class with the higher probability is chosen as the predicted

grasp of the classifier for the current input (Atzori et al., 2016, Côté-Allard et al.,

2016, Du et al., 2017, Geng et al., 2016, Hartwell et al., 2018, Zhai et al., 2017).

Recent work focuses on the use of Recurrent Neural Networks for classifying

EMG grasps. Samadani (2018) did an analysis on different RNN models and ob-

served instability in GRU layers in the absence of attention mechanisms. Simao

et al. (2019) concluded that GRUs and LSTMs are faster to train and generate a

better prediction in comparison to classic RNN and Feedforward neural network

(FFNN) models.

Xia et al. (2018) created a Recurrent CNN (RCNN) model that starts with

a sequence of convolutional and pooling layers, as described in the previous

paragraph, followed by RNN layers (more specifically an LSTM architecture) for

simultaneous and proportional estimation of upper limb motion.

Other hybrid CNN-RNN architectures where suggested by Chen et al. (2020),

who compared them with a classic CNN, and by Hu et al. (2018), who imple-
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Table 6.1: Summary of upper-limb EMG research approaches using deep learn-
ing techniques.

paper network type classes sensors � input type augmentation � accuracies

Atzori et al. (2016) CNN 50 10 | 12 X signal white gaussian
noise 60.27%

Côté-Allard et al. (2016) CNN 7 8 spectrogram - 97.9%

Geng et al. (2016) CNN 8 | 27 128 | 192
‡

2D image ±1 pixel
in row direction 89%

Zhai et al. (2017) CNN 49 12 X spectrogram - X 78.7%

Du et al. (2017) CNN 27 | 49 192
‡ image ±1 pixel

in 4 directions X 90-95%

Hartwell et al. (2018) CNN 15 13 signal - 84%

Xia et al. (2018) RCNN 8 5 × 2 spectrogram white gaussian
noise 90%

Samadani (2018) RNN 18 12 signal - 86.7%

Hu et al. (2018) CNN-RNN [5-40] [8-52] signal
image - 87-94.5%

Côté-Allard et al. (2019) CNN 7 8

spectrogram
WPT§ sliding window X 98%

Simao et al. (2019) RNN 8 16 signal - 91%

Chen et al. (2020) CNN &
CNN-LSTM 30 128

‡ image sliding window X 90%

Wang and Chen (2020) 2D-CNN [9-23] 12 spectrogram sliding window 86.4%

‡ HD-EMG, §Wavelet Packet Transform, � test with amputees, � adaptation performed

mented various networks from the existing literature and applied them on avail-

able online datasets and concluded that the hybrid architecture with attention

mechanism in the RNN yields the best performance.

The different deep learning models that have been suggested on the field

of grasp classification utilising EMG information in the last five years are sum-

marised in Table 6.1, along with dataset information, whether the dataset in-

cludes information from amputee subjects, the type of information that the clas-

sifier takes as input and what type of augmentation techniques are performed

before the training of each model.

Input Data Type

Regarding the input of the classifier, some papers are using the signal as is

after some simple pre-processing step, like filtering and window segmentation

(Atzori et al., 2016, Hartwell et al., 2018, Samadani, 2018, Simao et al., 2019),

whereas others are extracting the spectrogram of the signal and are using this as

input (Côté-Allard et al., 2016, 2019, Wang and Chen, 2020, Xia et al., 2018, Zhai

et al., 2017). The idea behind the spectrogram is that it is utilising the frequency
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information for training. Finally, labs that have used HD-EMG are transforming

the signal array into 2D images and are treating the training task as an image

classification task (Chen et al., 2020, Du et al., 2017, Geng et al., 2016).

Augmentation Techniques

One big problem with deep networks is that, if the available training samples

size is not big enough, the network easily overfits. In order to mitigate this

issue, image recognition research has applied different augmentation techniques

that increase the amount of input samples, resulting in higher variability to the

set (Shorten and Khoshgoftaar, 2019).

The augmentation process takes the original samples, applies one or more

transformations and passes the newly generated samples as extra input to the

classifier. Three different augmentation techniques are identified in the EMG

signal classification task:

1. Adding White Gaussian Noise to the original signal (Atzori et al., 2016,

Xia et al., 2018),

2. In two of the papers that are transforming the signal in 2D images, they are

shifting the image by 1 pixel in different directions to simulate electrode

shifts (Du et al., 2017, Geng et al., 2016), and

3. Creating more input samples, by increasing the overlap of the windows

that are used to segment the signal into the training samples, while keeping

the overlap of the test samples segmentation stable (Chen et al., 2020, Wang

and Chen, 2020).

Adaptation Approaches

Zhai et al. (2017) and Du et al. (2017) are proposing a domain adaptation approach

where their classifier is utilising information from a different session from the

same subject to perform unsupervised domain adaptation. Their approach fo-

cuses on updating the data distribution statistics based on the newly seen data.

Transfer learning is performed by pre-training a neural network with com-

bined data from different sources and using it to improve the performance of

the network classifier. Côté-Allard et al. (2019) use a pre-trained model on
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data from different subjects and connect the new model with the pre-trained

one utilising progressive neural networks (Rusu et al., 2016). Chen et al. (2020)

are pre-training a model with a large collection of 30 hand gestures involving

various states of finger joints, elbow joint and wrist joint and are utilising trans-

fer learning with fine-tuning in order to generalise in data from different users,

gestures or collection schemes.
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7 | Deep Learning Networks and

Adaptation for Myoelectric Control

In this chapter we are investigating the suitability and utility of deep learn-

ing techniques in upper-limb prosthesis applications, and how we can leverage

the feature extraction and transfer learning benefits they provide for myoelec-

tric control. More specifically, the basic Deep Neural Networks used in our

analysis are described in Section 7.2 and the proposed adaptation technique in

Section 7.4.

For our experiments from now on we used the ’Robolimb 2016’ database,

that was recorded in our lab, and utilises 12 electrodes to record 6 different

classes from 8 able-bodied subjects. This dataset is a subset of the 7th Ninapro

dataset (Krasoulis et al., 2017) (for more information regarding the Ninapro

project, see Section 2.3.2.1).

We start the analysis by exploring the suitability of the deep neural networks

in our dataset, and compare it with the Linear Discriminant Analysis (LDA)

algorithm that we previously used in on the same dataset with very good results

(see Chapter 4).

7.1 EMG Signal pre-processing and feature extrac-

tion

In order to have a meaningful comparison between the deep learning and LDA

methods we are keeping the general pre-processing steps similar. Therefore, the

EMG signal is first filtered by a 4th order digital band-pass Butterworth filter, in

order to reduce noise artefacts. The next steps are balancing the samples (see
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Discussion in Chapter 4) and normalisation to unit standard deviation, and then

it is segmented in samples of window size 128ms and 100ms overlap, yielding a

feature sample every 28ms. This results in a 3D matrix, with dimensions W ×

256× D, where W is the number of segmented windows that were generated

during the sliding window pre-processing and D is the amount of sensors used

for the recording. Those 3D segments are then split into train and test set, by

allocating the 4 first trials as the train set and the last trial as the test set.

The next step for a classic classifier, like LDA, is to extract features from the

segments that were created in the previous steps. However, as mentioned in

Chapter 6 the network learns the features as part of the training process, hence

we skip the feature extraction step and directly pass the segmented data matrix

as input for training the neural network. The full pre-processing pipeline for the

Deep Neural Network approach can be seen in Figure 7.1.

Figure 7.1: Pipeline for Deep Neural Network training and testing phases. During the training
phase the signal is first balanced and normalised. Following, an optional step is the augmenta-
tion with extra data and finally the signal is segmented in windows before it is passed through
the classifier to train it. The test data get standardised and then segmented in the same window
size with training data, before the classifier infers the corresponding class to the input.

7.2 Models Implementation

The following paragraphs are introducing the details of the CNN and RNN

Networks that are used in our experiments and their hyperparameters.

Convolutional Neural Network Model

The Convolutional Neural Network consists of a 2D Convolutional layer of 32

units, followed by batch normalisation (BN) operation, a max pooling layer and a
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dropout with a probability of 0.5. This sequence of layers repeats twice, followed

by an extra Convolution layer with batch normalisation and dropout operations.

Subsequently the units are flattened and passed through two fully connected

layers, the first consisting of 128 units and the second of C units, where C is the

amount of classes, before the ’softmax’ function calculates the class probabilities.

The proposed neural network can be seen in Figure 7.2.

Figure 7.2: The proposed Convolutional Neural Network.

Recurrent Neural Network Model

For the Recurrent Neural Network we implemented a simple LSTM architecture.

The basic module consists of an LSTM layer with 64 hidden units and recurrent

dropout of 0.1, followed by a ReLU activation layer. A similar model (LSTM-

ReLu) follows with 32 hidden layers. Following the results from Samadani

(2018), an attention layer is added to provide more stable performance of the

network followed by a Dense layer with 0.5 dropout probability and the final

dense layer that applies the ’softmax’ function to get the probability distribution

of the output. The general architecture of this network can be seen in Figure 7.3.

Figure 7.3: The proposed Recurrent Neural Network.

The training of a neural network depends on minimising a loss function.

Throughout our experiments, we utilise the categorical cross-entropy loss func-
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tion. This calculates the loss as the summary of the average difference between

the actual and predicted probability distributions for all classes in the problem.

The categorical cross-entropy loss function is described by the following for-

mula:

L = −
C

∑
i=1

yilogpi (7.1)

where pi is the softmax probability for the i-th class, yi is the probability that

event i occurs, and C is the total number of classes. Training a neural network is

minimising this score, with better performance achieved when the loss tends to

zero. The optimiser we chose is the Adam optimiser (Kingma and Ba, 2014).

All models are implemented using the Keras API (Chollet et al., 2015) in

Python. For the selection of the hyper-parameters we used the data from two

subjects that were not included in this investigation and did a random search

to identify the best combination of parameters for our task. The hyperparam-

eters’ search space dimensionality was reduced by constraining it by the most

commonly used parameters in literature. The proposed models utilised step-

wise learning rate, starting with a learning rate of 0.01 for the first 50 epochs

and 0.005 for the remaining 50 ones. Batch size was chosen to be 50. Table 7.1

summarises the hyperparameters used by the different models.

Table 7.1: Hyperparameters used in the training of the networks presented in this
chapter

General Hyperparameters

optimiser Adam
loss categorical cross-entropy
initial learning rate 0.01

epochs 100

batch size 50

activation ReLU

CNN Hyperparameters

filters 32

kernel size (1,50)
pool size (1,2)
dropout rate 0.5

RNN Hyperparameters

units 64

dropout 0.1
recurrent dropout 0.1
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The selected networks are kept simple and similar to related architectures

from literature, since our interest was in investigating their performance in mul-

timodal classification and not creating a complex model.

The models’ summaries along with the amount of the trainable parameters

for each of the presented models can be found in Appendix E

7.3 Experimental Process

LDA vs CNN vs RNN

We first train the three algorithms, namely LDA, CNN and RNN with the EMG

recordings. The first four trials of the recorded dataset are selected as the train-

ing set, and the final trial is used as the test set, in order to calculate the perfor-

mance of the classifiers on novel data.

The results from those experiments are shown in Figure 7.4. More specifi-

cally on the left the accuracy per subject is presented. The average classification

accuracy that each subject is achieving is reported in Table 7.2. On the right,

Figure 7.4 shows the accuracy distributions for the three models, in the form of

boxplots.

Post-hoc pair-wise comparisons were performed using the Wilcoxon signed-

rank test (Wilcoxon, 1945) with Bonferroni correction for multiple comparisons

(Dunnett, 1955). No significant difference was found from this test (p>0.05).

Nevertheless, both the Convolutional Network and Recurrent Neural Network

outperform outperform the LDA algorithm with the CNN achieving a 9,1% and

the RNN by 9,2% of increase of the classification accuracy when tested in unseen

data.

Table 7.2: Comparison between the LDA algorithm and the CNN and RNN perfor-
mance on the Robolimb2016 dataset using EMG data for able-bodied subjects.

S1 S2 S3 S4 S5 S6 S7 S8 average

LDA 0.665 0.793 0.871 0.664 0.792 0.722 0.677 0.863 0.756
CNN 0.966 0.855 0.796 0.670 0.885 0.946 0.696 0.962 0.847
RNN 0.958 0.822 0.761 0.692 0.921 0.956 0.710 0.959 0.848

The same experiment was repeated, this time utilising the data recorded from
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Figure 7.4: Classification accuracy for the three EMG-only classifiers, LDA, CNN
and RNN

two transradial amputee subjects. The resulting accuracy is presented at Ta-

ble 7.3.

Table 7.3: Comparison between the LDA algorithm and the CNN and RNN perfor-
mance on the Robolimb2016 dataset using EMG data for amputee subjects.

A1 A2

LDA 0.707 0.525

CNN 0.810 0.563

RNN 0.812 0.470

We observe that the classification accuracy of the networks is improving by

10, 3% for the CNN and by 10, 5% for the CNN for amputee subject A1 com-

pared to the LDA results, whereas for subject A2 the CNN performs slightly

better, by 3, 8% and the RNN has a decrease of 5, 5% in the classification accu-

racy compared to the LDA. This motivated further investigation of the signal’s

characteristics. From the amplitude plot of the EMG recordings from this subject

we observe that the signal has a constant noise that is not present in the signal of

the other amputee subject (see Figure 7.5). This noise explains the overall lower

performance and it could be the result of wrongly fitted electrodes or some sig-

nal interference that is unique to this specific subject. In a normal setting we

would need to record the training data from this subject again. We decided to

keep this recording even though it is very noisy, especially since the investiga-

tion that follows focuses on improving the classifiers’ performance by utilising

information from other subjects and adding extra sensory information.
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Figure 7.5: Comparison of the normalised signal for the two amputee subjects, A1

and A2, with the signal of A! shifted so its mean is around -10. The baseline noise is
present throughout the amputee A2 signal, explaining the generally lower performance
in comparison with the rest of the subjects.

7.4 Applying Transfer Learning

As discussed in Section 6.2, deep neural networks are providing an easy frame-

work for transfer learning via the process of fine-tuning. Big networks can be

pre-trained and stored and, whenever there is a new subject, the pre-trained

network can be loaded and fine-tuned using a small subset of the new subject’s

data. This can potentially achieve meaningful improvements, by incrementally

adapting the pre-trained features to the new data.

In order to test how transfer learning can improve the performance of the

classifier when unseen data from new subjects are observed, we train the model

with the concatenated input samples from all subjects, except the data that cor-

responds to the subject we are testing on. After the training is complete, the

model and its weights are stored. In order to be able to utilise the pre-trained

model on the newly seen subject we create a new model, identical to the one

used for training, and initialised it with the weights of the pre-trained network.

This new model is then used to classify the newly seen data into the same class

types as the pre-trained model.

Three different cases of transfer learning are investigated. First the pre-

trained model is directly used as is, and tested on the newly seen subject data,

without any adaptation method. The results for all subjects can be seen in the
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first rows of Tables 7.4 and 7.5.

Table 7.4: No adaptation, fine-tuning using data from 1 trial and fine-tuning
with 4 trials for able-bodied subjects with a CNN model

S1 S2 S3 S4 S5 S6 S7 S8 average

No adaptation 0.630 0.520 0.583 0.601 0.468 0.665 0.515 0.597 0.572
Adaptation with 1 trial 0.850 0.694 0.732 0.504 0.892 0.816 0.559 0.954 0.750
Adaptation with 4 trials 0.964 0.784 0.790 0.695 0.910 0.945 0.699 0.998 0.851

Table 7.5: No adaptation, fine-tuning using data from 1 trial and fine-tuning
with 4 trials for able-bodied subjects with a RNN model

S1 S2 S3 S4 S5 S6 S7 S8 average

No adaptation 0.578 0.422 0.545 0.394 0.508 0.543 0.486 0.746 0.528
Adaptation with 1 trial 0.871 0.672 0.734 0.512 0.902 0.861 0.560 0.924 0.755
Adaptation with 4 trials 0.962 0.788 0.752 0.693 0.919 0.947 0.693 0.962 0.839

The classification performance of simply testing on a different subject is sig-

nificantly lower in comparison to any of the algorithms that we tested until now.

This indicates, as expected, that such network cannot perform out of the box for

a new subject.

The adaptation is achieved by performing supervised fine-tuning on the

CNN network. A subset of the trials is used for adapting the pre-trained net-

work to the specific characteristics of the new subjects’ data distribution and the

remaining trial(s) are used as testing data. The second row in Tables 7.4 and 7.5

shows the results when 1 trial is used to fine-tune the pre-trained model and

tested on the 4 remaining trials. The third row shows the results of training on

4 trials and testing on one.

On average, fine-tuning with 1 trials achieves an average classification accu-

racy improvement of 18.2% over all subjects. This brings the performance of the

network classifier in the same level as the performance of the LDA classifier, but

with one fourth of the training data used. When training with 4 trials and test-

ing with the remaining one, the classifier improves by a further 10.1%, bringing

the accuracy to the level that the neural networks achieve in Section 7.3.

The difference between the CNN and RNN models is minimal and they both

show a similar trend in the effect of adaptation using different number of trials.
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Adaptation in the case of Amputee Subjects

The same experiment was performed using the same pre-trained networks, but

testing on the amputee subjects. The results are reported in Tables 7.6 and 7.7

and show the same trend as with able-bodied subjects. The classifier that is di-

rectly using the pre-trained model on newly-seen data is performing very poorly.

Fine-tuning with 1 trial improves the performance of the classifier for both am-

putees, and using 4 trials for training achieves slightly better performance for

both amputee subjects, in comparison to the LDA algorithm and the deep net-

works. The two different networks used in those experiments are showing a

similar trend in performance improvement and the classification accuracy they

achieve is similar.

Table 7.6: No adaptation, fine-tuning using data from 1 trial and fine-tuning with 4

trials for amputee subjects with a CNN model

A1 A2

No adaptation 0.382 0.186

Adaptation with 1 trial 0.729 0.523

Adaptation with 4 trials 0.815 0.584

Table 7.7: No adaptation, fine-tuning using data from 1 trial and fine-tuning with 4

trials for amputee subjects with a RNN model

A1 A2

No adaptation 0.417 0.203

Adaptation with 1 trial 0.751 0.515

Adaptation with 4 trials 0.79 0.554

7.5 Discussion

This chapter focused on the feasibility of applying deep neural networks for the

EMG-based classification of 6 different grasps for able-bodied and amputee sub-

jects. In agreement with previous work (e.g. Atzori et al. (2016), Côté-Allard

et al. (2017), Du et al. (2017), Geng et al. (2016) ), it is shown that a Convolu-

tion Neural Network and a Recurrent Neural Network outperform the baseline

Linear Discriminant Analysis algorithm in the task of grasp classification for
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the able-bodied subjects. The deep neural networks presented in this chapter

achieve a 9.1% increase of accuracy averaged over all able-bodied subjects, with

individual cases achieving an increase of up to 30.1%, compared to the LDA

algorithm.

When it comes to the amputee subjects, the results for subject A1, show a

better, but not significantly so, performance of the neural networks versus the

LDA algorithm. On the other hand, the results for subject A2 show a substantial

decrease of the classification accuracy when the neural networks are applied.

This could be explained by a constant baseline noise present on the recordings of

subject A2 (as shown in Figure 7.5) and next chapter discusses ways to mitigate

such an issue by adding extra sensory modalities.

It is important to note here that the networks chosen in this investigation

were kept simple on purpose. Deep learning requires a large amount of samples

in order to achieve high performance and avoid overfitting. The dataset used

in this investigation has a relatively small amount of samples (on average 9225

samples) in comparison to other available datasets (see Table 8.16). Even though

the networks were kept simple, the performance of the classifiers for the able-

bodied subjects significantly outperforms the performance of the baseline LDA

algorithm. The purpose of this study was to identify suitable networks that can

be used as a basis for the multi-modal classification approach, that incorporates

extra sensory data besides electromyography, and is described in the following

chapter.

It is worth noting here that, even though the performance in terms of classi-

fication accuracy is improving, the computational cost of training the classifier

is increasing significantly, as can be seen in table 7.8.

Table 7.8: Average LDA and DNN models training and decision time over all subjects.

LDA DNN RNN
average training time 6sec 11min 25min
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7.5.1 On the Benefits of Transfer Learning

Deep learning requires a large amount of samples in order to achieve high per-

formance and avoid overfitting. In the context of grasp classification, acquiring

such a large dataset requires long recording time from each subject. The benefit

of transfer learning is that data recorded from other subjects can lead to faster

training and better performance without the need for extra data recordings.

The results from the adaptation experiments that are presented in Tables 7.4

and 7.6 for the able-bodied and amputee subjects respectively, show that starting

the training from a pre-trained model seems to reach the best training accuracy

and loss faster than training without any adaptation.
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Figure 7.6: Classification accuracy and loss plots with and without applied adap-
tation

An important observation from our experiments is the feasibility of knowl-

edge transfer from able-bodied subjects to amputee subjects. The results re-

ported in Table 7.6 show an improved performance when the network is ini-

tialised utilising the weights from a pre-trained with able-bodied subjects net-

work. This could be beneficial in the cases that recordings from amputee sub-

jects are not so easily obtainable. The importance for the use of amputee sub-

jects when myoelectric control experiments are performed has been repeatedly

emphasised by researchers who have identified that the recordings from able-

bodied and amputee subjects come from very distinct distributions (Campbell

et al., 2019, 2020, Waris et al., 2018). Providing a way to adapt the recordings

from able-bodied subjects in order to improve the performance of the myoelec-
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tric control with the amputee subjects is an important development in prosthesis

control research and further investigation on transfer learning methods is re-

quired.
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8 | Sensory augmentation and

Multi-Modal control

Utilising deep learning techniques in the EMG pattern recognition task is fairly

new, hence the main goal in literature until recently has been to identify the

models that work well on classifying the EMG data into grasps compared to the

baseline algorithms, like SVMs and LDA, or compare different networks with

each other in terms of offline and real-time performance.

Ensemble learning is the process of constructing a set of base classifiers which

are combined to a new model that classifies newly seen data via a voting mech-

anism of the predictions of the base classifiers (see Figure 8.1). Those base clas-

sifiers can vary in the initialisation of the weights, the hyperparameters, the

algorithm or the loss function they are using. Ensemble methods are preferred

because they can provide higher generalisation, but if any of the base classifiers

is prone to overfitting this will propagate to the ensemble model as well (Pour-

taheri and Zahiri, 2016).

Figure 8.1: General ensemble classifier

A mixture of Experts (MoE) is a classical architecture for ensembles where

using a divide-and-conquer principle the problem space is divided between a
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few machine learning experts. Those are supervised by a gating network that

encourages specialization (local experts) instead of cooperation. It was a mat-

ter of time for such ensemble mechanisms to be applied in the setting of deep

learning, and be incorporated in the process of different input sources, including

images, audio signals and language databases.

In the field of EMG hand motion classification, Côté-Allard et al. (2019) sug-

gested a slow fusion approach in which they split the input into separate parallel

layers, each one going through a separate convolutional network. Deeper in the

network the parallel convolutional layers are slowly merged together into one

network.

Apart from using the same training input (with small perturbations) to the

different algorithms, another approach is to utilise the ensemble architecture to

train two different classifiers with two different sensory modality inputs. This

could be useful for utilising more available information than just EMG. For ex-

ample, in the case of datasets like Ninapro or ’Robolimb 2016’, that utilise the

Delsys sensors (see Chapter 4), the recordings include accelerometer or IMU in-

formation along the EMG signal as input for the classifier. Previous work with

classical classifiers, like LDA and SVMs, has shown that incorporating IMU data

along with EMG can improve the classifier’s performance in the grasp applica-

tion task in comparison to using the EMG data alone (see Chapter 4).

Such investigation that combines sensory modalities, other than EMG, in the

training of the classifier is missing from the literature that applies deep learning

methods for grasp classification. Wang et al. (2018) have proposed a model

that utilises accelerometer information along with EMG in the task of improving

the grasp classification by recognising different arm postures. It is not clear

from their work whether they applied it to a grasp recognition application as

well. Zhengyi et al. (2017) combined sEMG with kinematic data corresponding

to joint angles in the training of a CNN in order to classify between different

hand grasps. Wei et al. (2019) showed that utilising accelerometer and IMU

data along the EMG consistently improved the performance of their deep neural

network versus using only EMG data.

This Chapter focuses on the effect of adding extra sensory modalities, in this
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case Inertial Measurement Unit information, in the training of deep neural net-

works. First the performance of the networks that are presented in the previous

Chapter 7 is evaluated when they are trained only on the IMU data confirm-

ing the suitability of those networks in classifying the IMU time-series. For the

concurrent use of the different sensory modalities a model similar to the one

presented by Wang et al. (2018) is implemented. Our model takes two or more

inputs and, for each one of those a separate deep neural network is trained until

the point where the networks fuse together and output the recognised grasp.

There is no constraint on the type of input, as long as the different input sources

share the same labels, meaning that the samples are synchronised. For the rest of

the document this network is going to be referred to as the Multi-Modal Fusion

Neural Network (MMFNN)

8.1 Training an IMU-only classifier

We first investigate the suitability of CNN and RNN networks described in

Chapter 7 for classifying grasps using only the IMU information from the sen-

sors. The IMU data input has a size of [n × m], where n is the samples number

and m the amount of recordings per electrode. In the case of the ’Robolimb 2016’

dataset, there are three IMU recordings per electrode, namely, a 3D accelerome-

ter, a 3D gyroscope and a 3D magnetometer, yielding a total of 9 recordings (see

Chapter 4). So, for our experiments, m = 9. The only pre-processing step that is

applied to the IMU data is to balance the data (see Section 4.8.1) and to segment

them using the sliding windows approach, with a window of size 256ms and

overlap of 200ms (same as the one used for segmenting the EMG data).

The performance of the IMU-only classifiers is presented in Tables 8.1 and

8.2 for the able-bodied and amputee subjects respectively.

Table 8.1: Training and testing on the IMU data for each able-bodied subject.

S1 S2 S3 S4 S5 S6 S7 S8 average

CNN 0.956 0.856 0.953 0.529 0.903 0.982 0.922 0.963 0.883
RNN 0.919 0.868 0.924 0.739 0.840 0.914 0.914 0.960 0.885
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Table 8.2: Training and testing on the IMU data for each amputee subject.

A1 A2

CNN 0.902 0.79

RNN 0.884 0.751

We observe that the performance of the IMU-only classifiers is similar or, in

some cases, better than the EMG-only classifier (Tables 7.2 and 7.3 for the able-

bodied and amputee subjects respectively). Especially in the case of amputee

subjects the IMU-only classifier outperforms the EMG-only in both subjects.

An interesting observation is amputee subject A2, that achieves a substantial

increase in the classification accuracy compared to the EMG-only analysis, in-

dicating that the noise is only affecting the EMG recordings. The next step is

to evaluate the performance of the classifier that combines the EMG and IMU

information.

8.2 Multi-Modal Fusion Neural Network (MMFNN)

Model

The proposed neural network starts similarly to the aforementioned CNN and

RNN models for each input. The networks are trained in parallel until they are

flattened and concatenated to the same network. The result of this operation

is followed by a fully connected (FC) layer of 128 units and then is passed to

the final FC layer with the ’softmax’ activation that generates the label that cor-

responds to the recognised grasp. The way this model is implemented is fully

customisable, based on the amount of inputs that are given to it. The algorithm

takes as input tuples of the form:

[train_X1; train_Y1; test_X1; test_Y1; DNN; ...

train_Xn; train_Yn; test_Xn; test_Yn; DNN]

(8.1)

where train_Xi and test_Xi corresponds to the training and testing data of the

i-th input, train_Yi and test_Yi are the training and testing labels of the i-th input
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and DNN can take the value of either "CNN" or "RNN", indicating which of

the models described in the previous section are trained with the input data.

This allows a very modular and flexible construction of the Multi-Modal Fusion

Network model with any type of input combined with the preferred neural

network.

An example of an MMFNN model with two inputs, one being sEMG record-

ings training a CNN network and the second one using IMU data to train an

RNN network, is presented in Figure 8.2.

Figure 8.2: The proposed Multi-Modal Fusion Network (MMFN) Model.

In this example the EMG vector has size [n × D], where n is the amount

of samples and D the amount of sensors, and the IMU vector’s size is [n × D

×m], where m is the amount of IMU sensors recordings, in our case m=9. Both

inputs are initially segmented by a sliding window of 256ms and 200ms overlap.

The IMU data is recorded in a lower sampling rate than the EMG data (148 Hz

versus 1KHz), and were interpolated to match the EMG input size.

The fusion model chosen for the proposed architecture is a late fusion ap-

proach; the data are classified independently and their results are fused with a

fusion mechanism, such as averaging, voting, or a learned model. The benefit

of this approach is that it can combine the results from independent classifiers

in order to achieve higher robustness. Late fusion allows the use of different
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models on different modalities, thus allowing more flexibility and can handle

variability in the amount of modalities, including missing modalities, since the

predictions are made separately. However, because late fusion operates on infer-

ences and not the raw inputs, identifying potential correlations between different

modalities is not possible (Liu et al., 2018).

The alternative approach is early fusion methods, that create a joint represen-

tation of input features from different modalities before the classification hap-

pens. It uses one single model to train and make predictions over one learning

stage but can take advantage of mutual information from data.

Côté-Allard et al. (2019) are using a late fusion approach, whereas Wei et al.

(2019) combine early and late fusion architectures calling it the ’view aggrega-

tion network’ that outperforms both the early or late fusion models. Further

investigation on the benefits of early versus late fusion models in multimodal

grasp classification applications is required.

It is worth noting that this is an example of how the MMFNN architecture

can be used and isn’t constrained in the dimensionality of the input or what

classifier corresponds to each type of input. The goal of our approach is to allow

diversity of the ensemble that could lead to better generalisation of the final

classifier.

As in the case of the simple deep neural networks used in this analysis, the

MMFNN model is implemented using the Keras API (Chollet et al., 2015) in

Python using the Adam optimiser with the categorical cross-entropy loss func-

tion. The training lasts for 100 epochs and batch size is chosen to be 50. The

difference from the simple models is that MMFNN starts the training with a

step-wise learning rate of 0.0001 for the first 50 epochs and reduced in half for

the remaining ones. This was chosen as the most optimal learning rate by using

a small validation set, consisting of one trial from three different subjects.

The model summary along with the amount of the trainable parameters for

the MMFNN model of the aforementioned example can be found in Appendix E
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Table 8.3: Hyperparameters used in the training of the networks presented in this
chapter

MMFM Hyperparameters

optimiser Adam
loss categorical cross-entropy
epochs 100

batch size 50

activation ReLU
initial learning rate 0.0001

8.2.1 Multi-Modal Classification with EMG and noise

As discussed in Section 6.3 one common augmentation technique of the EMG

signals is adding White Gaussian Noise to the original signal and use this new

noisy signal as extra input to the classifier. This is proven to be beneficial by

providing higher generalisability to the classifier, by including inputs that cor-

respond to potential sources of instability of the EMG signal (in this case, noise

during the recordings). We hypothesise that the same improvement could be

leveraged by passing the original and the noisy signal as different inputs of the

MMFNN model.

In order to test this hypothesis, White Gaussian Noise of 15dB signal-to-noise

ratio (SNR) is applied to the original EMG signal. An example window from the

original EMG signal with noise is presented in Figure 8.3. The SNR value was

chosen by choosing a validation set consisting of 1 trial from three different

subjects, and train and validate the model for SNR=5dB, 10dB, 15dB and 20dB

and picking the SNR value that provided the best performance. The validation

set used for choosing the SNR value does not overlap with the test set.

The original signal and the one with added White Gaussian Noise (AWGN)

are passed as two separate inputs to the MMFNN model that trains two separate

but identical CNNs (MMFNN-CNN). Our hypothesis that adding extra informa-

tion would improve the performance of the classifier is confirmed by the results

seen in Table 8.4. The MMFNN-CNN model improves the classification accuracy

by 4.2% over the CNN trained only on EMG data. Similarly when utilising the

RNN for the noisy input, MMFNN-RNN achieves classification accuracy of 5.5%

higher than the classification accuracy that the simple RNN reaches.

The same experiment was repeated with the data from the amputee subjects.
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Figure 8.3: Raw EMG signal without (blue) and with (red) SNR value of 15dB.

Table 8.4: Comparison of the performance of the CNN and RNN with EMG input and
the MMFNN model with inputs the original and the noisy signal on the ’Robolimb 2016’
dataset for able-bodied subjects.

S1 S2 S3 S4 S5 S6 S7 S8 average

CNN 0.966 0.855 0.796 0.670 0.885 0.946 0.696 0.962 0.847
MMFNN-CNN 0.967 0.848 0.925 0.772 0.919 0.976 0.745 0.958 0.889

RNN 0.958 0.822 0.761 0.692 0.921 0.956 0.710 0.959 0.848
MMFNN-RNN 0.975 0.735 0.926 0.723 0.884 0.982 0.760 0.984 0.871

In this case, the classification accuracy drops for both amputees when the noisy

signal is added in the training phase for the CNN but performs better for the

RNN, as shown by the results reported in Table 8.5.

Table 8.5: Comparison of the performance of the CNN and RNN with EMG input and
the MMFNN model with inputs the original and the noisy signal on the ’Robolimb 2016’
dataset for amputee subjects.

A1 A2

CNN 0.810 0.563

MMFNN-CNN 0.793 0.546

RNN 0.812 0.470

MMFNN-RNN 0.822 0.586

We compared these results to the traditional augmentation approach that is

concatenating the original EMG samples with the noisy EMG samples in one

training vector and passing it as input to the classifiers. The results are shown

in Figures 8.6 and 8.7, for able-bodied and amputee subjects respectively.

What can be seen from those results is that the MMFNN approach achieves
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Table 8.6: Comparison of the performance of the CNN and RNN for the augmented
model with input the concatenated original and noisy EMG signal on the ’Robolimb
2016’ dataset for able-bodied subjects.

S1 S2 S3 S4 S5 S6 S7 S8 average

augment CNN 0.951 0.806 0.781 0.601 0.903 0.947 0.668 0.950 0.826

augment RNN 0.965 0.843 0.774 0.712 0.910 0.971 0.731 0.965 0.859

Table 8.7: Comparison of the performance of the CNN and RNN for the augmented
model with input the concatenated original and noisy EMG signal on the ’Robolimb
2016’ dataset for amputee subjects.

A1 A2

augment CNN 0.753 0.442

augment RNN 0.677 0.559

a higher improvement in the classification accuracy in all cases, in comparison

to the MMFNN (Tables 8.4 and 8.5). However there is a higher cost in computa-

tional power, since the MMFNN approach takes approximately 1.7 times more

time to complete the training of the classifier as can be seen in Table 8.8.

Table 8.8: Comparison of the training time of the MMFNN and the augmented model
on the ’Robolimb 2016’ dataset for able-bodied subjects.

S1 S2 S3 S4 S5 S6 S7 S8 average (minutes)

MMFNN CNN 40 22 42 37 18 37 17 29 30

augment CNN 25 13 25 22 11 22 10 17 18

8.2.2 Multi-Modal classification with EMG and IMU Inputs

In this investigation one input of the MMFNN is the original EMG signal and

the second input is the IMU data that correspond to the same time-frame as the

EMG data. As in the case of adding white Gaussian noise, two Multi-Modal

Fusion models are trained, one that trains two CNNs (MMFNN-CNN), with the

EMG and the IMU information each being input to one of the networks, and

one that trains a CNN with the EMG input and an RNN model with the IMU

input (MMFNN-RNN). The results are presented in Table 8.9 for the able-bodied

subjects and Table 8.10 for the amputee subjects.

Those results show a small improvement of the classification accuracy for
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Table 8.9: MMFNN model with EMG and IMU input, able-bodied subjects.

S1 S2 S3 S4 S5 S6 S7 S8 average

MMFNN-CNN 0.969 0.874 0.920 0.789 0.863 0.975 0.917 0.970 0.91
MMFNN-RNN 0.961 0.881 0.864 0.734 0.887 0.956 0.878 0.977 0.892

Table 8.10: MMFNN model with EMG and IMU input, amputee subjects.

A1 A2

MMFNN-CNN 0.905 0.777

MMFNN-RNN 0.862 0.766

MMFNN-CNN and MMFNN-RNN compared to any other sensory input that

was observed until this point for the able-bodied subjects. The amputee subjects

are reporting almost identical classification accuracy to the IMU-only classifier.

8.2.3 Multi-Modal classification with EMG, IMU and noisy-EMG

The addition of extra information, whether it is the noisy signal or the IMU data,

seems to be improving the simple classifiers, for both the Convolutional and

the Recurrent neural network. This creates the question, whether the MMFNN

model’s performance would benefit from combining all the aforementioned avail-

able information in one model.

From the results in the EMG and IMU investigation (Section 8.2.2), the MMFNN-

CNN model that trains two parallel CNNs is showing the best performance, so

this model is picked for the original EMG and the IMU inputs. The noisy EMG

signal is training either a CNN network (MMFNN-3CNN) or an RNN network

(MMFNN-3RNN). The results can be seen in Table 8.11 for the able-bodied sub-

jects and Table 8.12 for the amputee subjects.

Table 8.11: MMFNN model with EMG, noisy EMG and IMU inputs, able-bodied sub-
jects.

S1 S2 S3 S4 S5 S6 S7 S8 average

MMFNN-3CNN 0.965 0.903 0.924 0.794 0.863 0.972 0.885 0.942 0.906
MMFNN-3RNN 0.960 0.861 0.812 0.757 0.881 0.939 0.837 0.945 0.874

The performance of the MMFNN-3CNN is, in both cases of the able-bodied

and amputee subjects, almost identical to the best classification conditions until
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Table 8.12: MMFNN model with EMG, noisy EMG and IMU inputs, amputee subjects.

A1 A2

MMFNN-3CNN 0.904 0.782

MMFNN-3RNN 0.835 0.606

now, that is the combined EMG-IMU for the able-bodied and the IMU-only for

the amputees. However, the addition of white Gaussian noise deteriorates the

performance of the recurrent network, compared to previous experiments that

included the IMU data, with the difference with the other classifiers being more

prominent in the case of the amputee subjects.

8.3 Summary of Results

The results from the experiments discussed in this Chapter are summarised,

for ease of comparison, in Tables 8.13 and 8.14, for able-bodied and amputee

subjects respectively. The deep learning methods outperform the LDA approach

in terms of offline classification metric in the able-bodied subjects. The same is

observed for the amputee subject A1, but not for the subject A2, which is the

subject with noise in the recordings. This changes when IMU information is

added in the training of the classifier.

We can see that adding extra information, like augmenting the data with

noise or including extra sensory modalities, improves the performance of the

classifiers for all the subjects, except amputee subject A2, in comparison to the

baseline EMG-only networks.

An interesting observation is that, even though adding noise to the EMG

signal and training a MMFNN model performs better than using only the orig-

inal EMG signal, when the IMU information is also added in the training, the

MMFNN that trains on both EMG and IMU data doesn’t seem to benefit from

the addition of the noisy EMG signal. This observation is consistent across able-

bodied and amputee subjects.

147



Table 8.13: Summary of the experiment results for able-bodied subjects.

S1 S2 S3 S4 S5 S6 S7 S8 average

EMG-only

LDA 0.665 0.793 0.871 0.664 0.792 0.722 0.677 0.863 0.756
CNN 0.966 0.855 0.796 0.670 0.885 0.946 0.696 0.962 0.847
RNN 0.958 0.822 0.761 0.692 0.921 0.956 0.710 0.959 0.848

Merge EMG-AWGN

MMFNN-CNN 0.967 0.848 0.925 0.772 0.919 0.976 0.745 0.958 0.889
MMFNN-RNN 0.975 0.735 0.926 0.723 0.884 0.982 0.760 0.984 0.871

IMU-only

CNN 0.956 0.856 0.953 0.529 0.903 0.982 0.922 0.963 0.883
RNN 0.919 0.868 0.924 0.739 0.840 0.914 0.914 0.960 0.885

Merge EMG-IMU

MMFNN-CNN 0.969 0.874 0.920 0.789 0.863 0.975 0.917 0.970 0.91
MMFNN-RNN 0.961 0.881 0.864 0.734 0.887 0.956 0.878 0.977 0.892

Merge EMG-IMU-AWGN

MMFNN-3CNN 0.965 0.903 0.924 0.794 0.863 0.972 0.885 0.942 0.906
MMFNN-3RNN 0.960 0.861 0.812 0.757 0.881 0.939 0.837 0.945 0.874

Table 8.14: Summary of the experiment results for amputee subjects.

A1 A2

EMG-only

LDA 0.707 0.525

CNN 0.810 0.563

RNN 0.812 0.470

Merge EMG-AWGN

MMFNN-CNN 0.753 0.442

MMFNN-RNN 0.677 0.559

IMU-only

CNN 0.902 0.79

RNN 0.884 0.751

Merge EMG-IMU

MMFNN-CNN 0.905 0.777

MMFNN-RNN 0.862 0.766

Merge EMG-IMU-AWGN

MMFNN-3CNN 0.904 0.782

MMFNN-3RNN 0.835 0.606

148



8.4 Discussion

8.4.1 Impact

The study presented in this chapter suggested a novel deep neural multi-modal

fusion architecture (MMFNN) that can be used to utilise different sensory modal-

ities in the training of a deep learning classifier.

The MMFNN model incorporates different sensory modalities, each of which

is training an individual classifier in parallel. Those classifiers are then fused to-

gether and the whole model acts as a different classifier that performs the same

grasp classification task. The feasibility of this approach is investigated in vari-

ous combinations of sensory modalities and augmentation techniques (EMG and

IMU, EMG and Noise, EMG training a CNN model and EMG training an RNN

model) and in all cases the performance of the multi-modal fusion model is bet-

ter than the classifier that is using only the EMG data. This observation is in

accordance with previous work ( Fougner et al. (2011a), Gijsberts et al. (2014a))

that supports the benefit of additional sensory modalities in the classifier’s per-

formance and is also investigated in Chapter 4.

8.4.2 The need for multi-modal control

As mentioned in Chapter 4, the majority of the available datasets that contain

electromyography recordings are using electrodes that also incorporate other

sensory modalities, like accelerometers, gyroscopes and magnetometers. Re-

cently, a multi-modal dataset that includes recordings from 15 transradial am-

putees and 30 able-bodied subjects, of surface electromyography and accelerom-

etry of the forearm, along with gaze, first person video, and inertial measure-

ments of the head while the subjects are performing grasping tasks became avail-

able by Cognolato et al. (2020). This shows the shift of research to bigger and

more diverse datasets in the process of improving myoelectric control for am-

putee subjects.

Moreover, current research has shown that adding IMU data along the EMG

in the training of a classifier, improves the performance of the classifier, com-

pared to training only with EMG data. This emphasises the need of the current
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classifiers to be able to incorporate such information. The suggested Multi-

Modal Fusion Neural Network that is presented in this chapter succeeds in in-

corporating such different sensory modalities when training with deep neural

networks.

8.4.3 Feasibility of the IMU-only classifier

An interesting observation from thee results in Section 8.1 and Tables 8.1 and 8.2,

is that the performance of the IMU-only classifiers is similar or, in majority of

the cases, better than the classifier that is only utilising EMG information.

This could support the choice of utilising only the IMU information of the

sensors for the grasp classification task and ignoring the EMG completely. The

same trend of IMU-only classifier performing better than the EMG-only classifier

was observed in the work that is described in Chapter 4. However, the real-time

experiments proved that the performance of the IMU-only classifier was worse

than the EMG-only classifier, in terms of completion rate. This emphasizes the

need to perform real-time experiments before we reach any conclusions about

the suitability of the classifiers in everyday use scenarios.

Similarly, the performance of the IMU-only classifier in the case of amputee

subjects is significantly better than using the EMG-only classifier, with the sub-

ject A2 exhibiting the highest improvement over all the subjects, able-bodied or

amputated. This is a significant observation, but as was discussed in the afore-

mentioned analysis the electromyographic recordings from this specific subject

were very noisy, most probably due to issues in the contact of the electrodes

with the skin during recording time. The IMU data is not affected by the qual-

ity of the electrode contact with the skin, hence classifying based only on those

recordings seems to significantly improve the performance of the offline clas-

sifier. However, this observation comes with the same caveat as the discussion

about able-bodied subjects; real-time experiments are necessary before accepting

the IMU-only classifiers as better than the EMG-only ones.
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8.4.4 Training Time Requirements

An important observation throughout our experiments with deep learning meth-

ods is the significant difference in training time between LDA and the Neural

Network models we are investigating (see Table 8.15).

Table 8.15: Average LDA and DNN models training and decision time over all subjects.

LDA DNN MMFNN-CNN MMFNN-RNN
average training time 6sec 11min 34min 62min
average decision time 5msec 7msec 7msec 7msec

As expected, the training time required by the deep neural networks is sig-

nificantly larger than the LDA. The computational requirements for the discrim-

inant analysis are dependent only on the amount of training samples, whereas

the neural networks have a multitude of hyperparameters that can increase the

training time, including but not limited to, the number of layers, number of fil-

ters, amount of training samples, epochs and learning rate. The MMFNN model

is deeper and more complicated than the rest of the Deep Networks, explaining

the half hour training time demands.

The experiments performed throughout this chapter are using the CNN clas-

sifier for the EMG signal and a CNN or RNN classifier for the extra modalities.

The choice of keeping the CNN as the most used classifier is based on the sig-

nificant different on the computational cost of running a MMFNN-RNN model.

The MMFNN-RNN network takes almost double time to train, while the perfor-

mance of the two types of networks remained very close. Further investigation

of the other combinations of networks remains as a future study.

Moreover, the time requirements of the deep learning approaches depend

greatly on the hardware that is used to train the classifiers and whether GPUs are

included in the training process. All the experiments described in this chapter

were performed on a computer with an NVIDIA GeForce® GTX 970
1 graph-

ics card. Even though this was a powerful graphics card upon its release in

September 2014, the high popularity of deep learning since then resulted in

more advanced hardware with designated design for deep learning applications

1https://www.nvidia.com/en-gb/geforce/900-series/
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that performs significantly better than the hardware used in the aforementioned

experiments.

However, the computational requirements for getting a prediction from the

deep neural network classifier are significantly less, with our system yielding

a prediction every 7msec, as presented by the average decision time row in Ta-

ble 8.15. This comparison is also performed in different systems and that can

skew the true performance of the classifiers compared. The LDA is running on

a CPU, whereas the neural networks are utilising the GPU. We do not expect the

LDA to ever be slower than the deep learning approaches, due to the simplicity

of its computations. In all cases the classifiers are able to yield a decision in a

timeframe that is acceptable for a seemless control of the prosthetic hand (the

average reaction time for a human is 0.22sec as estimated by Laming. (1969)).

Moreover, the small inference time, allows for a scheme that performs the

heavy computations for the training phase with a powerful system and only

the final trained model can be transferred onto the prosthetic device. Deploy-

ing deep learning inference on embedded systems poses extra challenges and is

dependent on the available hardware. The recent advent of deep learning cre-

ated the need for specialised hardware including hardware that targets mobile

embedded applications, and resulted in the design of highly portable, computa-

tionally efficient, with low thermal output and low energy chipsets. Moreover,

algorithmic techniques, like pruning and quantising the network architectures,

aim to reduce the deep networks’ computational requirements without losing

much of the accuracy (Han et al., 2015).

8.4.5 Limitations and Future Work

The analysis in this chapter has investigated ways to incorporate Deep Neural

Networks to the classification of grasps using EMG data and ways to improve

the performance by incorporating IMU data with promising results.

Our analysis involved classifying 6 different grasps, recorded from ten peo-

ple, 8 able-bodied and two amputees, with a total of five trials for each subject.

This is a limited amount of data, as can also be seen in the statistics of the

’Robolimb 2016’ dataset that we used compared to the publicly available Ni-
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napro dataset.

The boxplot in Figure 8.4 shows that the ’Robolimb 2016’ dataset has higher

variability on the amount of samples, due to the nature of our experiment which

allowed each subject to take as much time as they wanted in order to perform

the training task, in comparison to the Ninapro acquisition protocol that in-

volves the subjects following a pre-recorded video showing them the grasps to

be performed.

500000 1000000 1500000 2000000 2500000
samples

Robolimb 2016

Ninapro

da
ta
se
t

Figure 8.4: Distribution of number of samples recorded per subject.

Table 8.16: Datasets’ characteristics

DB trials grasps average
samples

average
segments

Ninapro DB2 6 50 2546253 34189

Robolimb 2016 5 6 687029 9225

The biggest limitation of the ’Robolimb 2016’ dataset is the limited amount of

recorded grasps. A future investigation would involve running the algorithms

presented in this chapter with the Ninparo BD2 dataset, which includes record-

ings from 50 different grasps (see the dataset’s characteristics in Table 8.16).

However, one benefit of the ’Robolimb 2016’ dataset over the Ninparo DB2 is

that the former was recording the grasps while the arm was moving dynami-

cally in space, which adds complexity and variability due to different arm orien-

tations throughout the motion. In comparison, the Ninapro dataset is recording

the grasps on a static setting. Such dynamic datasets are important for imple-

menting and testing the performance of electromyographic control algorithms in
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more realistic scenarios and future work would focus on applying the classifiers

that are discussed in the last two chapters on such datasets.

Real-time experiments with amputees

One limitation that is mentioned in many parts of this chapter is the lack of

real-time experiments that include a subject in the test phase of the classifier.

Many studies have shown that improving the classification accuracy in an offline

setting does not directly correlate with improvement in real-time scenarios (Jiang

et al., 2014, Ortiz-Catalan et al., 2015). That emphasises the need to perform real-

time experiments, where our algorithms are tested out, a necessary step in order

to be able to generalise our results.

Finally, performing real-time experiments with amputees is imperative in or-

der to test any algorithm that is suggested to solve the prosthetic device control

problem. The majority of research that incorporates deep learning techniques

does not incorporate recordings from amputees in their investigations (see Ta-

ble 6.1). However, research on the differences between amputee and able-bodied

electromyography recordings shows that they come from distinct distributions

and there is higher variability between the amputee subjects’ recordings in com-

parison to the able-bodied (Campbell et al., 2019, 2020, Waris et al., 2018). Such

observations show that one should not assume that a classifier that performs

well on able-bodied subjects would generalise well on amputee subjects and

experiments regarding myoelectric control of prosthetic devices should always

include data from amputees.
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Part IV

Conclusions
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9 | Conclusions

This thesis presented several proposals aimed at advancing the state-of-the-art

in grasp pattern-recognition based myoelectric control of upper-limb prostheses.

The conversation throughout the document is centred around two aspects that

are identified as important for providing robust performance of the classifier:

1. Enhancing the performance of the classifier by incorporating more sensory

modalities than the electromyography information alone, for the grasp

classification task, and

2. Adaptation techniques that promote a stable performance for the classifier,

even under the presence of signal drift.

Those aspects are discussed in the context of two popular algorithmic ap-

proaches in the field of myoelectric control, namely, the Linear Discriminant

Analysis (LDA) algorithm which has been the baseline algorithm in the field,

providing state-of-the-art performance, and the more recently emerged Deep

Neural Networks (DNNs).

9.1 Overview and Contributions

9.1.1 On the benefit of additional sensory input

Chapter 4 discusses the concurrent use of electromyographic and inertia mea-

surement unit data for enhancing the performance of an LDA classifier in the

task of grasp classification. Even though, accelerometer information has been

previously incorporated and proven beneficial in the offline grasp recognition (Fougner

et al., 2011b, Gijsberts et al., 2014c) this is the first study that incorporates IMU

information along EMG data for grasp decoding and performed real-time ex-
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periments.

Chapter 7 progresses with investigating the feasibility of deep neural net-

works in the myoelectric grasp classification. The proposed deep networks out-

perform the LDA baseline method in terms of grasp classification accuracy for

able-bodied and amputee subjects, in agreement with previous research on the

field (Atzori et al., 2016, Côté-Allard et al., 2017, Du et al., 2017, Geng et al.,

2016). We then proceed with proposing a multi-modal fusion network architec-

ture (Chapter 8) that successfully supports the incorporation of IMU and other

sensory modalities in the training of the classifier improving the offline perfor-

mance both for able-bodied and amputee subjects.

9.1.2 On the feasibility of adaptation

The probabilistic and stochastic nature of the electromyographic signal results in

signal drifts over the period of some time, subsequently introducing instabilities

in the classifiers that are used to decode such signals and are trained with earlier

EMG recordings, before the drifts occurrence.

Chapter 3 performs an extensive literature review on the most common

causes of the EMG signal drift, discussing ways to detect such disturbances

and ways to mitigate their effect so that the classifier’s performance does not

suffer badly in the presence of those drifts. Taking those disturbances into ac-

count while designing a machine learning classification method is an important

step towards providing robust myoelectric control for every-day clinical usage

of upper-limb prosthetic devices.

In Chapter 5 we investigate a simple approach that involves pre-training a

model and using a small subset of the newly seen data, under various cases of

signal drift in order to adapt the model’s characteristics to the new condition.

For the LDA classifier this approach achieves a performance close to the one

expected from the classifier when trained from scratch on the new data. This

observation supports the literature findings that utilising pre-trained classifiers

requires less data from the new condition in order to maintain the classifier’s

performance (Gijsberts et al., 2014c, Jain et al., 2012, Liu, 2015, Vidovic et al.,

2016).
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Utilising the weights from a pre-trained model on able-bodied subjects as ini-

tialisation for the deep neural network training on the amputee subjects slightly

improves the performance of the classifier, as shown in Chapter 7. The most

important aspect in this observation is that such initialisation seems to be help-

ing the model achieve the same classification accuracy faster than starting the

training of the model with a random initialisation of the weights.

9.2 Limitations & Future Work

9.2.1 Generalisability and Available Datasets

The experiments performed throughout this thesis are utilising relatively small

datasets, in terms of number of subject but also amount of grasps. It is important

to test the generalisability of the proposed algorithms on larger datasets. The

Ninapro project1 provides an online collection of recorded datasets based on the

same acquisition protocol we used in our thesis and our methods can be tested

on those as future work.

However, the majority of the available online datasets are recorded in a static

environment where only the grasp changes, but the arm of the participant is not

moving much. Such strict environmental setup, even though it is useful for per-

forming preliminary tests on novel algorithmic approaches, does not correspond

to real-life requirements of a prosthetic hand user.

A similar discussion can be had regarding the limited amount of amputee

subjects data available online, or in the reported studies. The importance for the

use of amputee subjects when myoelectric control experiments are performed

has been repeatedly emphasised by researchers who have identified that the

recordings from able-bodied and amputee subjects come from significantly dis-

tinct distributions (Campbell et al., 2019, 2020, Waris et al., 2018). They argue

that any improvement achieved by experiments performed only by able-bodied

subjects should be also validated with data from amputee subjects. Alterna-

tively, Campbell et al. (2019) suggests that providing a way to adapt the record-

ings from able-bodied subjects so that they reflect more the amputee subjects

1http://ninapro.hevs.ch/

158



distribution can be beneficial. However, even in this case, the need for amputee

subjects’ data recordings is deemed imperative, in order to implement the afore-

mentioned adaptation model.

Moreover, even though there is a clear understanding of the effects of con-

cept drift on the classifiers’ performance in research, with the exception of the

Ninapro dataset DB6 Palermo et al. (2017a), that incorporates recordings from

the same person from different sessions, no other dataset is available that can

be used for concept drift research. Research on the effects of concept drift hap-

pens either in recorded datasets from lab settings that never become public or by

simulating the effects algorithmically. Such solutions can be beneficial for initial

testing, but do not help with the reproducibility of the results. We propose the

collection of recordings from more cases of concept drift, such as fatigue and

different arm postures that become publicly available.

9.2.2 Real-Time Experiments

One limitation that is mentioned in many parts of this thesis is the lack of real-

time experiments that include a subject in the test phase of the classifier. The

real-time experiments planned to be performed for the evaluation of the deep

learning investigation did not happen due to the Covid-19 constraints.

With the exception of the multi-modal investigation with the LDA algorithm

(Chapter 4), the rest of our experiments are using pre-recorded datasets for of-

fline analysis. Many studies have shown that improving the classification accu-

racy in an offline setting does not directly correlate with improvement in real-

time scenarios (Jiang et al., 2014, Ortiz-Catalan et al., 2015), an observation that

we also have made in Chapter 4. The reasons behind such results vary, from

the aforementioned concept drift effects to the effect of the users getting visual

feedback that changes the way that they react. That emphasises the need to per-

form real-time experiments in the future, in which the proposed algorithms are

tested with a human in the control loop, in order to be able to argue about the

generalisability of our algorithms.
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9.2.3 Epilogue

This thesis has proposed algorithmic ways to improve the performance of my-

oelectric control of prosthetic hands. The work presented includes applicable

and promising results as well as aspects that are subject to improvement and

evaluation in the future. We hope that this work can be one small part of the

collective perpetual effort of providing functional and intuitive control of upper-

limb prostheses.
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A | Hardware

All the dataset recordings and real-time experiments performed in this project

(described in Section 4) are utilising the prosthetic hand Robo-Limb (see Section

A.2) and the Delsys Trigno Inertial Measurement (IM) sensors (see Section A.1).

This chapter includes a brief description of those devices along with some of

their characteristics.

A.1 Delsys Trigno IM Sensors

The Delsys® Trigno™ IM Wireless EMG System is a system designed for syn-

chronous recording of EMG and inertial data. It consists of a base station and 16

wireless sensors that can be seen in Figure A.1.

Figure A.1: Delsys® Trigno™ IM Wireless EMG electrodes (left) and base (right).

Each sensor integrates a simple 16-bit resolution, wireless EMG electrode
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with a 9-degree of freedom (DOF) inertial measurement unit (IMU), that com-

prises a triaxial accelerometer, gyroscope and magnetometer, that measure three-

dimensional (3D) acceleration, angular velocity and magnetic orientation signals

respectively. This adds up to a total of 10 channels of real-time raw data with

sampling rate of 1111 Hz for the EMG signal, 148 Hz for the accelerometers and

gyroscopes and 74 Hz for the magnetometers.

The system guarantees transmission range of 40 m and is capable of stream-

ing the raw data to the EMGworks Acquisition and Analysis software (provided

by the manufacturer) via a TCP/IP protocol.

Trigno EMG Sensors are fitted with four silver bar contacts with 1 cm spacing

and contact dimensions of 10.0 x 1.0 mm as shown in picture A.2. For maximum

EMG signal detection the orientation of those bars should be placed perpendic-

ular to the muscle fibers and in the center of the muscle belly away from tendons

and the edge of the muscle. The sensors are attached to the skin using the Delsys

Adhesive Sensor Interface and adhesive medical elastic band for ensuring they

stay fixed in the same position during the experiments.

Figure A.2: The sensor contact side. The arrow indicates the suggested direction
of the sensor with respect to the muscle fibers that the sensor is recording from.
The arrow should be parallel to the muscle fibers.

A.2 Robo-Limb by Touch Bionics

Robo-Limb by Touch Bionics™ is an externally powered, multi-articulating, five-

digit anthropomorphic, robotic hand. With 11 degrees of freedom (DOFs) and

6 degrees of actuation (DOAs) it supports the functionality of flexion/extension
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of each individual digit plus the abduction-adduction movement of the thumb

(see Figure A.3).

Figure A.3: Touch Bionics Robo-Limb™ prosthetic hand. Photograph provided
by Touch Bionics, Inc (2003)

.

Some technical information about the hand is presented in Table A.1. The

hand weights 507 kg, with maximum load limit of 90 kg and finger carry load

32 kg. Power to the hand should be supplied by a 7.4V (7A Peak) external bench

power supply unit (PSU) or use the rechargeable battery and charger supplied.

The normal operating voltage for the hand is 7.4 V and with a maximum current

consumption of 7 A. During all experiments, the hand was externally powered

with a doubly-insulated power supply unit which had been previously certified

for medical experiments.

Table A.1: Technical information about Robo-Limb

Technical Information

Voltage 7.4 V (nominal)
Max. Current 7 A

Battery Capacity
Rechargeable lithium polymer; 2400

mAh capacity; 1300 mAh capacity
Weight 507kg
Max hand load limit (static limit) 90kg
Finger carry load (static limit) 32kg
Time from open position to full power grip 1.2 seconds

The robo-limb hand communicates with the computer via a high-speed CAN

bus interface with a Baud rate set to 1 Mbit/sec. The control commands have a

payload two words (2x16 bits) and take the following form:

ID | state | PWM

The ID is the number of the digit that is controlled, ranging from [1-6] (1 to 5

for the five digits and 6 for the thumb abduction/adduction), the state variable
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determines the direction of finger or thumb and can be set to 0 for commanding

stop, 1 for close and 2 for open, and PWM refers to the desired Pulse Width

Modulation level to be applied to the specified motor that controls the velocity

of movement (in the range [10, 297]).

The control of the hand is in open loop fashion, meaning that there is no

proprioception or force feedback from the fingers. The only feedback that is

communicated from the motors, updated every 20ms, is the raw A/D value

(12bit) of measured motor current draw. High spike in the current draw value

indicates that the finger has encountered an obstacle while performing an action

(open/close) which could be either an object or the hand itself, in the occurrence

of the finger being fully open or fully closed but receiving a command to further

open or close respectively. This measurement is important, in order to stop the

fingers’ motion and avoid damaging the object or the device, when the draw

value exceeds safe operation threshold set by the manufacturer.
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B | ROS Implementation

ROS is an open-source robot meta-operating system created by Quigley et al.

(2009). It is a framework oriented to robotics research and applications and it

provides the communication infrastructure between processes that can poten-

tially be distributed across machines. ROS implements several different styles of

communication, including synchronous RPC-style communication over services,

asynchronous streaming of data over topics, and storage of data on a Parameter

Server.

The benefits of using ROS are multiple. It provides hardware abstraction, al-

lowing to seamlessly alternate prosthetic devices or sensors that are utilised for

the experiments, low-level device control, and it implements commonly-used

functionalities that include, but are not limited to, message passing, message

visualisation, testing and a distributed parameter system. It comes with a col-

lection of libraries and tools that allow obtaining, building, writing, and running

code across multiple computers.

The main organisation units in ROS are packages. A package can contain

ROS runtime processes, a library, a dataset, configuration files, a third-party

piece of software, or anything else that logically constitutes a useful module.

Being an open-source project has resulted over the last years to a big library

of packages that provide the communication interface for different robots and

sensors. Different prosthetic hands interfaces can be implemented as different

ROS packages and can be easily switched without affecting the execution of the

main program. Same functionality can be provided for the various sensors that

are used to record electromyographic signals.

More in-depth information on ROS can be found on the official ROS website
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and publications1. For our experiments we used the ROS distribution Kinetic

Kame.

Robolimb Project

Figure B.1 illustrates the structure of our system. Each elliptical shape corre-

sponds to a process (node in ROS terminology) and the arrows are indicating

the information that is communicated between different nodes.

Figure B.1: Structure of the ROS project for recording, processing, training and
testing the classifier.

The ROS Master provides naming and registration services to the rest of the

nodes in the ROS system. All nodes are connected to it, in order to communicate

with each other. In Figure B.1 the nodes correspond to different parts of the

myoelectric control pipeline (as is depicted in Figure 2.8).

The Signal Detection is deployed by the delsys node, that connects via a

TCP/IP socket connection to the Delsys® Trigno™ IM sensors and records the

raw sEMG and IMU data. The node processing is performing the Signal Pro-

1http://wiki.ros.org/
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cessing steps (filtering, window segmentation and feature extraction) and those

features are passed as input to the classifier.

The boxes with the dashed outlines, named ‘Train’ and ‘Apply’ in Figure B.1

correspond to the two different procedures that are followed for training and

for applying/testing the classifier respectively. Once the classifier is applied to

the test dataset, the inferred class is the input of the robotcommands node, that

loads the parameters that correspond to the related pre-grasp and translates it

to commands that are going to be executed by the prosthetic hand.

The nodes close connection and keyhandler are auxiliary and initialise the con-

nection with the sensors and record the labels synchronously to the electromyo-

graphy and IMU recordings respectively.

The code for the full implementation of the ROS system can be found in

https://bitbucket.org/iriskyr/robolimb/src/master/.
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C | Linear Discriminant Analysis

(LDA) Algorithm

This chapter presents the Linear Discriminant Analysis (LDA) algorithm that is

used in the analysis of Part II.

C.1 The Linear Discriminant Analysis (LDA) classi-

fier

Discriminant analysis in statistics refers to a collection of descriptive and clas-

sificatory techniques with the goal of analysing the observation objects, de-

scribing characteristics that are specific to distinct groups and assigning newly

seen objects into distinct groups based on similarities with those groups. Those

groups/classes are predetermined, so we are talking about supervised methods

and the classification can be binary or multiclass depending on the number of

distinct classes. The process often involves removing redundant and dependent

features, hence reducing the dimensionality of the feature space.

The goal is to divide the input space into regions with distinct characteristics

and allocate the input data/observations in those regions. Those regions are

separated by decision boundaries that are mathematically formulated as hyper-

planes or hypersurfaces when the classification problem is linear or non-linear

respectively. Decision boundaries correspond to discriminant functions that take

an input object and classify it to one of the regions/classes.

Let the feature (input) vector be X and the class labels be Y , Nc, number of

observations belonging in class c, with C the total amount of separate classes,

N, total number of observations and the prior probability of class c estimated
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simply by empirical frequencies of the training set, πc = Nc
N , with ∑C

c=1 πc = 1.

The class-conditional density of X in class Y = c is denoted as fc(x).

In the general case, in order to compute the optimal classification we need

to compute the posterior probability (class-conditional density of X in class Y=c,

the probability density of input point x generated by class c). This is calculated

by applying the Bayes theorem:

p(y = c|x?) =
fc(x?)πc

p(x?)
(C.1)

=
fc(x?)πc

C
∑

k=1
fk(x?)πk

(C.2)

The Linear Discriminant Analysis (LDA) algorithm is a special case of dis-

criminant analysis algorithms used as a linear classifier or for dimensionality

reduction before later classification. Linear discriminant analysis assumes nor-

mal distributed data, features that are statistically independent, and identical

covariance matrices for every class, Σc = Σ ∀c.

Since LDA assumes multivariate normal distribution, the class-conditional

density of X in class Y = c is denoted as fc(x) = N (x; µc, Σ) with parameters the

sample mean vector of each class µc and the shared covariance matrix Σ, that is

the same for all classes and is referred to as the pooled covariance.

The linear discriminant function δ(x?) is then defined as (see Hastie et al.

(2009) and following section C.2 for the derivation):

δc(x?) = xT
? Σ−1µc −

1
2

µc
TΣ−1µc + logπc (C.3)

The class prior probabilities πc are assumed to be equal between the different

classes, thus omitted in the maximisation of the discriminant function. Hence

the parameters that are important for the classification are the means of each

class, µc and the pooled covariance, Σ.

Then a novel test data point x? is assigned to the class c which maximises

the linear discriminant function δ(x?), thus the posterior probability for class c
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is given by

p(y = c|x?) = argmax
c

δc(x?) (C.4)

Despite its simplicity, LDA often produces robust, decent, and interpretable

classification results. As mentioned in section 2.3.2.3 it is a very commonly used

classifier in pattern recognition myoelectric applications.

C.2 Derivation of LDA discriminant function

Bayes rule says that we should pick a class that has the maximum posterior

probability given the feature vector X. If we are using the generative model-

ing approach this is equivalent to maximizing the product of the prior and the

within-class density.

Since the log function is an increasing function, the maximization is equiva-

lent because whatever gives you the maximum should also give you a maximum

under a log function. Next, we plug in the density of the Gaussian distribution

assuming common covariance and then multiplying the prior probabilities.

G(x?) = argmax
c

p(y = c|X = x?)

= argmax
c

fk(x?)πc

= argmax
c

log( fc(x?)πc)

= argmax
c

[−log((2π)p/2|Σ|1/2)− 1
2
(x? − µc)

TΣ−1(x? − µc) + log(πc)]

= argmax
c

[−1
2
(x? − µc)

TΣ−1(x? − µc) + log(πc)]

(C.5)
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−1
2
(x? − µc)

TΣ−1(x? − µc) (C.6)

= xT
? Σ−1µc −

1
2

µT
c Σ−1µ−1/2

c xT
? Σ−1x? (C.7)

after simplification we obtain this formula:

G(x?) = argmax
c

[xT
? Σ−1µc −

1
2

µT
c Σ−1µc + log(πc) (C.8)

This is the final classifier. Given any x?, you simply plug into this formula

and see which k maximizes this. Usually the number of classes is pretty small,

and very often only two classes. Hence, an exhaustive search over the classes is

effective.

LDA gives you a linear boundary because the quadratic term is dropped.
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D | Real-time Evaluation Protocols

Ideally, powered upper-limb prostheses should have an intuitive, robust and

reliable control strategy, in order to avoid device abandonment by the users.

Evaluating such control systems is not straight-forward and to date there is no

simple, objective tool that can be used to compare and evaluate the performance

of different upper-limb control systems.

An important element in the performance analysis when it comes to pattern

recognition myoelectric control is the distinction between real-time and offline

performance. This distinction is based on the presence of the subject in the test-

ing/evaluation phase. Thus, the term offline evaluation refers to the analysis on

pre-recorded datasets in the lab and the metrics that are reported in this case are

more related to the performance of a classifier that runs on a computer. Standard

performance evaluation metrics in this case are the offline classification accuracy

and the classification errors. However, as discussed by Ortiz-Catalan et al. (2015),

such metrics do not always correlate with real-time control performance. Hence,

there is a need for real-time performance evaluation metrics.

With the term online/real-time evaluation we are referring to the perfor-

mance of a system that is including the human subject in the loop on the testing

phase of the classifier. Metrics that have been used in the real-time analysis of

myoelectric pattern recognition systems include (Rasool et al., 2015):

• selection time (ST), that is, the time taken to select the correct target motion

• completion time (CT), which is defined as the time from movement onset

to completion of the target motion task, and

• completion rate (CR), which is the percentage of successfully completed

motions.

The importance of the distinction between real-time and offline analysis comes
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form the nature of the prostheses application. User satisfaction is very impor-

tant, since prostheses rejection depends on the user’s perception of whether it is

an easy to use device. Moreover in a real-time application the user is receiving

feedback (varying from visual cues to tactile feedback) closing the control loop,

which results in changes in the behavior of the user Pistohl et al. (2014).

High offline performance does not necessary correlate with high real-time

performance and satisfaction of the user. This doesn’t mean that there is no ben-

efit of improving the offline performance and experimenting with pre-recorded

data, in order to improve the performance of a classifier, but it highlights the

need of the system to be further evaluated and tuned by real-time experiments.

A plethora of real-time evaluation protocols have been proposed in litera-

ture in order to access the performance and dexterity of controlling a prosthetic

hand. The following sections briefly introduce some of the most commonly used

protocols in the myoelectric control literature.

D.1 The Southampton Hand Assessment Procedure

(SHAP)

The Southampton Hand Assessment Procedure (SHAP) (Light et al., 2002) is a

clinically validated hand function test, developed to evaluate the effectiveness

and functionality of upper limb prostheses in adults. It consists of a board with

indications of objects positions, 6 abstract objects and 14 Activities of Daily Liv-

ing (ADL). Each task is timed by the participant by pressing a button upon

completion of the task, which minimises interference or reliability on the re-

action times of the observer or clinician. The Southampton Hand Assessment

Procedure (SHAP) provides function scores for individual hand grips and an

overall score for hand functionality, namely the index of function (IOF), but the

equations that describe those metrics are not publicly available. SHAP has been

tested in prosthetic users (Hargrove et al., 2017, Sobuh et al., 2014).
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D.2 Box and Block Test

The Box and Block Test is a manual dexterity test that consists of a box sepa-

rated into two adjacent compartments by a center 6-in partition and a collection

of small wooden blocks that are placed in one side of the box. In this test the

subject is instructed to utilise the prosthesis to grasp each of the block from one

compartment, transport it over the box partition, and release it in the opposite

compartment as quickly as possible. The amount of blocks that are successfully

transported to the other side of the box in a total period of 60 seconds corre-

sponds to a dexterity measure.

This test is quantitative, quick and easy to administer (takes about 1-3 min-

utes to complete Haverkate et al. (2016)), and normative data has been recorded.

It has been used frequently to quantify the effect of treatment on upper limb

function for disorders such as cerebral palsy, multiple sclerosis, stroke and trau-

matic Brain Injury (Chanubol et al., 2012, Chen et al., 2009, Gilliaux et al., 2015,

Katz-Leurer et al., 2009, Platz et al., 2005).

D.3 Clothespin relocation test

The task during the Clothespin Relocation Test is to move three clothespins from

a horizontal to a vertical bar, and back. The performance is evaluated in terms of

success and speed. Since it involves reach and grasp motions and the movement

of the arm in space to reorient the clothespin it involves a lot of arm and shoulder

motions in order to achieve the task in hand.

The clothespin and nine-hole peg mostly test the reach and grasp perfor-

mance rather than grasping a variety of different objects. The operation can

involve all of the joints of the arm from the shoulder, as well as needing preci-

sion to locate the clothespins over the bar and release it Lipschutz et al. (2006).

Use of a virtual clothespin task, Hargrove et al. (2007) showed that system con-

trollability and functional performance improved when the transient portion of

EMG signals was included in classifier training Kyberd et al. (2018).
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D.4 Fitt’s Law test

Fitts’ Law refers to the work by psychologist Paul Morris Fitts (Fitts, 1954) who,

after examining the human motor system, proposed a model that quantifies the

performance of a target selection task and relates the difficulty of acquiring the

target to the time required to execute the action. The time needed to acquire

the target is modelled as a function of the distance to and relates inverse to the

size of the target. Fast movements and small targets relate to greater error rates

speed-accuracy trade-off.

One metric proposed by Fitts was the index of difficulty (ID, in bits):

ID = log2

(
2D
W

)
(D.1)

where D is the distance from the center of the target and W is the width of

the target.

Fitts also proposed an index of performance (IP, in bits per second) as a mea-

sure of human performance when selecting the target (also called throughput

(TP)).

IP =

(
ID
MT

)
(D.2)

where MT is the movement time measured in seconds.

Fitts’ Law has been used to evaluate the performance of myoelectric classifi-

cation tasks.

D.5 The Target Achievement Control test

The Target Achievement Control test is a specific case that relates to Fitts’ Law.

During the Target Achievement Control test Simon et al. (2011) the users are in-

structed to move a virtual prosthetic device into a target position and posture for

a specific period of time. The test provides feedback on the speed and efficiency
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of the control aiding in correcting errors in movement and improve performance

of the use of the prosthesis. Control within a virtual environment is correlated

to functional outcomes when using a physical prosthesis Hargrove et al. (2018).
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E | Neural Network Models

Summaries

E.1 Convolutional Neural Network

_________________________________________________________________

Model: "CNN"

_________________________________________________________________

Layer (type) Output Shape Param #

=================================================================

conv2d (Conv2D) (None, 256, 12, 32) 1600

_________________________________________________________________

batch_normalization (BatchNo (None, 256, 12, 32) 128

_________________________________________________________________

max_pooling2d (MaxPooling2D) (None, 256, 6, 32) 0

_________________________________________________________________

dropout (Dropout) (None, 256, 6, 32) 0

_________________________________________________________________

conv2d_1 (Conv2D) (None, 256, 6, 32) 51200

_________________________________________________________________

batch_normalization_1 (Batch (None, 256, 6, 32) 128

_________________________________________________________________

max_pooling2d_1 (MaxPooling2 (None, 256, 3, 32) 0

_________________________________________________________________

dropout_1 (Dropout) (None, 256, 3, 32) 0

_________________________________________________________________

conv2d_2 (Conv2D) (None, 256, 3, 32) 51200

_________________________________________________________________

batch_normalization_2 (Batch (None, 256, 3, 32) 128

_________________________________________________________________

dropout_2 (Dropout) (None, 256, 3, 32) 0

_________________________________________________________________

flatten (Flatten) (None, 24576) 0

_________________________________________________________________

dense (Dense) (None, 128) 3145728

_________________________________________________________________

batch_normalization_3 (Batch (None, 128) 512

_________________________________________________________________
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dropout_3 (Dropout) (None, 128) 0

_________________________________________________________________

dense_1 (Dense) (None, 6) 774

=================================================================

Total params: 3,251,398

Trainable params: 3,250,950

Non-trainable params: 448

_________________________________________________________________

E.2 Recurrent Neural Network

_________________________________________________________________

Model: "RNN"

_________________________________________________________________

Layer (type) Output Shape Param #

=================================================================

lstm (LSTM) (None, 256, 64) 19712

_________________________________________________________________

lstm_1 (LSTM) (None, 256, 32) 12416

_________________________________________________________________

attention (attention) (None, 32) 288

_________________________________________________________________

dense (Dense) (None, 64) 2112

_________________________________________________________________

dropout (Dropout) (None, 64) 0

_________________________________________________________________

dense_1 (Dense) (None, 6) 390

=================================================================

Total params: 34,950

Trainable params: 34,950

Non-trainable params: 0

_________________________________________________________________

E.3 Multi-Modal Fusion Neural Network

Following is an example of the MMFNN when three CNNs are used to train

three input sources; namely, the original EMG signal, the IMU data, and the

noisy EMG signal.

_________________________________________________________________

Model: "Merge 3 CNN"

__________________________________________________________________________________________________

Layer (type) Output Shape Param # Connected to

==================================================================================================
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input_1 (InputLayer) [(None, 256, 12, 1)] 0

__________________________________________________________________________________________________

conv2d (Conv2D) (None, 256, 12, 32) 1600 input_1[0][0]

__________________________________________________________________________________________________

batch_normalization (BatchNorma (None, 256, 12, 32) 128 conv2d[0][0]

__________________________________________________________________________________________________

max_pooling2d (MaxPooling2D) (None, 256, 6, 32) 0 batch_normalization[0][0]

__________________________________________________________________________________________________

dropout (Dropout) (None, 256, 6, 32) 0 max_pooling2d[0][0]

__________________________________________________________________________________________________

input_2 (InputLayer) [(None, 256, 12, 9)] 0

__________________________________________________________________________________________________

conv2d_1 (Conv2D) (None, 256, 6, 32) 51200 dropout[0][0]

__________________________________________________________________________________________________

conv2d_3 (Conv2D) (None, 256, 12, 32) 14400 input_2[0][0]

__________________________________________________________________________________________________

input_3 (InputLayer) [(None, 256, 12, 1)] 0

__________________________________________________________________________________________________

batch_normalization_1 (BatchNor (None, 256, 6, 32) 128 conv2d_1[0][0]

__________________________________________________________________________________________________

batch_normalization_3 (BatchNor (None, 256, 12, 32) 128 conv2d_3[0][0]

__________________________________________________________________________________________________

conv2d_5 (Conv2D) (None, 256, 12, 32) 1600 input_3[0][0]

__________________________________________________________________________________________________

max_pooling2d_1 (MaxPooling2D) (None, 256, 3, 32) 0 batch_normalization_1[0][0]

__________________________________________________________________________________________________

max_pooling2d_2 (MaxPooling2D) (None, 256, 6, 32) 0 batch_normalization_3[0][0]

__________________________________________________________________________________________________

batch_normalization_5 (BatchNor (None, 256, 12, 32) 128 conv2d_5[0][0]

__________________________________________________________________________________________________

dropout_1 (Dropout) (None, 256, 3, 32) 0 max_pooling2d_1[0][0]

__________________________________________________________________________________________________

dropout_3 (Dropout) (None, 256, 6, 32) 0 max_pooling2d_2[0][0]

__________________________________________________________________________________________________

max_pooling2d_3 (MaxPooling2D) (None, 256, 6, 32) 0 batch_normalization_5[0][0]

__________________________________________________________________________________________________

conv2d_2 (Conv2D) (None, 256, 3, 32) 51200 dropout_1[0][0]

__________________________________________________________________________________________________

conv2d_4 (Conv2D) (None, 256, 6, 32) 51200 dropout_3[0][0]

__________________________________________________________________________________________________

dropout_5 (Dropout) (None, 256, 6, 32) 0 max_pooling2d_3[0][0]

__________________________________________________________________________________________________

batch_normalization_2 (BatchNor (None, 256, 3, 32) 128 conv2d_2[0][0]

__________________________________________________________________________________________________

batch_normalization_4 (BatchNor (None, 256, 6, 32) 128 conv2d_4[0][0]

__________________________________________________________________________________________________

conv2d_6 (Conv2D) (None, 256, 6, 32) 51200 dropout_5[0][0]

__________________________________________________________________________________________________

dropout_2 (Dropout) (None, 256, 3, 32) 0 batch_normalization_2[0][0]
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__________________________________________________________________________________________________

dropout_4 (Dropout) (None, 256, 6, 32) 0 batch_normalization_4[0][0]

__________________________________________________________________________________________________

batch_normalization_6 (BatchNor (None, 256, 6, 32) 128 conv2d_6[0][0]

__________________________________________________________________________________________________

flatten (Flatten) (None, 24576) 0 dropout_2[0][0]

__________________________________________________________________________________________________

flatten_1 (Flatten) (None, 49152) 0 dropout_4[0][0]

__________________________________________________________________________________________________

dropout_6 (Dropout) (None, 256, 6, 32) 0 batch_normalization_6[0][0]

__________________________________________________________________________________________________

dense (Dense) (None, 128) 3145728 flatten[0][0]

__________________________________________________________________________________________________

dense_1 (Dense) (None, 128) 6291456 flatten_1[0][0]

__________________________________________________________________________________________________

flatten_2 (Flatten) (None, 49152) 0 dropout_6[0][0]

__________________________________________________________________________________________________

concatenate (Concatenate) (None, 256) 0 dense[0][0]

dense_1[0][0]

__________________________________________________________________________________________________

dense_2 (Dense) (None, 128) 6291456 flatten_2[0][0]

__________________________________________________________________________________________________

concatenate_1 (Concatenate) (None, 384) 0 concatenate[0][0]

dense_2[0][0]

__________________________________________________________________________________________________

dense_3 (Dense) (None, 128) 49152 concatenate_1[0][0]

__________________________________________________________________________________________________

dense_4 (Dense) (None, 64) 8192 dense_3[0][0]

__________________________________________________________________________________________________

dense_5 (Dense) (None, 32) 2048 dense_4[0][0]

__________________________________________________________________________________________________

dense_6 (Dense) (None, 6) 198 dense_5[0][0]

==================================================================================================

Total params: 16,011,526

Trainable params: 16,011,078

Non-trainable params: 448

__________________________________________________________________________________________________
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