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Summary

This thesis aims to develop systems for intent sensing — the measurement and predic-
tion of what it is that a user wants to happen. Being able to sense intent could be hugely
beneficial for control of assistive devices, and could make a great impact on the wider

medical device industry.

Initially, a literature review is performed to determine the current state-of-the-art for
intent sensing, and identifies that a holistic intent sensing system that properly captures
all aspects of intent has not yet been developed. This is therefore followed by the devel-

opment of such a novel intent sensing system.

To achieve this, algorithms are developed to combine multiple sensors together into a
modular Probabilistic Sensor Network. The performance of such a network is modelled
mathematically, with these models tested and verified on real data. The intent sensing
system then developed from these models is tested for sensing modalities such as Elec-
tromyography (EMG), motion data from Inertial Measurement Units (IMUs), and audio.
The benefits of constructing a modular system in this way are demonstrated, showcas-
ing improvement in accuracy with a fixed amount of training data, and in robustness
to sensor unavailability — a common problem in prosthetics, where sensor lift-off from

the skin is a frequent issue.



Initially, the algorithm is developed to classify intent after activity completion, and this
is then developed to allow it to run in real-time. Different classification methods are
proposed and tested including K-nearest-neighbours (KNN), before deep learning is
selected as an effective classifier for this task. In order to apply deep learning without
requiring a prohibitively large training data set, a time-segmentation method is devel-
oped to limit the complexity of the model and make better use of the available data.
Finally, the techniques developed in the thesis are combined into a single continuous,
multi-modal intent sensing system that is modular in both sensor composition and in

time.

At every stage of this process, the algorithms are tested against real data, initially from
non-disabled volunteer participants and in the later chapters on data from patients with
Parkinson’s disease (a group who may benefit greatly from an intent sensing system).
The final system is found to achieve an accuracy of 97.4% almost immediately after ac-
tivity inception, increasing to 99.9918% over the course of the activity. This high accu-
racy can be seen both in the patient group and the control group, demonstrating that
intent sensing is indeed viable with currently available technology, and should be fur-
ther developed into future control systems for assistive devices to improve quality of

life for both disabled and non-disabled users alike.
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Introduction

1.1 What is Intent?

Within the context of this thesis, intent is understood as “what it is that a person wants
to make happen”. This operates on many levels, both short and long-term. For example,
a user might be sitting on the sofa, watching television. Their intent at this time might
be to continue sitting and watching television. However, at some point, they might de-
cide they are hungry, at which point their long-term intent might be to get a snack. At
this point, the user might not yet have moved in any way, but while the activity has not

yet begun, their intent has changed.

To achieve this goal, the user’s short-term intent must first be to stand up. They might
then start walking, and the intent of this motion is to get to the kitchen, after which they
might plan to open the fridge. They may have planned what snack they would like, or

might plan to decide based on what they find in the fridge. Retrieving the snack will



involve a number of specific arm movements and motor control tasks, with precise
short-term intents. The user might then return to their sofa and continue watching tel-

evision.

The continuous prediction and monitoring of all these different intent possibilities,
throughout a user’s activities of daily living, are what is known as “intent sensing”.
Intent has been discussed in existing literature [1,2], but the definitions and methodol-
ogies employed vary considerably. A clear definition of intent is required, along with
an understanding of the extent to which it has already been explored, and this will be

investigated in Chapter 2.

1.2 Why Is Sensing Intent Useful?

Understanding human intent has the potential to revolutionise the way we interact with
technology. Rather than relying on user input, smart devices could learn to anticipate
our needs, saving time and increasing user productivity. One of the biggest potential
impacts, however, is in healthcare. Assistive technology is being developed to help sup-
port those with limited mobility, such as the elderly [3], amputee patients [4], and peo-
ple living with illnesses such as Parkinson’s disease [5]. Being able to predict user intent
could make a huge difference to ensuring the safety of users of assistive technology,

and improving quality of life.

Referring back to the example in Section 1.1 —if the user is elderly, then the act of stand-
ing is likely to lead to an increased fall risk [6]. Determining that the user is about to try

to stand could be used to activate monitoring devices, to alert a carer, or to activate an



assistive smart brace or exoskeletal device. Lights could then automatically switch on,
safely guiding the user to the kitchen. The television could automatically switch off to
conserve power and save the user having to do this themselves. When the user is near
enough, the fridge door could even open automatically, and close itself once the user
has moved far enough away. These automated responses would support the user’s
need for independent living, allowing them to maintain their quality-of-life without re-

quiring the intervention of others.

Intent sensing could also have particular benefits for amputees using smart prosthetic
devices. Many of the most sophisticated prosthetic upper limbs [7], are limited in their
functionality by the necessity for users to manually select which grip they would like
to use. Usually, selection may be done with an app [7], a button interface [8], or gesture
control [9], but in all these variations, it is indisputably clear this is nowhere near as
intuitive as natural control of a healthy biological limb. It already has been suggested
that humans are sensitive to small changes in the environment, which is reflected in our
motor behaviour [10]. Previous work showed how object identification can potentially
enhance grasping and create more natural interaction between user and environment
[11]. With intent sensing, the usual control limitations of prosthetic devices could be

overcome.

In the case of the above example, an intent-driven lower-limb device could automati-
cally recognise the user’s intent to stand and switch into the necessary mode, or an up-
per limb prosthetic could configure to the correct grip needed to open the fridge with-

out any input from the user.



This kind of intuitive control could majorly improve the device’s functionality, helping
bring the user’s physical ability more in line with that of a non-disabled person and

reducing instances of prosthetic device abandonment [12].

1.3 How Can Intent be Sensed?

There are many different ways intent can be sensed. In fact, since intent is an intuitively
challenging thing to predict, combining multiple sensing modalities could be key to
predicting it accurately. In Section 1.1’s example, wearable electromyography sensors
could detect anticipatory activity in the muscles and determine that the user is about to
move. Motion sensors could be used to categorise the user’s movements to determine
what activity they are doing. Gaze-tracking sensors could determine what objects the
user might be about to interact with, and even contextual factors such as time of day
and when the user last ate could be used to anticipate activity before the user even
makes a decision. Further discussion into possible intent sensing modalities can be

found in Chapter 2.

For this thesis, two hard restrictions are placed on possible sensing modalities. The first
of these is that they must be passive; the objective is to measure what a user wants to
do without them having to take additional action to deliberately indicate it. Methods
such as voice control, gesture control, and interacting with an app interface may all be
useful for many applications, but are not passive, so will not be considered for this pro-

ject.



The second restriction is that the sensors must be non-invasive. Existing literature has
shown promising developments in brain-computer-interfaces through implants, inter-
acting with the nervous system and the brain itself to determine what a user is thinking
of doing, but this kind of technology carries an inherent risk to health, ethical implica-
tions and often a huge cost [13]. The techniques developed in this thesis are intended to
be as safe and accessible as possible, and therefore only non-invasive sensing modalities

will be used.

1.4 Objective

The overarching objective of this thesis will be to develop systems for intent sensing.
This will take the technology from its starting point in the literature, where relatively
little research has taken place, to a stage where it can be applied to a group including
both disabled and non-disabled individuals to accurately classify their intent (although
using this to control an output is considered beyond the scope of this project). To
achieve this, a clear scientific definition of intent will need to be detailed, an algorithmic
framework will need to be mathematically modelled and built, the most suitable algo-
rithms will need to be identified, and the system will need to be tested using data from

real participants.



A Systematic Literature Review of Intent Sensing for

Control of Medical Devices

Published by Joseph Russell and Jeroen Bergmann in IEEE Transactions on Medical
Robotics and Bionics, vol. 4, no. 1, pp. 118-129, Feb. 2022, doi:

10.1109/TMRB.2021.3135704.

Chapter Abstract

The usefulness of medical devices, which require user input, is often limited by the con-
trol schemes that operate them. The recognition of user intent could enable far more
intuitive control schemes that respond automatically to what the user wants the device
to do. This chapter provides a definition for intent, and then aims to systematically re-
view current methods for sensing intent. It compares the accuracy of different methods
and discusses how they might be combined. A systematic literature search was per-

formed using IEEE Xplore, PubMed and Web of Science databases. 2311 papers were



considered, reduced to 155 after review. All selected papers were assessed for quality
using a checklist. The results identified and compared 15 sensing modalities used for
intent sensing in a range of situations and applications that broadly fell into 12 distinct
categories, with highly varying levels of accuracy. Several papers reached accuracy lev-
els that could be suitable for everyday clinical application, but most work done on intent
sensing to date has focused on activity transition classification, with fewer papers ad-
dressing task goal interference or predicting future actions. Further work can focus on
the implementation of these kind of methods into a combined, context-aware intent

sensing control system.



2.1 Introduction

Interactions between humans and technology are fundamental to daily twenty-first cen-
tury life. Better methods of interacting with devices can enable more intuitive control,
increase productivity and improve the overall user experience. Human computer inter-
action is a growing field of study, with possible implications in almost every workspace

and living environment and many opportunities for improvement.

One particular area of great opportunity for research and development is that of intent
sensing. Being able to infer what the user actually wants to happen, without them hav-
ing to actively indicate it, could reduce or even eliminate the need for direct user input
devices like buttons, hand-held controllers, etc. and has the potential to truly change

the relationship between humans and technology.

This could be of particular interest for the medical technology industry. Clear examples
of use cases consist of smart glucose control for diabetics, where research is underway
to predict patients’ activity in advance [14], as well as for the elderly and prosthetic

device users, as discussed in Chapter 1.

The aim of this chapter is to systematically review the literature regarding intent sens-
ing in humans and to summarise the current state-of-the-art in terms of accuracy of
these methods. This includes signals from not only wearable devices, but also portable
devices such as smart phones and static sensors, which could be found in smart envi-

ronments such as smart homes (a developing field with increasing potential in the



healthcare industry [15]). The information generated by this technology could be used

to assist in intent identification through the concept of context-awareness.

According to [2], intent sensing “includes recognising the current activity, inferring the
task goal, and predicting future actions.” In this review, the statement is refined slightly
in that it refers only to positive activity leading to some change in the user’s state. This
could include low-level action — e.g. reaching for an object, grabbing it — or a high-level
action, e.g. cooking, cleaning, driving, etc. It does not refer to the passive observation of
states, such as using gait analysis to classify the current mode of ambulation (e.g. walk-
ing or running) or using a pressure sensor in a bed to detect that the subject is lying
down. It does, however, include transitions between states — for instance, starting run-
ning, beginning to climb stairs, getting out of bed, or slowing down. This chapter there-
fore does not concern itself with simply monitoring and quantifying human activity/be-
haviour —but rather with the use of related sensors to infer when a human is transition-
ing, and if possible, predict what they are going to do next. Additionally, as stipulated
in Chapter 1, intent sensing is not considered to include additional manual intervention
from the user. Only “natural” actions from the person are considered - if the user is
required to indicate their intent in some way, e.g. by pressing a button or performing a

specific gesture, this will not be considered true intent sensing.

Intent sensing is therefore defined as predicting future actions, passively recognising
an activity state transition and inferring the subsequent task goal. Furthermore, to com-
pare and contrast the performance and potential of each method of intent sensing, pa-

pers reviewed in this study must in some way quantify the accuracy of their system.
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Figure 2.1. Flowchart detailing the proposed theoretical flow of task completion. The figure highlights the
three aspects of intent sensing defined in the scope of this chapter. Contextual stimulus refers to factors
such as the user’s routine, emotional state, previous experience, desires and instincts which may lead to
action. Environmental stimulus encompasses external factors such as proximity to stairs, indicating a
user might want to climb them. The maintenance or change of task goal involves continuous re-assess-
ment of the previous steps which may or may not lead to a change in the current action. Feedback loops
between the stages (dotted lines) are not considered for the intent definition at this stage. While all ele-
ments of this flowchart are important for an overall understanding of intent, the studies performed in
this thesis predominantly focus on the region after the inception of the idea to act, and do not attempt to

incorporate contextual and environmental stimuli.

This literature review will therefore summarise the existing methods of human intent
sensing, compare their accuracy, and subsequently assess their potential for the design

of an intent sensing operating system.

The components for a new definition of intent (see Figure 2.1) are further described

below to provide additional clarity beyond the originally proposed definition.
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2.1.1 Predicting Future Actions

The first key aspect of intent sensing identified in the definition is prediction — deter-
mining what a user is about to do before it happens. Less work has been done on this
than activity transition recognition, and performance results on this aspect are highly
mixed. The prediction of future actions is essential, as it allows the system to make the
necessary changes on time. The transition and goal detection can be determined as it
happens, but the prediction needs to be completed beforehand. This is the main differ-

ence of this component compared to the following two.

Some studies have integrated prediction into a smart-home activity transition recogni-
tion system by tracking user movement and building a profile of the user’s typical rou-
tines. This allows some degree of high-level prediction, e.g. “the user normally goes to
the bathroom before bed.” [16]

On a lower level, wearable sensors have been used to predict upper-limb reaching ac-
tions through the use of electroencephalography (EEG), but only over time periods of
up to a second [17]. Locomotion events can also be predicted through wearable sensors,

but again, the timeframe for this prediction is rather short [18].

Increasing the time span would allow for the system to be more prepared regarding the
intent of the user, but this is likely to result in an increased uncertainty in terms of ac-

curacy.

11



2.1.2 Recognising the Activity Transition

Another important part of intent sensing is the concept of activity transition recognition
— identifying actions that a user is currently doing or has recently done, specifically
when they are changing from one activity state to another. Much of the work in this
tield has focused exclusively on activity transition recognition for a whole range of ap-

plications [19].

Some activity transition recognition techniques leverage the concept of a “smart home,”
using networks of sensors placed strategically around the user’s home to detect changes
in their current Activity of Daily Living (ADL) [20]. Often this is done by tracking the
user’s location, as they move from bedroom to kitchen to living room — however, this
gives only a high-level classification of the activity transition without observing specific

movements [21].

Individualised sensors — e.g. pressure sensors in the bed, smart detection of kettle turn-
ing on, etc. allow more precise classification of activities, but are obviously fundamen-
tally limited, in that each sensor is specifically designed for sensing one particular task

[22].

Portable devices have also had their data leveraged to perform activity transition recog-
nition. Smart phones and watches contain sensors such as accelerometers and micro-
phones which can be used to passively gather data to classify user activities throughout

the day. These are primarily used to identify periods of exercise, but it is feasible that

12



data from mobile devices could contribute towards an activity transition recognition

sensor network [23].

In intent sensing, any activity recognition should feed into the recognition of an activity
transition. The user will always be in a certain state when sensing is starting, and the
system will be preparing itself to deal with the next state when a transition is detected.

This is a fundamental step of intent detection.

2.1.3 Inferring the Subsequent Task Goal

The final component of intent recognition as defined above is inference of the task goal,
which includes identification of the motor goal — the neurally planned outcome of a
current physical activity, which may be (automatically) corrected in the event of a per-
turbation [24]. However, the concept of task goal as considered in this definition ex-
tends beyond the motor goal, towards the higher-level goal of a current activity transi-
tion, e.g. reaching out in order to pick up a cup, approaching the stairs in order to climb
them, or even moving the hands in order to turn a steering wheel and therefore park a
car. In a sense, it is a short-term prediction at the end of the current activity. This is
distinctly different from predicting future actions. Inferring the task goal refers exclu-
sively to identifying the objective of a task which is currently underway, whereas pre-

diction of future actions relates to anticipating tasks which have not yet begun.

Several studies have taken place into the inference of task goals using eye tracking, to
identify objectives in ADLs [25] or to predict the toy a child would like to play with [26].

Work has also been done to understand the goals of drivers when manoeuvring on the

13



road, with warnings to indicate if the inferred manoeuvre could be unsafe [27]. This
part of the definition is concerned with identifying what the goal of the activity will be
once the transition phase has been entered. The transition phase allows the system to
be aware of a change, whilst the activity goal will indicate what the system needs to do

directly after transition.

2.1.4 Example

To more clearly explain the three aspects of intent sensing identified in this definition,
an example is provided. A camera can be used to detect a glass of water on a table,
which can represent an environmental stimulus for a person. The person can reach for
the glass because they would like to drink from it. However, the time of day and length
of time since their last drink (contextual stimuli) can be used as well to predict that they
may reach for the glass. This can happen before the idea has even occurred to the person.
While the confidence of this prediction may initially be low, it is likely to increase over
time as the action becomes more imminent. Cues taken from a person’s body language
and perhaps even brain activity can indicate the person is starting to act on their plan-

ning. All these aspects can be considered for intent sensing.

Then, when the person begins to reach, the activity transition from a rest state to a reach-
ing motion may be recognised, for example by an electromyography (EMG) monitoring

system on the arm.

14



The task goal of the arm movement is to reach the glass, which may be inferred through
eye-tracking, or by estimating the trajectory of the reach. One might even be able to

detect a goal change — for instance, the glass is pushed away instead of picked-up.

2.1.5 Limitations

The proposed definition of intent works well in the context of controlling medical de-
vices, but could be further optimised for broader use beyond the scope of the current
chapter. The literature offers conflicting use of the word “intent”, and ambiguities may
arise in certain applications as to whether or not they should be considered “true” intent
sensing. Examples of this include wheelchair navigation through doorways [28] or the
prediction of web links that a computer user may intend to click on [29], which by this
chapter’s definition would be considered intent sensing, but might not be currently ref-

erenced as such.

2.1.6 Objective

This review will focus on studies related to intent (as previously described) in some
way. As such, it should be noted that the review will not include wider contextual tools
which may have potential applications for intent detection, such as the recognition of
obstacles or the learning of daily routines. Literature will only be included if attempts
were made within those studies to apply measurements and observations directly re-
lated to intent sensing. In addition, this review accepts articles that utilise sensor infor-
mation in their predictions of intent. Purely theoretical papers, or papers which exclu-

sively use self-reported intent, will not be included.

15



The overall objective of the review will be to assemble all existing literature on intent
sensing as previously defined, assess its quality and categorise it according to which
sensors it uses. The literature will also be clustered according to the components of the
intent sensing definition it addresses, and the general distribution of types of intent
measured will be determined. The results identified will then be used to assess each
sensor type’s suitability for intent sensing and highlight areas in the literature where
more research is needed. Mann-Kendall tests (a well-established statistical test for trend
analysis [30]) will also be employed to quantify trends over time in numbers of papers
related to each sensor type and intent sensing aspect to indicate areas of particular

growth.

2.2 Methods

2.2.1 Search Strategy

This chapter will perform a systematic review of existing methods of intent sensing,
following the guidelines and principles of Preferred Reporting Items for Systematic Re-
views and Meta-Analyses (PRISMA) [31]. The search strategy consisted of the keywords:
(Accuracy OR Sensitivity OR Specificity) AND (((Predict OR Prediction) AND (Activity
OR Behaviour)) OR Intent) AND (Sensors OR Sensor network OR BSN OR Wearable
Sensors). This was used to search three databases: IEEE Xplore, Pubmed and Web of
Science, returning results that included these search terms in their keywords, title or

abstract. The search covered all published papers up to and including January 2020.

16



2.2.2 Study Selection

All results were first screened by reviewing the abstract and eliminating those which
did not satisfy conditions for relevance according to the definition of intent sensing dis-
cussed in Section 2.1. As this definition is quite nuanced, a simple selection of keywords
alone was not sufficient to fully determine each paper’s relevance. A second reader also
reviewed the results, and in instances where the readers’ opinions on relevance con-
flicted, a discussion took place until both readers were in agreement. If no agreement

could be reached, a third reviewer was required to adjudicate.

The inclusion criteria were:

1. Must be written in English.
2. Must be peer reviewed.

3. Must refer (either implicitly or explicitly) to at least one of the three aspects of
intent sensing identified in this chapter’s definition — predicting future ac-

tions, activity transition recognition, and goal inference.

4. Must not refer only to activity recognition without identification of transitions
between states. However, the inclusion of activity recognition alongside valid

components of intent sensing is acceptable.

5. Must contain some measure of accuracy or reliability, i.e. not simply a descrip-

tion of a theoretical method.

17



Each study had the following data recorded: Title, First Author, Year, Number of Par-
ticipants, Participant Details, Aim, Outcomes, Sensors Used and Intent Aspects Identi-

fied.

2.2.3 Quality Assessment

The quality of the papers was then reviewed using an eight-item checklist. The criteria
used were based on those in [32], which were themselves based on the Joanna Briggs
Institute critical appraisal checklist for cross-sectional research [33], “adapted to be ap-
plicable for Machine Learning applications”. The final modified checklist is shown in
Table 2.1, in the Results section. For some papers, not all eight criteria were relevant, so
they were discounted whenever they were not applicable. For each article, the number
of relevant checklist criteria satisfied was counted, and divided by the total number of
relevant criteria to give a percentage score. This percentage score was considered to

represent the paper’s quality, and the papers were then ranked in order of these scores.

The quality assessment was then confirmed by a second reader, and again, any disa-

greements were discussed until both readers agreed or a third adjudicator was used.

2.2.4 Categorisation

The papers were then categorised according to the sensors used, the intent components
identified, and the type of action intent measured, with the numbers of articles falling

into each category counted. The accuracies reported by papers in each of the categories
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were recorded. It should, however, be noted that the accuracy metrics used varied from

paper to paper and are not always directly comparable.

For example, [34] used EMG and kinematic sensors to classify between seven different
activity transitions with 95% accuracy, whereas [35] used EEG to distinguish between
a reach motion and rest with 72% accuracy. These two studies differ in complexity, and

so the accuracy comparison should be used as a general guide only.

2.2.5 Trend Analysis

The numbers of papers published each year involving i) each aspect of intent sensing
and ii) each sensor type were recorded, and the general trend analysed using a Mann-
Kendall test, assessing paper count per year between 2005 and 2019. The resulting val-

ues were tabulated for comparison.

2.3 Results

A total of 2808 papers were screened across the three databases, with 497 duplicates
identified and removed. This left 2311 papers for abstract-reviewing, which subse-
quently reduced the number to 155. None of the papers were excluded based on their
main body contents, indicating the keywords chosen were effective. Figure 2.2 shows a
flowchart of the reviewing process. Qualitative synthesis was then performed on these

remaining papers.
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Additional records identified

Records identified through .
through additional sources (n=0)

database searching (n=2808)

v

Records after duplicates removed
(n=2311)

Records screened on title and
abstract (n=2311)

Records excluded (n=2156)

Full-text articles assessed for
eligibility (n=155)

A 4

Full-text articles excluded (n=0)

Studies included in qualitative
synthesis (n=155)

Figure 2.2. Flowchart of the inclusion/exclusion decision-making process used to determine which papers

should be used in the study.

2.3.1 Quality Assessment

The quality ratings of the papers varied, with a median of 81%, and an interquartile
range of 63%-100%. 44 papers had a perfect 100% score, and no papers scored 0% - the
lowest quality score recorded was 31%. All papers reviewed had at least some descrip-
tion of aim/objective, though this varied in clarity, satisfying or partially satisfying item

1. Items 2 and 5 were not applicable to papers which did not gather data (as they used
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a pre-existing dataset), so these were only evaluated for 104 of the papers. The percent-

ages of papers satisfying each part of the intent definition are shown in Table 2.1.

. L. Valid for Satisfied by
Item Description
(# of papers) | (% of papers)

A clear objective and description of inclusion
criteria of the study population (i.e. selection of

1 . : . 155 90%
subject group, or time series data) or statement
of aim prior to data collection?
A detailed description of the study population

2 . . . 103 51%
(i.e. how are the subjects recruited?)
A clear description of the data source and how

3 | data was collected (i.e. clearly describe method 155 97%
of measurement.)
A valid and reproducible data collection and

4 measurement method (i.e. was the data meas- 155 63%
ured in a reliable way?)
Attainment of ethical approval. Were ethical is-

5 . . 1 . 100 37%
sues (e.g. subject confidentiality) considered?

6 Were findings and implications discussed in de- 155 749%
tail?

. Were the outcomes measured in a valid and re- 155 97%
liable way?

g Was an appropriate cross-validation and evalu- 155 90%

ation method used?

Table 2.1. Quality assessment checklist. The number (#) of papers for which a certain item was valid is

given, as well as the percentage of valid papers that satisfied the criteria.

2.3.2 Categorisation

Dividing the papers into categories based on the earlier definition revealed that 88%

discussed the activity transition recognition aspect of intent, 6% discussed goal infer-

ence, and 17% discussed prediction of future actions. There was little difference in qual-

ity across the three categories, with the median quality remaining at ~75% for all three.
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Separating the papers reviewed by the sensing method revealed that 15 different sens-
ing methods were used to detect intent. These were: computer vision, Electroenceph-
alography (EEG), Electromyography (EMG), Mechanomygraphy (MMG), Force Myog-
raphy (FMG), angular rotation measurement, motion tracking, gaze tracking, accel-
erometers, smart phone sensors, smart watch sensors, smart home sensors, force/pres-
sure measurements, self-reporting and Electrocardiography (ECG). The distribution of
these is displayed in Figure 2.3, and a comparison of the accuracies in the studies for

each sensor type is shown in Figure 2.4.
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Figure 2.3. Breakdown of the number of total papers (vertical axis) according to sensor type (horizontal

axis), as well as the number satisfying each component of the intent definition. Multiple sensors can be
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used in the same paper. Vision relates to computer vision; Electromyography (EMG); Electroencephalog-
raphy (EEG);, Mechanomygraphy (MMG); Force Myography (FMG); angular rotation measurement
(Rotate); motion tracking (Motion); gaze tracking (Gaze); kinematic sensors (Kinematic); Smart phone
sensors (Phone); smart watch sensors (Watch); smart home sensors (Home); force/pressure measurements
(Force); Electrocardiography (ECG) and self-reporting (Self). Os are used to highlight sensors which were

not used in any papers for a particular intent sensing aspect.
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Figure 2.4. A box-and-whisker plot to show the range of accuracies reported in the results across the 155
papers analysed, with accuracy (%) on the vertical axis and sensor type on the horizontal. The boxes show
the upper and lower quartiles, the middle line shows the median, the whiskers show the range, and the
points indicate outliers. A point is considered an outlier if it is larger than 1.5 times the IQR of the third
quartile or 1.5 times smaller than the IQR of the first quartile. Care should be taken when interpreting

this figure, as conditions and methods vary between papers and are not “like-for-like”.
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In total 24 (15%) of the papers reviewed used more than one type of sensor, and only
one paper used more than two (three sensor types were used). It should be noted that
this occurrence of multiple sensors in some papers will mean the values displayed in

Figure 2.3 add up to greater than the total number of papers.

Dividing the papers into categories to show the type of action intent used revealed
twelve broad groups: locomotion, sitting/standing, general ADLs at home and outside
the home, reach/grasp tasks, hand gestures, estimating the user’s trajectory, predicting
posture intent, load-carrying tasks, and tasks related to exercise, driving and computer

use. The distribution of these is shown in Figure 2.5.
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Figure 2.5. The distribution of papers, grouped into categories by type of action intent studied. The num-
ber of papers is displayed on the vertical axis. Note that some papers included multiple types of action

intent, so the sum of the columns is greater than the total number of papers.

Across the three aspects of intent sensing discussed, the accuracies reported by those
papers concerned with activity transition recognition ranged from 33-100%, for goal

inference, 73-98.8%, and for prediction, 40-100%.
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2.3.3 Trend Analysis

The cumulative number of papers published per year involving each intent sensing as-

pect is shown in Figure 2.6.

Cumulative No. Papers By Intent Aspect vs Year of Publication
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Figure 2.6. The cumulative number of papers utilising each aspect of intent sensing vs the year of publi-
cation. The vertical axis shows the cumulative number of papers and years are displayed on the horizontal

axis.

The results from the Mann-Kendall tests performed on the number of papers published

per year according to the intent sensing aspect and sensor type categories are shown in

Table 2.2.
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Category N (no. papers) | z-value p-value
Total 155 4.33557 0.00001**
Intent Aspect
Prediction 27 3.72137 0.00020**
Goal 10 2.20593 0.02739*
Transition 137 4.08640 0.00004**
Sensor Type
E“V\lfi:irc‘)r;‘em 4 236520 | 0.01802*
EMG 16 2.95832 0.00309**
EEG 7 1.59631 0.11042
MMG 4 1.43346 0.15173
FMG 2 0.78840 0.43046
Rotate 4 0.96357 0.33526
Motion 6 2.58378 0.00977**
Gaze 3 0.42894 0.66797
Kinematic 45 4.02611 0.00006**
Smart Phone | 30 3.62825 0.00029**
Smart Watch |3 2.03810 0.04154*
Smart Home | 42 2.98249 0.00286**
Force 10 1.74850 0.08038
Self-Report |2 0.78840 0.43046
ECG 2 1.50513 0.13229

2.4 Discussion

2.4.1 Screening

indicates p-values <0.05. ** p-values <0.01.
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Table 2.2. Results from Mann-Kendall tests performed on the number papers reviewed by each year of
publication, categorised by intent aspect and sensor type, to indicate trends in interest over time. Note

that some papers included multiple sensor types, so N total is less than the sum of the sensor types. *

The results of the literature review revealed much about the current state of the field of

intent sensing. Many of the papers discarded during screening refer to intent, but do




not align with the definition given in this review. Instead, they refer to the use of a
control interface — e.g. the use of particular pre-programmed gestures — in order to op-

erate a device.

This does not align with the “passive” requirement of the intent sensing system stipu-
lated in this thesis, and is not considered by this review to be true intent sensing, as it
requires the user to perform a particular (additional) action in order to inform the sens-

ing system of their intentions.

2.4.2 Aspects of Intent Sensing

Referring back to the three aspects of intent sensing discussed in the introduction: ac-
tivity transition classification, goal inference and activity prediction, the existing litera-
ture varied in number of publications across the three fields. It should be noted that
while a higher minimum accuracy was reported for prediction and goal inference than
was reported for activity transition recognition, this is more likely to be simply due to
the papers having different assessment criteria. It is also intuitively easier to make more

accurate observations about current events than to predict future events.

No studies showed evidence of combining the prediction and goal inference aspects,
and by extension none attempted to combine all three aspects of the intent detection
definition into one unified system, so a system which does integrate all three would be

a strong contribution to the literature.
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2.4.3 Activity Transition Classification

The vast majority of the work that has been done to date is on activity transition classi-
fication, identifying changes in what the person is currently doing at a particular time.
88% of the papers reviewed focused on this aspect of intent sensing. While identifying
a subject’s current transition between activities is an important stage of intent identifi-
cation, it only captures information up to the present moment, and does not consider
what the user will do next or why they are doing it, so this process must be combined
with other methods to more completely identify user intent. The recognition of gait
transitions seems a particularly well-developed field with many high-accuracy meth-

ods available, and multiple studies report accuracies in the region of >99% [36,37].

2.4.4 Prediction

The prediction aspect of intent sensing is the second-most explored of the three, with
17% of papers referring to this. Results were mixed in this area, and the size of the time
window selected seemed to have a strong impact on the performance of the system —
predictions that are only a second in advance of a particular event understandably
tended to have a higher accuracy than those predictions performed five seconds in ad-
vance. This was demonstrated in particular by [38], with prediction accuracy dropping
from >80% to >60% when the time window was doubled. Alongside these studies, a
number of new models, including Hidden Markov machine learning [39] and graph-
based [40] models to learn typical patterns of user behaviour, have been developed for

use in predictive classification, which have shown promising results.
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2.4.5 Goal Inference

The goal-inference aspect of intent sensing was explored very little, with only 6% of
papers referring to it, indicating there is room for more research and exploration. In a
similar way to the prediction component, it should be noted that accuracy of the goal
inference increases as the action being studied progresses in time — in general, it is
harder to predict an action’s goal moments after its beginning than it is when it is nearly
complete. This is demonstrated in [41], a study inferring the goal of a driving manoeu-
vre to evaluate it for safety, where accuracy of the inference increases from 80% at 0.5
seconds after activity inception to 90% at 1 second after. It is also shown that a lower
classification accuracy is found when more possible goals are available [42,43]. Notably,
while some studies have attempted goal inference in non-medical settings, no system
has yet been developed to incorporate task goal inference into an intent recognition
system for a medical device, indicating there is significant scope for development in this

field.

2.4.6 Comparison Over Time

Figure 2.6 shows the cumulative number of papers related to each aspect of intent sens-
ing plotted against the year of publication. Since the first intent sensing paper published
in 2005, papers in the activity transition category have been by far the most numerous,
followed by activity prediction and goal inference. This order has been maintained,
with the gap widening over time. The total number of new intent sensing papers every

year has generally increased, with the cumulative graph getting steeper and the Mann-
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Kendall test showing a positive trend, indicating a growth in interest in the field of in-
tent sensing in more recent years. Trend analysis suggests the fields of all three aspects
of intent are growing year on year, but goal inference is growing more slowly. As this
is an essential component of a complete intent sensing system, accelerating research in
this relatively undeveloped field would be of benefit to the development of intent sens-
ing as a whole — more so than activity transition classification, which already appears
to be developing rapidly.

2.4.7 Sensing Methods

2.4.7.1 Computer Vision

Computer vision is the automated interpretation of data from visual sensors, e.g. cam-
eras. Here, it is used to refer to the observation of the environment around the user —
the use of visual sensors to track the motion of the user has been categorised as Optical
Motion Tracking. Environmental computer vision has been utilised in the areas of clas-
sification and goal inference [44]. Work on it has been relatively sparse, with only four
papers reviewed incorporating it. It has been shown to have potential in goal inference,
identifying whether a user’s goal was to climb stairs with a ~99% accuracy [45] and
planned interaction with objects yielding a ~93% accuracy [43], but further studies are
needed to apply it to more general classification of ADLs, rather than to individual,
specific situations. Depth sensing was also able to perform activity transition classifica-

tion between locomotion modes such as walking, running and stair ascent with an
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accuracy of ~94% (quality score 75%) [46], but computer vision is rarely used for this

purpose.

2.4.7.2 Electromyography (EMG)

EMG is the process of recording and evaluating the electrical signals produced by mus-
cles during activity, driven by the motor neurons [47]. EMG’s use for intent is growing
rapidly according to trend analysis, and is used in sixteen papers in total, dividing into
twelve papers to detect activity transitions, and two papers with some predictive ele-
ment (and two papers using both). However, no papers have used it for goal inference.
Results for activity transition classification in the papers reviewed showed consistently
high-accuracy (>90%), and while results in the four papers considering prediction were
mixed, of particular note was the use in a high quality paper (score 88%) of EMG to
predict sit-to-stand transitions ~130ms before the subject leaves their seat with an accu-

racy of ~99.5% [48], supporting EMG’s potential in predictive control.

2.4.7.3 Electroencephalography (EEG)

EEG is the monitoring of electrical signals from the scalp, which are analysed to extract
information about the underlying brainwave signals [42]. EEG was used in seven pa-
pers, primarily to perform activity transition classification, where both results and qual-
ity of papers were mixed. It was not used in prediction, but in two papers goal inference
was attempted, with accuracy varying between 40% and 80% in one — a brain computer
interface [42]. In the second goal-focused paper, the anticipated force of an in-progress

grasp was predicted, but the best median correlation coefficient between prediction and
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reality was only 0.51 [49]. Across the seven papers, the highest accuracy reported was
~86% [50] — high, but not high enough for reliable control of a medical device. In general,
the papers show positive results, suggesting EEG has already gained traction as a pos-
sible intent sensing method. Nonetheless, the variance and limitations in the reported
accuracy in the papers reviewed do not support this as a practical intent sensing method

for medical devices at the moment.

2.4.7.4 Mechanomyography (MMG)

MMG is the measure of physical vibrations within the muscles during activity [51].
MMG was used in four papers to recognise activity transitions, with accuracy results
ranging between ~60 and ~95%. No papers used it for prediction or goal inference. This
low number of papers and exclusive focus on only one aspect suggests limitations in
the existing work that has been done with MMG for intent sensing and that other sens-
ing types may be more readily applicable to identify intent, based on the current avail-

able evidence.

2.4.7.5 Force Myography (FMG)

FMG is the use of force sensors to capture the expansion and contraction of a surface
muscle [52]. FMG was used in only two papers, again to recognise activity transitions,
but not to predict or to infer goals. One was able to determine postures during drinking
with an accuracy of 92% [53], and the other classified positions of a robotic glove with
an accuracy of 95% [54]. These are promising results for activity transition classification,

but again the low number of papers and exclusive focus on activity transition suggests
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more studies are needed to determine the extent of FMG’s applicability to a full intent

sensing system.

2.4.7.6 Angular Rotation

The angular rotation of joints was used as a sensing input for four of the papers, all
aiming to perform recognition of transitions between activities. Results were positive,
with one good quality paper (score 75%) classifying motion patterns with an average
accuracy of ~96% [55], but again the work was limited entirely to activity transition and
no evidence is presented in the papers to suggest potential application in goal inference

or prediction.

2.4.7.7 Optical Motion Tracking

Optical motion tracking — the use of visual sensors to detect and analyse human move-
ment, often through the tracking of markers [56] — featured in six papers, covering all
three aspects of intent sensing and achieving >93% accuracy in all areas. This successful,
high-accuracy coverage of all aspects of intent indicates motion tracking has strong po-
tential for intent sensing, and more research should be undertaken on this topic - espe-
cially, exploring its utility in more complex and realistic environments, as the required

cameras are unlikely to be available outside of controlled spaces.

2.4.7.8 Gaze

Gaze tracking monitors the user’s eye movement to determine their region of focus and

intention [42]. Human gaze analysis was employed in three papers, once to identify
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activity transition and twice to infer the goal of the current activity. Trend analysis does
not support significant growth in the field. It was used successfully in identifying cur-
rent computer tasks to successfully speed up preparation of materials, but accuracy re-
sults for this are unclear and the quality score is low at 43% [29]. The remaining two
papers performed goal inference with accuracy >80%, high but not at an acceptable level
for reliable control. This suggests there is evidence for gaze as a possible input for goal

inference, but no strong evidence for use in prediction or activity transition.

2.4.7.9 Kinematic Sensors

Kinematic sensors detect and measure motion, and include accelerometers and Inertial
Measurement Units (IMUs). This was the most common type of sensing input and is
growing the most rapidly according to trend analysis, appearing in 45 papers across all
three aspects of intent sensing, with 37 papers using them for activity transition classi-
fication, two for goal inference and three for prediction. A total of three papers used
them for both activity transition classification and prediction. Naturally, across so many
papers, accuracy results covered a wide range depending on the scenario investigated.
Nonetheless, many reported a performance of >90%. The versatility of kinematic sen-
sors (across all three aspects) and the breadth of the already existing research on them

makes them a strong candidate for use in an intent sensing system.

2.4.7.10 Smart Phone

Modern smart phones include a variety of sensors, including accelerometers, location

tracking and microphones, and are the second-most rapidly growing field for intent

34



according to trend analysis. Smart phones were employed in 30 studies, with 27 of them
focusing solely on activity transition classification and three incorporating both activity
transition classification and prediction. Results varied, with some papers reporting ac-
curacies >95% and some as low as 60% or even ~40% depending on the situation. While
this suggests that they may be useful for activity transition sensing with only a small
amount of evidence towards application in prediction, the ubiquity of the smart phone
means it is highly likely to be available to users at any given time. Therefore it may
provide additional (if limited) sensing information to an intent sensing system at little-

to-no additional cost.

2.4.7.11 Smart Watch

Much like smart phones, smart watches include a variety of sensors, but are only worn
on the wrist. They were used in only three of the papers reviewed, with two of these for
activity transition classification and one with both classification and prediction (though
the accuracy results for the prediction are unclear). The placement on the wrist provides
superior identification of arm movements, with a paper classifying physical activity
transitions with accuracy ~96% [57]. However, more research is needed before clear
statements can be made about the potential of smart watches in general for intent sens-
ing.

2.4.7.12 Smart Home

Smart homes are a developing technology involving the placement of sensors around

the user’s living space, with applications in activity transition recognition, energy
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monitoring and healthcare [58]. Trend analysis suggests smart homes are a rapidly
growing field for intent, and a total of 42 papers used smart homes/environments across
all three aspects of intent sensing (though only one paper focused on goal inference).
Once again, the large number of papers resulted in a wider range of accuracies for ac-
tivity transition classification, but many of these were in the >90% accuracy range. For
prediction, accuracies ranged between 60% and 90%, and for the goal inference paper,
the aim was identified by mining location trajectories as the user moved around the
environment, with accuracy between 84% and 96% [59] (though the quality score for
this paper was only 43%). The breadth of research regarding smart homes and their
ability to cover all three aspects of intent sensing makes them good candidates for use

in a unified intent system.

2.4.7.13 Force/Pressure

Ten papers used strategically placed force and/or pressure sensors, some positioned in
shoes and some included in tactile arm braces. All of these focused on activity transition
recognition, though two also incorporated prediction — although the accuracy of the
prediction component in these cases is unclear. Accuracy of classification using these
sensors is consistently high, achieving >90% in all but one of the papers, which achieved
only 80% (quality score 71%) [60]. The use of force sensors shows high potential in ac-
tivity transition classification — particularly if they can be built into a wearable device —

but there is not clear evidence in support of them for the other intent sensing aspects.
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2.4.7.14 Self-Reporting

Self-reporting of activities, in which the user manually records what activities they per-
form throughout the day, was used in two studies to build up a data set of the user’s
daily routine and provide context for current activity identification, as well as predic-
tions of the future. While results were highly accurate (>95%), self-reporting of activity
is not a viable option for automatically identifying user intent without the need for
manual intervention. Self-reporting was only included for articles that already reported
on a sensing technology, thus only a limited set of the self-reporting literature is con-

tained in these results.

2.4.7.15 Electrocardiogram (ECG)

ECG is used to monitor the rhythm, rate and electrical activity of the heart [61]. In two
studies, ECG was used to help identify physical activity, determining whether a person
is currently exercising or not, which is not considered by this chapter to be intent sens-
ing. While this alone would not satisfy conditions for inclusion in this review, in both
studies, ECGs were also used in combination with accelerometers which were being
applied in an intent sensing context. As a result, however, there is little information on
the intent sensing performance of ECG sensors by themselves. However, the anticipa-
tory response in heart-rate shortly prior to physical activity is a well-documented phe-
nomenon [62] and this could be a promising sensor modality to research further in fu-

ture dedicated intent sensing studies.
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2.4.7.16 Multi-Modal Sensing

Many studies used a single sensing method to identify user intent under controlled
conditions - however, combinations of two or more independent sensing methods
should be able to provide higher accuracy (this will be discussed further in Chapter 3).
Relatively few studies attempted to do this, with only 15% of studies using more than
one sensing method and only one with three methods, again indicating there is room in
the research for exploring multi-modal intent sensing, and a multi-modal network fea-

turing several of these methods would be unique in the literature.

2.4.8 Comparison

The reported accuracies of the fifteen sensing methods were compared in Figure 2.4.
Care should be taken interpreting this figure, as the methods varied greatly from paper
to paper and accuracy metrics used are not “like-for-like”. However, the graph does
indicate the general trend of the results in the literature. Excluding outliers, the greatest
range was observed in papers using smart home sensors, but this was also one of the
most widely-used sensing methods, occurring in forty two papers. The smallest range
was found for FMG, but as this was only used in two papers, this is not necessarily

unexpected.

By comparing median, upper and lower quartiles, papers utilising self-reporting and
ECG showed the lowest accuracies, whereas computer vision, EMG, rotation and force

sensing showed the highest.
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Table 2.2 also indicates the trend in no. papers published using each sensing modality.
It suggests the most rapidly growing sensing fields for intent are EMG, optical motion

tracking, kinematic, smart home and smart phone sensing.

2.4.9 Types of Action Intent

The types of action intent measured in the papers reviewed fell broadly into twelve
categories, shown in Figure 2.5. By far the most common intent measured was locomo-
tion — transitions between walking, running, ascent and descent. Sit/stand transitions
were often included with locomotion, but also separately in many cases. The next most
popular category was ADLs at home, which refers to the classification of a wide range
of complex task transitions, such as cooking, cleaning, watching television, etc. This
featured commonly in smart home systems. Upper-limb intent sensing was less com-
mon but often used with reach/grasp tasks and gesture recognition. Other categories
were rarer, including ADLs outside the home (e.g. commuting, or at work), prediction
of subject movement trajectories, posture intent, and specific activities related to exer-

cise, carrying loads, using computers and driving.

These distinct categories demonstrate the breadth of actions that contribute towards
intent. The relative focus on the top three most popular categories suggests there is
scope for more research into more general intent sensing systems covering a wider

range of possible actions in detail.
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2.5 Conclusion

In conclusion, it has been shown that much preliminary work has been done on certain
components of intent sensing, such as the classification of transitions between activity
states. However, comparisons between research outcomes remain difficult due to a lack
of a well-established definition. A common framework for the definition of intent sens-
ing can further support this growing field. The definition provided in the current chap-

ter can be built upon by other researchers.

Fifteen different sensing methods were used in the papers identified, for a range of con-
texts and applications that broadly fell into twelve categories. Of these sensing methods,
only motion tracking, accelerometers and smart-home sensors were shown to be stud-
ied across all three aspects of intent sensing. Currently, these fields show the greatest
potential for intent sensing covering the full definition of intent. The accuracies reported
were mixed and depended on the research aim of each paper reviewed, so care had to
be taken to avoid drawing misleading conclusions by contrasting incomparable accu-
racy assessments. More standardisation in testing (perhaps involving pre-determined
sets of actions) would allow for more insightful comparisons. Nonetheless, many of the
papers reported high levels of accuracy, which gives confidence in intent sensing as a
promising, practically applicable field, and observations were made that prediction ac-
curacy increased firstly as the length of anticipatory time decreased, and secondly as

the number of possible options decreased.
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This review has focused on a very specific scope, covering only papers with direct rel-
evance to intent sensing as previously defined. Further literature review studies ad-
dressing related fields and with wider, more general scope can be useful to place intent

sensing within the broader concept of human behaviour.

To further the field of intent sensing, it is suggested that future work could attempt to
combine data from multiple sensing systems or scenarios to further increase the ecolog-
ical validity of these systems. Particular attention should be paid to the goal-inference
and prediction aspects of intent sensing, as these have been explored relatively little

despite forming an important part of the concept of intent sensing.

This would allow a medical device to really work together with the patient across a
range of activities and offer a new way of bringing value to the user. True device sym-
biosis creates unique challenges for the research community, but it will also offer a more
holistic development pathway for medical devices. It could enhance device responsive-
ness and ease of use, whilst enabling more precise, advanced control without the need
for additional control interventions. These improvements could reduce device aban-
donment and increase quality of life for users, with a potential for positive long-term
impact across the (medical) device industry and beyond. To this end, the following
chapters of this thesis will combine data from multiple sensing modalities suggested in
this study, and consider a holistic concept of intent covering all three aspects, rather

than just activity transition recognition.
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The proposed definition introduced in this chapter is the first endeavour to provide a
more robust framework for the development of intent sensing technology. The defini-
tion does not aim to be suitable outside of the biomedical engineering field, but it could
be further specified to increase the utility in other domains. Nonetheless, this proposed
definition will hopefully spur further discussion in terms of creating a robust frame-
work for intent sensing assessment, which could accelerate progress towards true intent

sensing becoming widely used in the not-too-distant future.
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Chapter Abstract

Many different sensing modalities were identified in Chapter 2 that can be used to iden-
tify intent. An effective system should use a combination of a number of sensors work-
ing together. The problem of intent detection can be modelled as a Probabilistic Sensor
Network (PSN). PSNs could also have wider applications in healthcare technology — for
example, failure to accurately detect a medical event, such as electromyographic (EMG)

activity or the onset of a heart attack, could have serious consequences for the user. The
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application of sensor networks to optimize event detection is therefore a key area of
biomedical engineering research. The optimum number of sensors for event detection
can be difficult and time-consuming to determine experimentally. A novel probabilistic
model could be used to estimate the appropriate number of sensors required and is
described in this chapter. A simple statistically independent model (naive approach) is
introduced, which may be useful but relies on a set of assumptions that do not reflect
most real-world applications. From there, a more practical, revised model that can be
more easily applied to real-life systems was developed. Both models were subsequently
tested against experimental data from a real EMG system. While the naive approach
was practically unachievable, the model was found to be mathematically sound. Pre-
dictions from the models were compared and the revised model was found to be more
accurate than the naive model. The revised model was verified against a majority voting
system and it successfully predicted sensor network performance with only a small
margin of error. This work presents a probabilistic sensor network approach to virtually
exploring possible networks and informing optimum design of sensor networks used
in healthcare and industry, and the principles developed will form a vital part of this

thesis’ intent sensing system.
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3.1 Introduction

Chapter 2’s literature review identified many possible sensing modalities to measure
intent. Each had its own advantages and disadvantages, and each provided distinct
types of data. A holistic intent sensing system covering all three of the intent sensing
aspects identified in Chapter 2 will need to combine multiple sensing modalities in or-
der to be effective. This chapter will explore the theory behind one method of achieving

this - the probabilistic sensor network (PSN).

Research into body area networks has become increasingly important in recent years,
with rising medical costs and an ageing world population motivating the development
of cheaper, more efficient technologies to assist in the care of patients with a wide vari-
ety of conditions [63]. One such area is artificial limbs, where control interface technol-
ogy such as electromyography (EMG) depends on the use of accurate, reliable sensor
information from an inherently noisy, unreliable source [64]. EMG is the practice of
monitoring the electrical activity in a set of muscles and is widely used in medical ap-
plications such as prosthetics. It is particularly applicable as potential input to an intent

sensing system for prosthetic devices.

As well as forming a foundation for an intent sensing system, the use of sensor networks
to combine results from multiple sensors into a single, more reliable measurement could
be of great benefit in EMG and other wearable technology applications [65]. Establish-
ing a framework to model a sensor network’s performance, combine its sensor infor-

mation, and predict the optimum number of sensors would be particularly useful in
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sensor network design, enabling virtual prototyping [66] and reducing the need for ex-
tensive experimentation. This is a relatively novel field, and there is therefore little prior
literature available. The report will explore a “naive” model that does not take into ac-
count false positives and negatives and will propose a “revised” model that does. An
error between the experimentally determined values and those of the models can be

calculated to capture model performance.

The aim of this chapter is to determine the root mean square error (RMSE), absolute and
mean error between the measured and predicted probabilities across different models.
The event detected will consist of the activation of the lower-arm muscles (active when
closing the hand), an event often used in EMG-based trans-radial prosthetic control.
The procedures developed will be kept as broad as possible to allow for generalisation

to other event-detecting scenarios.

3.1.1 Probabilistic Sensor Networks

A sensor network is a system of multiple sensors cooperating to sense physical phe-
nomena [67]. Before such a system can be designed, a model can be produced to math-
ematically analyse the probabilities of detecting the event. The simplest model would

be a naive model that assumes statistical independence [68].

Figure 3.1 shows a diagram of the (naive) model, demonstrating how the detection
event is broken down into different stages. Each stage is assigned its own probability,
indicating the chance that a signal will successfully pass through the stage without be-

ing lost. A signal must successfully pass through all four stages in order to register as
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detected. Figure 3.1 also shows examples of how the network can be modified — by
sensing from multiple environments, adding extra sensors, using multiple conditioning

methods, or combining decisions from multiple processing methods.

i ii —»Q—ow Simple sensor
B

Genesis of

event
1

Sensor network — 1

iii — ¢ D,

(A) Environment

(B) Sensing element

Sensor network — 2

(C) Signal conditioning

(D) Signal processing

Detection of
event

Sensor network — 3

Multi-analysis

Figure 3.1. Model for event detection (taken from [68]). (i) shows the steps that lead up to the detection
of a given event. (ii) shows the simplest design. (iii) displays a network design that consists of two sensors.
(iv) is a network that has sensors that sense different sensing environments. (v) shows a network con-
taining two different sensors, which require different signal conditioning. (vi) shows a sensing configu-

ration that is processed in two different ways.

Assuming independence between stages, the probability of event detection (P) for a
design with a single sensor node (Figure 3.1.ii), where P(A1), P(B1), P(C1l) and

P(D1) are the probabilities associated with each stage, is given by:

P(A1nB1nC1nD1) = P(A1) - P(B1)-P(C1) - P(D1) (3.1)
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The probability will change depending on how the design affects the different stages.

3.1.1.1 Stage (A) — Environment

The first stage of the sensor network detection process is the environment stage. This is
the probability that, when an event occurs, a measurable signal identifiable as the event
is produced in the region being sensed. The choice of sensing environment is very im-

portant in any sensor network.

In EMG, each muscle being sensed might be considered to be its own environment. The
placement of the sensors in the environment will influence the probability of correctly
detecting an event, such as muscle activation [69]. Furthermore, if these muscle sites are

close to one another, there may be the possibility of cross-talk [70].

3.1.1.2 Stage (B) — Sensing Element

The second stage of the process is the sensing element. This is the probability that the
sensor used is capable of picking up the signal from its environment. The naive model
assigns a single probability to the proportion of correctly identified events (sensitivity),
but does not consider the possibility of false positives (specificity). These are pliable in
relation to each other, as it is impossible to determine specificity merely from infor-

mation about the sensitivity [71].

Typically, in the context of EMG, if the sensor is chosen well, this sensitivity probability
is very high (~1). Choosing a sensor that has insufficient precision or accuracy will pro-

duce a lower probability.
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3.1.1.3 Stage (C) — Signal Conditioning

The third stage of the process is signal conditioning, which can consist of filtering or
amplification [72]. It can be described as the probability of an event passing through

any conditioning, such as noise filtering, which takes place.

However, this stage should also encompass the probability that not enough filtering has
been done. For instance, a system might detect a noisy signal perfectly from the envi-
ronment in stage A with a perfect sensor in stage B, but if no filtering takes place, stage
C might still output an imperfect detection probability. Adding an appropriate filter
(e.g. notch filter for single-frequency noise) could completely remove the noise, increas-
ing the Stage C probability to almost 1. As such, a more precise definition of the signal
conditioning probability would be the probability that a signal containing the event in-
formation, once passed through any conditioning steps, is still measurable and not cor-

rupted by noise.

3.1.1.4 Stage (D) — Signal Processing

This final stage, signal processing, may be defined as the manipulation of random sig-
nals to extract information about the underlying mechanisms that generate or transform
them [73]. It covers any operations performed using the signal after conditioning, be
that comparison to a threshold value, pattern recognition, etc. It is the probability that
the software correctly detects that an event has occurred, using the signal that has
passed through the other stages. For a sensor network, any fusion of signals can take

place in this stage.

50



3.1.2 Mathematical Modelling

3.1.2.1 Accounting for Dependency

The naive model assumes the sensor data readings to be independent. This assumption
does not hold in most real-world scenarios. For two sensors acting together, with indi-
vidual probabilities of P(B1) and P(B2), the total probability of the sensor stage,
P(B), can be given by:
P(B) = P(B1UB2) = P(B1) + P(B2) — P(B1 N B2) (3.2)
This may be rewritten [74] as:
P(B1uU B2) = P(B1) + P(B2) — P(B1|B2) - P(B2) (3.3)
The sensors may be dependent on one another, due to, for example, crosstalk. Com-

monly, this will be a positive dependency, i.e. when one sensor is high, the other is also

likely to be higher. As such, it can be expected that:
P(B1|B2) > P(B1) (3.4)
Therefore, the combined sensor probability predicted by the naive model will be an

overestimate and provides an upper bound for the true value — the magnitude of the

difference will depend on the degree of dependency.

If the sensors are totally dependent on one another —i.e. Bl is only 1 if B2 is also 1 -

adding sensors will not increase the combined sensor network probability.
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3.1.2.2 Accounting for the Confusion Matrix

A confusion matrix is a mathematical construct used for evaluating a classification

model [75]. An example of a two-class confusion matrix is shown in Figure 3.2.

Actual Values
Positive Negative
Positive True Positive False Positive
Predicted Values
Negative False Negative Negative

Figure 3.2. An example of a binary, two-class confusion matrix.

The naive model considers only the top-left quadrant of the confusion matrix, assuming

that if any of the sensors in the network detects an event, then it is a true positive.

In an EMG system, however, false positives are just as much of a consideration as true
positives. The noisy nature of EMG signals means that, in a threshold-based classifier,
in order to achieve required sensitivity levels, the specificity must consequentially suf-
fer. The choice of activation threshold is a trade-off between these two factors, which

are equally important.

3.1.2.3 Combining Sensor Readings

One established method of combining sensor readings is majority voting, which simply

counts how many sensors support each possible outcome and selects the result
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supported by the most sensors. This technique is readily applicable to a range of sce-
narios [76], including EMG, and so a majority voting system will now be discussed in

detail.

The majority voting system used for this application will have two possible outcomes:
either the event is occurring, or it is not. Therefore, at least half of the sensors must agree
on the outcome. If equal numbers of sensors detect and do not detect an event, an arbi-

tration system will be employed.

For the purpose of simplification, it will be assumed that the sensors used have the same

specifications, and that the sensitivity and specificity of the sensors are the same.

Majority voting is most effective when the first assumption holds true, and it is then
possible to establish a mathematical rule predicting the network’s performance. This
model will therefore incorporate this assumption, and a more effective technique for

situations where this assumption is not true will be considered at a later stage.

The probability P(S) that an individual sensor correctly detected whether or not the

event has occurred, is assumed to simply be equal to both sensitivity and specificity.

The probability P(B), of the combined sensor network correctly detecting whether an
event has occurred, varies depending on the number of sensors (n). For a single sensor,
it is obvious that the probability of the sensor network choosing a value that is correct

is equal to the probability of the individual sensor correctly detecting a signal, i.e.
P(B) = P(S) (3.5)

For two sensors or more an arbitration system is used.
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3.1.2.4 A Revised Model

A consequence of the assumption that all sensors are the same is that in the case of a
majority voting system where equal numbers of sensors predict two different events,
there is no information on which of the two predictions is correct. The selection must
therefore be made arbitrarily, and so one of the sensor predictions must be discarded to
break the deadlock. This means that for a number of sensors n, where n is even, the

sensor network has the same probability of being correct as a system of n — 1 sensors.

Following these principles for increasing numbers of sensors, the resultant probability

of a sensor network being correct with 3 sensors is:
P(B) = P(S)® +3P(S)?(1 — P(S)) (3.6)
For 5 sensors:
P(B) = P(S)5 + 5P(S)*(1 — P(S)) + 10P(S)3(1 — P(S))" (3.7)
and 7 sensors yields:
P(B) = P(S)” + 7P(S)5(1 — P(S)) + 21P(S)5(1 — P(S))” + 35P(S)*(1 — P(5))’ (3.8)

These equations demonstrate a clear pattern, which can be summarised into a final

equation as follows:

25
2 (P (1= P($)) if nis odd
P(B) =4 2"_=1° (3.9)
Z n-1Cr (P(S))n_l_k(l — P(S))k if nis even
\ k=0
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where n is the number of sensors, k is a dummy variable for summation and ,Cj is
the binomial coefficient. In a real-life situation, where sensors can be wrong, this model
gives a much more accurate estimate of the sensor network’s performance than the na-

ive model.

3.2 Methods

3.2.1 EMG Hardware and Software

The EMG sensor kit used was the BITalino (BITalino Freestyle, PLUX Wireless Biosig-
nals, Lisbon, Portugal), a low-cost body-sensing board. It can sense up to five EMG in-
puts at a time — enough to test the sensor network system in action. Each input is con-
nected to two sensing electrode pads placed on the muscle and a ground reference pad,
placed on the collarbone. It runs at a sample rate of 1000Hz [77]. Data was recorded
using OpenSignals (r)evolution (Public Build 2018-12-04, PLUX Wireless Biosignals,
Lisbon, Portugal). All subsequent processing was done in MATLAB (R2015b, Math-

works Inc, Natick, MA, USA).

3.2.2 Designing an Experiment

To test the model, a method was needed for producing EMG signals under controlled,
repeatable conditions, alongside an absolute ground truth indicating whether or not the

event was occurring.

The action to be detected was the periodic activation of muscles that close the hand. The

rest of the arm was allowed to rest on a desk, being kept entirely still. Surface electrodes
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were placed on five different major muscle sites — the extensor digitorum, the flexor
carpi radialis, the triceps, the biceps and the lower deltoids, following standard place-
ment recommendations provided by the Surface Electromyography for the Non-Inva-
sive Assessment of Muscles project (SENIAM) [78]. Maximum activity would be ex-
pected in the flexor and extensor muscles, with the magnitude (and therefore accuracy)

expected to decrease with distance from the hand.

To create a ground truth, a simple online metronome [79] was used. Set to produce an
audible beep at a rate of 0.5Hz, this allowed the test subject to open and close their hand
at regular two second intervals. Every time the metronome “ticked” when their hand
was open, the subject closed their hand such that the springs of the finger exerciser were
tully compressed. This position was then held until the metronome “ticked” again,
when they fully relaxed their hand. This was repeated for three minutes, or until the

subject was no longer able to fully compress the springs.

The data obtained from this experiment was used to identify the probabilities of each
stage of the naive model and compare the accuracy of the combined system with the
model’s predictions. This was done by constraining the experiment’s conditions to set
the probability of each stage to ~1, and then relaxing the constraints one by one and
measuring the resultant probabilities, which were assumed to be approximately equal

to the product of the four stages.
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3.2.3 EMG Sensor Processing

Data from the BlTalino was imported into MATLAB, and artificial noise was added
using a pseudo-random sequence, with tuneable magnitude. The data was processed
using standard EMG methods [80]. An optimal voltage threshold was selected and
when the smoothed signal exceeded this threshold, it was assigned the value of “1”,

and otherwise, “0”.

3.2.4 Sensor Fusion

There were up to five data channels originating in five sensors, each individually fil-
tered and processed (using general techniques) into 1s and 0s. The data was combined

using three methods that are described below.

3.2.4.1 Naive Model Fusion

The naive model assumes that if any of the sensors detects an event, then the event has
happened, with no possibility of error. To recreate this situation in the EMG example,
each of the sensors in the network was compared to the ground truth. If any of their
measurements was found to be correct, then the correct value was used as the network
output. If not (i.e. they all agreed on an incorrect value), then that value was used in-

stead.

This technique formed an upper bound on the accuracy of the sensors — the best theo-
retical result the network of sensors could possibly have achieved, as only one sensor

needed to be correct for the system to be correct.
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3.2.4.2 Majority Voting

As previously discussed, majority voting is a straightforward, well-established method

of combining multiple readings for any discrete “multiple-choice” system.

A disadvantage of majority voting is that it does not account for differences in accuracy
between measurements. A badly placed sensor which is only accurate 60% of the time
makes the same contribution as an excellent sensor with a 99.9% accuracy. This reduces

sensor network performance when sensor sensitivities and specificities are not the same.

3.2.4.3 Bayesian Confidence Fusion

An alternative method of combining data from multiple sources is to apply Bayesian
techniques to estimate an overall confidence, given the data, whether an event has hap-
pened. This can be done using Bayes’ rule [81] where P(E) is the probability of the
event occurring and P(V) is the probability of getting a particular data set of sensor

values:

P(V|E) - P(E)
P(V)

P(EIV) = (3.10)

The data set probability can be obtained using the total probability rule [82], and there-
fore the confidence can be written as follows, where P(E’) represents the probability

of the event not occurring:

P(VIE) - P(E)

PEIV) = PWVIE)- P(E) + P(VIE) - P(E")

(3.11)
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P(V|E) is obtained from the sensor sensitivities. It is the probability of all of them get-
ting the results they did at the same time. If they are independent, this is the product of
their probabilities. P(E) is a prior for the probability of the event occurring, and
knowledge of this is therefore required. One method of obtaining this is to capture the
event’s frequency — over a time period containing multiple instances of the event, the

fraction of time that the event is occurring.

For the metronome-controlled EMG example, the user opened and closed their hand at
a rate of 0.5Hz, with a mark space ratio of 1. Over a single 4-second period, both the
time that the hand was closed (T'1) and the time that the hand was open (T0) were equal
to 2 seconds. Therefore, the probability of the event occurring (i.e. the hand being

closed), P(E), at any given time is given as follows:

T1 2

PE) = 70" 272"

0.5 (3.12)

P(V|E"), similar to P(V|E), is obtained from the sensor specificities, and P(E') is
simply given by:

P(E')=1 - P(E) (3.13)
All the information needed to perform this calculation can be obtained with the use of
calibration data — a section of experimental data acquired before the main experiment

where the user performs the same task, where the ground truth is known — and there-

fore this technique can be used.
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The output of the system, V,,;, is governed by:

1 if P(E|V) =05
V.= 3.14
out {0 otherwise (3.14)

This system has an advantage over the majority voting in that the accuracy of each sen-
sor is linked to the amount that it contributes toward the sensor network output. Sen-
sors which provide no information, with an accuracy of 50%, are ignored entirely. Sen-
sors with a 100% accuracy are always used over all other sensors. The system uses es-
tablished statistical mathematics to calculate the probability the event took place, so
always outputs the most likely eventuality, given the data from and relative accuracies
of the sensors. If applied correctly, using accurate probabilities, it is the theoretically

optimal method for combining independent sensors, but calibration data is required.

3.2.5 Analysis

To assess and compare the models, it is important to have a method of gauging their
performance. The metrics used were sensitivity (true positive rate) and specificity (true

negative rate).

To measure these metrics, a ground truth was required. As previously described, the
experiment devised for this chapter required the user to open and close their hand in
time with a 0.5Hz metronome. This is a simple, easily repeatable action with a very low
possibility of significant error. While the opening and closing of the hand was not ex-
pected to perfectly align with the metronome due to factors such as inconsistent reac-

tion time, it was still expected to do so to a very near margin.
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Additionally, using a larger time window (i.e. the maximum of 2 seconds) would ma-
jorly reduce the impact of these effects, allowing the ground truth to be assumed as a
square wave of period 4 seconds. This ground truth was required to be aligned with the
experiment’s start, but once aligned, it was possible to measure sensitivity and specific-
ity.

If N1 isthe total number of ground truth 1sand N1* the number of correctly measured
1s, NO the total number of ground truth Os and NO* the number of correctly measured

Os, then sensitivity (SS) and specificity (SP) are defined by:

SS = NO* (3.15)
~ NO '
N1*
SP = 3.16
N1 (3.16)

The mean of the sensitivity and specificity was obtained and plotted for sensor net-
works of between n =2 and n =5 sensors. For each value of 7, the individual sensor
probabilities were varied (by altering artificial noise intensity) to produce 80 points,

showing how sensor network probability varies with individual sensor probability.

The measured probabilities were compared to the predictions of the models. The mean,
absolute mean, maximum, minimum and root mean squared errors (RMSE) for each
model were calculated. For each sample i out of N total samples, y; represents the

prediction and y;, the measurement [83].

N (9, —y,)2
RMSE=J lzl(yzlv 2 (3.17)
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The experiment was repeated 10 times, with results represented graphically with scatter

plots, to which third-order polynomials were fitted to show the trend of the results.

3.3 Results

3.3.1 Naive Model

The naive model prediction was plotted against the measured outcomes (Figure 3.3).

Table 3.1 shows the errors between the model outcomes and measured results.
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Figure 3.3. Comparison of the sensor network probabilities measured vs those predicted by the naive
model for n=2 to n=5 sensors, as the mean probability of the individual sensors varies between 0.5 and 1
(controlled by adding artificial noise). Blue points/lines represent the model’s prediction. Red points/lines
represent the actual measured results. Third-order polynomials have been fitted to demonstrate the

trends.
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Absolute Error
n RMSE Mean Max | Min Mean Error
2 10.0142 | 0.0106 |0.0486 |0 -0.0015
3 10.0137 | 0.0100 | 0.0484 |0 -0.0015
4 10.0100 |0.0067 |0.0315 |0 -8.9748e-04
5 10.0069 |0.0041 | 0.0314 |0 -0.0013

Table 3.1. Error between the naive model prediction and the measured results for a naive model fusion

network of n sensors.

3.3.2 Revised Model

The revised model prediction was plotted against the measured outcomes (Figure 3.4).

Table 3.2 shows the errors between the model outcomes and measured results.
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Figure 3.4. Comparison of the sensor network probability measured vs those predicted by the revised

model for n=2, n=3 and n=>5 sensors, as the mean probability of the individual sensors varies between 0.5
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and 1 (controlled by artificial noise). Blue points/lines represent the model’s prediction. Red points/lines

represent the actual measured results. Third-order polynomials have been fitted to demonstrate the trends

of the plot. The n=4 results has been omitted, as they overlapped with n=3.

Absolute Error
n | RMSE Mean Max Min Mean Error
2 1 0.0207 0.0150 | 0.0575 |0 -3.4121e-04
3 10.0188 0.0141 | 0.0707 |0 -0.0053
4 | 0.0246 0.0174 | 0.0761 |0 -0.0110
5 1 0.0207 0.0157 | 0.0575 |0 -0.0093

Table 3.2. Error between the revised model prediction and the measured results for a majority voting

network of n sensors.

3.3.3 Confidence Fusion Method

Figure 3.5 compares the confidence fusion method with the majority voting method.
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Figure 3.5. Comparison of the new confidence fusion method with the majority voting method for varying

selections of sensor probabilities (n=5), plotted according to their variance. Linear best-fit plots have been

overlaid in order to show the general trend.
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3.3.4 Comparing the Models

The naive and revised models were compared to data from majority voting and confi-

dence fusion, averaged over 80 variations of sensor noise intensities (Figure 3.6).
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Figure 3.6. Comparison between naive and revised model predictions, along with the measured results of

the majority voting and confidence fusion methods, plotted against the number of sensors.

Absolute Error
Model | RMSE Mean Max Min Mean Error
Naive |0.2119 | 0.1580 | 0.4075 0 0.1580
Revised | 0.0146 | 0.0082 | 0.0527 0 0.0049

Table 3.3. Error between the two model predictions and the measured results for a majority voting net-

work of 5 sensors.
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Absolute Error
Model | RMSE Mean Max Min Mean Error
Naive |0.1982 | 0.1459 | 0.3986 |0 0.1459
Revised | 0.0226 | 0.0150 | 0.0860 |0 -0.0072

Table 3.4. Error between the two model predictions and the measured results for a confidence fusion

network of 5 sensors.

3.4 Discussion

The naive model shows a good fit with an RMSE of <1.5%. The model predicts the de-
tection based on EMG data and the measured results are comparable to that of other
studies [84]. It should be noted that there was a small negative mean error for all choices
of n, i.e. the model prediction was a slight overestimate. This kind of error is to be ex-
pected due to co-dependency between sensors, as the naive model assumes that they

are independent.

When predicting the performance of the two practically achievable combination meth-
ods (majority voting and confidence fusion) the revised model produced far more ac-
curate predictions than the naive model. As shown in Table 3.3, when analysing EMG
data with 80 different combinations of sensor noise in a majority voting system, the
revised model gave an RMSE of ~1.5%, whereas that of the naive model was ~21%. The
revised model was slightly less accurate for the confidence fusion method (see Table
3.4), with an RMSE of ~2.3%, but still far closer to the measured value than the naive

model, which had an RMSE of ~20%.
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As expected, the difference between the majority voting and confidence fusion methods
was smallest when all sensor probabilities were the same i.e. when the two methods
were identical. As the variance of the sensors increased, the benefit gained from confi-
dence fusion increased, verifying that the confidence fusion method is the preferred
fusion method. However, it requires accurate calibration data, which may impede its

practical applicability.

The study has shown experimentally an application of the naive model [68]. Descriptive
statistics have been generated to compare the model’s predictions with real EMG data.
These results have shown that, when data can be processed as required, the naive model
is a good estimate. However, implementing it practically is often impossible, as it can
require knowledge of the ground truth. The model is, however, useful as an estimate of
an upper bound on the best possible performance of a system. A revised model has
been developed, and while it is a slight overestimate for majority voting and a slight
underestimate for confidence fusion (the theoretically optimum method), it is a far more
effective tool for estimating sensor network performance than the naive model and is
therefore the best available general model to predict the best network configuration for

event detection.

3.4.1 Recommendations for Future Work

This study made extensive use of thresholding in the signal processing stage for reasons
of simplicity and ease of mathematical analysis, but more complex alternative methods

could be implemented. Future research could focus on this and determine how the
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choice of processing techniques impacts the optimum number of sensors and environ-
ments in a system. The subsequent chapters of this thesis utilise far more complex clas-

sification methods than simple thresholding, for which this framework still applies.

Additionally, the experiments performed used only one subject. While it is expected
that similar results would be obtained from repeats using other subjects, EMG signals
vary from person to person [85], so a study involving multiple participants from a range
of demographics would provide additional verification for the models. Chapters 4 and

5 of this thesis go on to use EMG analysis with much larger subject groups.

Once the models have been further verified, they could be applied in industry with
virtual prototyping, to provide estimates for the number of sensors required without
experimentation, and to determine potential bottlenecks in a sensor network. Building
upon the foundations established in this chapter, it is hoped that future work will push
the boundaries of what is achievable through the use of PSNs, accelerating product de-
sign with and using the new models described to bring wearable sensor networks into
widespread use, supporting the healthcare industry and thus the wellbeing of the pub-

lic as a whole.
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Chapter Abstract

Intent sensing has many potential technological applications. In particular, assistive
medical devices such as prosthetic limbs, could benefit from intent-based control sys-
tems, allowing for faster and more intuitive control. The accuracy of intent sensing
could be improved by using multiple sensors sensing multiple environments. As users
will typically pass through different sensing environments throughout the day, the sys-
tem should be dynamic, with sensors dropping in and out as required. An intent sens-
ing algorithm that allows for this cannot rely on training from only a particular combi-

nation of sensors. It should allow any (dynamic) combination of sensors to be used.
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Therefore, the objective of this study is to develop and test a dynamic intent sensing
system under changing conditions. A method has been proposed that treats each sensor
individually and combines them using Bayesian sensor fusion. This approach was
tested on laboratory data obtained from subjects wearing Inertial Measurement Units
and surface electromyography electrodes. The proposed algorithm was then used to
classify functional reach activities and compare the performance to an established clas-
sifier (k-nearest-neighbours) in cases of simulated sensor dropouts. Results showed that
the Bayesian sensor fusion algorithm was less affected as more sensors dropped out,

supporting this intent sensing approach as viable in dynamic real-world scenarios.
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4.1 Introduction

4.1.1 Intent Sensing

Chapters 1 and 2 established that intent sensing has great potential for the development
of technology involving human-system interaction. Devices controlled through intent
sensing would not need a direct input from the user. Instead, using a Probabilistic Sen-
sor Network (PSN) as described in Chapter 3, the user’s needs could be passively meas-

ured or even anticipated, and the device of interest could be activated automatically.

This could be of particular benefit in medical devices, where the accurate understanding
of the user’s intent could help improve their quality of life. The potential applications
are wide-ranging, including assistive robotics for stroke patients [86] and detecting
physical activity for personalised drug delivery in those with diabetes [14]. One appli-

cation of particular interest is prosthetics.

As of 2017, there are estimated to be 57.7 million people worldwide living with limb
amputation due to traumatic causes [87], many of whom use or are in need of a pros-
thetic device. One of the principle causes of device abandonment is reported to be dif-
ticulty of use [88], and as such, an intent sensing system that could improve the intui-
tiveness and user experience of a prosthetic device has the potential to be extremely

valuable.
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As established in Chapter 2, intent sensing is composed of three aspects: (i) the recogni-
tion and identification of activity transitions, (ii) the inference of task goals, and (iii) the

prediction of future activities. See Figure 4.1 for an illustration of this.

II: Recognising Activity Transition

Contextual ( A \
Stimulus

Maintenance or
Planning change of task
goal

Inception of
Idea to Act

Environmental
Stimulus

Y Y

I: Predicting Future Actions IlI: Inferring Task Goal

Figure 4.1. Framework representing the three aspects of intent sensing. Adapted from Chapter 2. Grey
regions indicate stages not utilised in this study. Environmental Stimulus indicates change in the user’s
surroundings (such as sound or the arrival of another person) that may trigger a response. Contextual
Stimulus includes wider factors such as the time of day, typical routine, previous actions etc. The Incep-
tion of the Idea to Act represents the user’s conscious decision to take action and predominantly concerns
the brain and nervous system. The Planning phase includes any preparation that may take place before
the activity begins (such as a visual inspection of the path ahead when about to start walking or the pre-
tensing of muscles before attempting a timed grasp). The Action phase covers the real-time execution of
the activity, including any changes observable while the activity is being performed. The Maintenance or
Change of Task Goal phase looks ahead to the objective of the activity, considering why it is being per-

formed and whether this objective alters over the course of the activity.

As shown in Chapter 2, current intent sensing literature contains a well-established

body of work related to activity transition recognition, with less research on task goals
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and predictions. This chapter will predominantly focus on transition recognition, fol-
lowed by an inference of the task goal. While attempts will be made to perform classifi-
cation as early on as possible in an activity, outright prediction before an activity begins

is not within the scope of this study.

4.1.2 Sensor Networks for Intent

The accuracy of input detection is particularly essential in assistive medical devices such
as prosthetics, where errors could lead to both frustration and injury. Provided effective
sensor fusion algorithms are used, accuracy can be improved by combining information
from multiple sensors. To produce the highest possible accuracy, the intent sensing sys-

tem should take advantage of all sensors available at any time.

A range of embedded sensors might be available in a typical prosthetic device. These
can often include surface electromyography (SEMG) sensors integrated into the socket,
measuring electrical activity in the residuum of the user’s superficial muscles [89]. Kin-
ematic sensors are also often available, providing measurements of the device’s orien-
tation and acceleration through Inertial Measurement Units (IMUs) and combining to-

gether information from accelerometers, gyroscopes and magnetometers [90].

Multiple sensors could be added to a prosthetic to increase accuracy. However, there
are potential disadvantages to adding more and more sensors, such as increases in cost,
weight, power consumption and difficulty donning/doffing the device. To further im-
prove the accuracy of the system without introducing these issues, information from

external sources could also be included.
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Smart phones and smart watches, for instance, include a whole range of sensors, such
as audio and GPS sensors and are commonly used throughout the day. When these
devices are in use, they provide additional sensory information largely independent

from the sensors that are embedded in the medical device [91].

Smart home technology is also becoming increasingly prevalent [15], including smart
doorbells, speakers, home assistants and more. In-home monitoring of patients using
(both wearable and contactless) sensors for medical purposes is also an increasingly
common practice. Smart environments are also being developed in workplaces, on pub-
lic transport and within private vehicles, each providing a range of sensory information

that could be used to provide predictions of intent.

These are examples of how device users pass through varying sensor-rich environments,
with sensors becoming available or unavailable throughout the day. To take advantage
of these uncertain information sources, an intent sensing system should be dynamic,
following a “drop-in/drop-out” structure, incorporating information from sensors only
when they are available and weighting their contribution according to their accuracy,
which would have to be pre-learned on a sensor-by-sensor basis rather than as a com-
plete, fixed network. This approach would allow for any set of sensors to be combined

for intent sensing.

This would not only enhance the performance of the system by utilising all available
resources whenever possible, but would also improve system robustness in case of the

failure of some of the sensors. A system that is still able to run (albeit with reduced

75



accuracy) with only a subset of its sensors will have a huge advantage over systems that

require all their sensors to work in unison to function.

This study therefore proposes to investigate the use of a new, modular approach to net-
worked intent sensing that is not trained on any particular combination of sensors, but

instead is able to freely add in or remove sensors to produce robust intent predictions.

4.1.3 Probabilistic Sensor Networks

One approach to creating the proposed robust, drop-in/drop-out system is to model the
process as a PSN [68]. As discussed in Chapter 3, this method breaks the process of
detection down into four stages, each with their own independent probability of the
signal correctly passing through them: Environment, Sensing, Conditioning and Pro-
cessing (See Figure 4.2). Assuming independence between the stages, the total proba-

bility of correctly detecting an event is the product of these four probabilities.
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° ° Single environment
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1

Figure 4.2. Model of a Probabilistic Sensor Network for event detection (adapted from [68]). The four
steps that lead from the genesis of a given event up to its detection are shown at the top of the figure. (i)
shows the simplest design, with only one node at each stage. (ii) shows a more complex network, featuring
two sensors sharing the same sensing environment, each with their own conditioning step. (iii) displays
the network used in this study, with two sensing environments (EMG and IMU sensing), each with 12

sensors, conditioned individually and combined together in the processing step.

Since the probability associated with each stage is naturally less than or equal to 1, the
total probability of correctly detecting an event (in this case, a particular user intent)
will never be greater than the highest probability of the four stages. Therefore, each

stage acts as a potential “bottleneck” for the system. For instance, if the probability of
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an intent being detectable from the electrical activity in the muscle is only 0.8, then the
Environment probability is 0.8, and so it does not matter how accurate the Sensing,

Conditioning or Processing stages become —the total probability will never exceed 0.8.

Each stage can contain multiple sensing nodes. Adding a second sEMG sensor to an-
other site on the muscle and combining the two sensors together with a sensor fusion
algorithm increases the probability of the Sensing stage. However, both sensors are op-
erating in the same Environment, and so the total probability will still be limited to 0.8.
Adding sEMG sensors to a second Environment, such as a different muscle, helps cir-

cumvent this “bottleneck” and allows for the total probability of the system to increase.

In order to keep the network dynamic without being limited to any particular configu-
ration of sensors, each sensor node will be considered on its own and only combined

together at the final Processing stage.

In the proposed intent sensing system, sensors that are added may have very high ac-
curacies for identifying some intents and low accuracies for others—such as sSEMG sen-
sors placed on muscles in the lower left leg when used to detect walking versus using
the same sensors to detect a reaching motion of the arm. A simple majority voting sys-

tem would not account for this, so it would be unsuitable.

Instead, the more versatile Bayesian approach proposed in Chapter 3, Section 3.2.4.3 can
be taken. Where P(E) is the probability of the event occurring and P (V) is the proba-
bility of getting a particular set of sensor values, Bayes’ rule [81] gives the probability

that an event has happened given a set of sensor values, P(E|V), as:
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P(V|E) - P(E)

PEIV) ==

(4.1)

The dataset probability can be obtained using the total probability rule [82], and so the
confidence can be written as follows, where P(E’) represents the probability of the
event not occurring and P(V|E") represents the probability of getting a set of sensor

values given that the event has not occurred:

P(V|E) - P(E)
P(VIE) - P(E) + P(VIE") - P(E")

P(EIV) = (4.2)

P(V|E) is obtained from the sensor sensitivities. P(E) is a prior for the probability of
the event occurring and could be obtained from contextual information, such as user

routine and time of day.

Calculating a confidence value in this way for each possible intent and choosing the
intent option with the highest confidence is a more effective method of combining sen-
sor outputs. Effectively, it is giving an optimal “weighting” to each sensor’s contribu-
tion according to its individual accuracy. Combining sensor information according to
this method means that, provided the accuracy of each sensor is precisely known, add-
ing sensors can only monotonically improve the overall accuracy of the system, even if
only by a very small amount as in the case of sensors that are close to random in their

predictions.

To apply such a method, accuracy estimations for each sensor will need to be obtained
for each possible intent option, i.e., each sensor will require a known confusion matrix.

This should list the probability of each intent being true given the sensor’s prediction of
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a particular intent. The entries for this confusion matrix can be populated through cali-
bration. This can be completed individually for each user, for all users or for some com-
bination of the two, starting with a general estimation and adjusting it to become more

personalised over time.

In the case of sensors dropping in and out over time, all that is required in this Bayesian
method is for their confusion matrices to be added to or removed from the equation. No
retraining of the other sensors is needed to compensate for the change, and therefore

this method is interesting as a potential solution to the need for a dynamic network.

Other, more advanced methods of combining sensor measurements together do exist.
Many of these employ machine learning techniques, such as decision trees [92], random
forest classifiers [93] and support vector machines [94]. These techniques do not treat
each sensor as an individual “black box” and instead consider, for example, the rela-
tionships between sensors. Exploiting this extra dimensionality has the potential to pro-
vide additional information, suggesting it is a more suitable technique. However, it also
means that they must be trained on specific combinations of sensors and that adding
and removing dimensions from the trained classifiers “on the fly,” as sensors drop in
and drop out of the network, is not within the capability of established machine learning

techniques (if not trained for it).

It is therefore proposed that while combined machine learning techniques are theoreti-

cally able to perform better than the Bayesian fusion technique, they will rapidly drop
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in performance when sensors are removed, and repeated experiments simulating sen-

sors dropping out should show this effect.

4.1.4 Objective

The objective of this study is to develop a Modular Method (MM) suitable for the dy-
namic environments described previously and to compare it to a Non-Modular Method
(NMM), utilising a combined machine learning algorithm representative of current
commonly used methods. The experiments performed should measure classification
accuracy early in the activity cycle, well before any activity example is completed, in
order to demonstrate the goal inference aspect of intent sensing. The change in accuracy
with increasing time allowed between the activity’s inception and classification should

be determined.

Then, the two algorithms should be compared in their accuracy versus a varying num-
ber of sensors when they were allowed to train on the exact combination of sensors they
are being tested on. The hypothesis is that the new MM will not perform as well as the

NMM.

Subsequently, a scenario of random sensor dropout will be introduced, where the sen-
sor combinations required are not trained on in advance. The hypothesis is that the MM
will perform better overall than the NMM, with the difference in accuracy between the

two techniques increasing as more sensors drop out.
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4.2 Methods

4.2.1 Data Collection

Data used for this study were originally gathered under laboratory conditions as part
of a prior study [95]. All data were anonymised, and prior informed consent was ob-
tained from each individual. The study was approved by the institutional ethics com-

mittee (Reference Numbers: 16/SC/0051 and 14/LO/1975).

Five adult non-disabled participants wore full-body MVN-Awinda [96] IMUs (Xsens
Technologies B.V., Enschede, The Netherlands) during task execution (sampling fre-
quency: 60 Hz). Passive retro-reflective markers were placed on their body, which were
tracked with a 16-camera Vicon (Vicon, Oxford, UK) motion tracking system. This Op-
tical Motion Capture (OMC) data (sampling frequency: 100 Hz) were used for the veri-

fication of activity labels.

To minimise issues with the magnetometer component of the IMUs, it was ensured that
the only sources of local magnetic interference were the data collection devices them-
selves and the laptop used to receive the recorded data, and the layout of the room was

kept exactly the same throughout the study.

A wireless 10-channel Zerowire (Aurion Srl, Milan, Italy) EMG system was used to col-
lect sSEMG data at a sampling frequency of 1000 Hz for the five selected superficial mus-
cle groups: Pectoralis major (Clavicle), Biceps brachii, Triceps (Long head), Deltoid (Me-

dial) and Brachioradialis.
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Subjects were asked to perform three trials each of eleven different reach/grasp activities
(Reach to grasp: (i) forward, (ii) left, (iii) right and (iv) up; Reach: (v) forward, (vi) left,
(vii) right and (viii) up; (ix) hand to mouth, (x) hand to the top of head and (xi) hand to
contralateral shoulder), which were grouped into three categories: Reach tasks, Reach-

to-Grasp tasks and Gross Motor Skill tasks.

These actions were performed using a specially built test rig, shown in Figure 4.3. A
total of 165 datasets were collected. Each participant also performed a Maximal Volun-
tary Isometric Contraction (MVIC) test with each measured muscle group to allow for

normalisation of the corresponding experimental sEMG data.

Hand start / 7 f rr:-
end position : .

Figure 4.3. Photographs of the experimental setup used for the acquisition of data used in this study. The

configuration pictured is for the reach-grasp activity.

To ensure the experiment was representative of intent sensing rather than pure activity

classification, only the first 1000 ms of each dataset were used.

4.2.2 Processing
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The affiliated Xsens MVN Analyze software [97] was used to process the IMC data and

export it as MVN open XML (.MVNX) files to be used as inputs for the algorithms.

The OMC data corresponding to marker trajectories was processed and exported in
C3D or Coordinate 3D (C3D.ORG; https://www.c3d.org/index.html; accessed on 27
March 2022) format using the Vicon Nexus 2.5 software [98]. Further processing took
place in MATLAB R2020b (Mathworks, Natick, MA, USA). The sEMG data was syn-
chronised with the IMU data from the Xsens IMC system using the recommended pro-

tocol [99].

The sEMG data was filtered using a 10-500 Hz band-pass fourth order Butterworth fil-

ter and normalised according to the maximum signal measured in the MVIC tests [100].

4.2.3 Feature Extraction

A breakdown of the features extracted from the IMU and sEMG sensor signals is shown

in Table 4.1.
Measured Value No. Features
Orientation 4
Accelerometer 3
Magnetometer 3
sEMG 11
Total 21

Table 4.1. Breakdown of the number of features used from each sensing input available.

The three IMU channels included were orientation, accelerometer and magnetometer
signals. The raw values for these were used directly in the training step. These three

distinct data channels allowed each IMU sensor to be more closely approximated as
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probabilistically independent by the Bayesian model. The orientation measurement

contained some co-dependency on the accelerometer and magnetometer readings.

For the sEMG signals, a more complex feature extraction method was required. The
process detailed in [101] was followed to ensure standard methods were applied. The
data for each participant were divided into 200 ms segments and shifted by 50 ms in-
crements (such that consecutive segments overlapped by 150 ms). Within these seg-
ments, the following features were extracted: Integrated EMG, Mean Absolute Value,
Mean Absolute Value Slope, Variance of EMG, Root Mean Square, Waveform Length,
Autoregressive Coefficients (to the fourth order), Frequency Median and Frequency

Mean.

This full set of features was carried forward for analysis. An investigation of feature

reduction, not used in the final algorithm, may be found in Appendix A.

4.2.4 Data Separation (MM/Bayesian Fusion Only)

To allow as large a training set as possible, leave-one-out cross-validation was used. As
such, for each repetition of the analysis, one sample was held back for testing (the Test-

ing Set), leaving 164 samples for training.

In order to learn the probabilities associated with each sensor and thereby populate each
sensor’s confusion matrix (as is required for the Bayesian sensor fusion method) with-
out introducing any element of bias, the remaining samples were divided again. Half of
the 164 samples were pseudo-randomly selected and used to train an MM classifier for

each sensor (the Classifier Training Set), and the remaining half were used to test the
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MM classifiers and measure their accuracy for each activity (the Probability Learning
Set). To complete this, the number of successful classifications was divided by the num-
ber of samples for each activity to estimate the probability, which was recorded in the
confusion matrix. The sums of the diagonal entries of the confusion matrices were then

used to approximate each sensor’s overall accuracy.

The choice of which samples were placed in the Classifier Training Set and which in the
Probability Learning Set could have an impact on the performance of the classifier. To
produce results representative of all subjects and activities, a selection algorithm was
used to pseudo-randomly place an approximately equal number of data samples from
each participant and activity type in the Classifier Training and Probability Learning
Sets. Where multiple examples were available (each participant provided three samples

of each activity), the set they were placed in was randomly selected.

An optimisation step also took place here, repeating the previous steps five times, with
a different pseudo-randomly selected split between the sets each time. The classifier
chosen to take forward was whichever resulted in the highest mean accuracy across

sensors, as measured in the Probability Learning Set.

For the comparison, a Combined K-Nearest Neighbours (KNN) technique was used in
the NMM,; this data-separation step was not required, as all data in the training set from
all sensors were used to train a single classifier, with no estimation of the classifier’s

accuracy.

4.2.5 Learning Classifiers
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For both the MM (Bayesian Fusion algorithm) and the NMM (Combined KNN algo-

rithm), KNN classifiers were used. The distinct difference between the two was that, for

the MM, one KNN classifier was trained for each sensor and then combined, whereas

the NMM trained a single classifier using all the sensors as inputs (see Figure 4.4 for a

graphical representation).
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Figure 4.4. Overall pipeline of training and testing for the two algorithms. The Bayesian Fusion (MM)

algorithm divides the training dataset into Classifier Training and Probability Learning subsets. The

Classifier Training Set is used to train the classifier for each sensor, and then the Probability Learning

set is used to populate the confusion matrix for each classifier. The confusion matrix then provides weight-

ings for each sensor’s contribution to the overall network output, which is used to predict the class of the

testing set. The Combined KNN (NMM) does not subdivide the training set, instead using all sensor
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data to train a single classifier, which then predicts the class of the testing set. Dashed lines indicate

testing data.

The features described in Section 4.2.3 were used as inputs to train the KNN classifier
[102], with hyperparameter optimisation selecting a K value (no. neighbours) of 1 and
a Gaussian distance metric with an exponent of 0.5. The same number of features was
used for both algorithms. For the Combined KNN classifier, all features were used for
one algorithm, whereas for the Bayesian Fusion algorithm, the features were evenly

distributed across the individual sensors.

4.2.6 Sensor Fusion (Bayesian Fusion Only)

In the Bayesian Fusion algorithm, each sensor produced its own independent classifi-
cation of the activity. Equation 4.2 was used with the confusion matrices populated in
the Probability Learning Set in order to calculate a probability of each activity being the
true activity given the sensor values. Whichever activity had the highest probability was

selected as the output of the combined system.

For the comparison with the Combined KNN algorithm, all the sensor inputs were fed
into the KNN algorithm previously used exclusively within each EMG sensor. This is a
well-established supervised learning technique [103] used in many EMG-driven intent
sensing studies and should be representative of the general performance of machine

learning techniques.

88



4.2.7 Testing

The performance of the two algorithms was compared by testing their classification of
the data sample in the testing set. The total number of correct classifications across the
165-fold leave-one-out cross-validation method was divided by the number of trials

(165) to result in an accuracy measure for each algorithm.

4.2.8 Time Variation

The first goal to be investigated was the effect on the accuracy of intent classification
when varying amounts of time were allowed to pass after the activity’s inception before
intent classification was performed. To measure this, the experiment was repeated with
all 24 sensors active, making the prediction using only the first X milliseconds of each
sample, with X increasing from 200 in 50 ms increments up to the full 1000 ms allowed.
The resulting accuracies were plotted against the time allowed to show the trend. The
trend for both methods was then quantified using a Spearman’s rank correlation coeffi-
cient, where R(P;) and R(T;) are the ranks of each (i-th) sample in accuracy and time,

respectively, and n is the number of samples:

. 63(R(P)-R(M)°
ro=1- RO =D (4.3)

This gives a result between -1 and 1, where 1 is a perfectly monotonically increasing
pattern, —1is a perfectly monotonically decreasing pattern and 0 indicates no monotonic

relationship. This is an appropriate measure, as it will indicate to what extent the
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hypothesis is true, namely that accuracy will increase when more time is allowed to

pass [104].

4.2.9 Variant No. Sensors

The second area to be investigated was the effect on intent classification accuracy when
the number of sensors was varied, where in each instance, the algorithms were trained
only on the sensors that were active. It should be noted that this is not testing robustness
to sensor dropout (this is described in Section 4.2.10) but instead showing the effect of

increasing the number of sensors.

The number of sensors used as inputs, R, was varied from 1 to 24. For each number, 50
randomly selected combinations of R sensors were tested and the mean accuracy was
recorded, along with the 95% confidence intervals. These were plotted and compared

graphically.

Referring back to the PSN model discussed in Section 4.1.3, as both algorithms use the
same sensors in this experiment, in the same sensing environments and with the same
signal conditioning, this suggests the difference in probability comes entirely from the

Stage D, Signal Processing step.

If the probability associated with the MM (Bayesian Fusion) method is P(D1) and the
probability associated with the NMM (Combined KNN) method is P(D2), and the
probabilities of the Environment, Sensing and Conditioning stages are P(4), P(B) and
P(C) for both algorithms, respectively, the ratio of the Processing probabilities for the

two algorithms is given by:
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P(MM) _ P(A)-P(B)-P(C)-P(D1) P(D1)
P(NMM) P(A)-P(B)-P(C)-P(D2) P(D2)

(4.4)

This ratio therefore quantifies the relative benefit of using the MM over the NMM for
intent detection, and so this was estimated using the data points plotted and then used
to compare the algorithms. This ratio was not expected to be consistent for all data

points, and so the range of values was given.

4.2.10 Simulated Dropout

The third (and most important) element to be investigated was the effect on the intent
classification accuracy of the algorithms only trained with all sensors active when a
number of sensors begin “dropping out”. To test this, the experiment was repeated
again, this time by randomly selecting N sensors to be set to a constant 0. For the Bayes-
ian algorithm, these sensors’ predictions were not used. On the other hand, the K-near-
est-neighbours algorithm trained on all the sensors cannot have an input removed, so

they continued to use the 0 value.

The number of dropped sensors, N, was increased from 0 to 23, with the predictions
made only 1000 ms into each activity —well before their completion, making this anal-
ysis a “goal inference” task. The accuracies measured were averaged over 50 random
combinations of N sensors dropping out. The mean accuracies over twenty repetitions
of the MM (Bayesian Fusion) and NMM (Combined KNN) were plotted against N,

along with the upper and lower bounds of the 95% confidence interval of each.

91



Asin Section 4.2.9, the ratio of the accuracy of the MM to the NMM was used to quantify

the relative benefit. This will vary as N increases, and so the range was given.

4.3 Results

The accuracies of the two classification methods versus an increasing amount of time
allowed after activity inception with all sensors used are shown in Figure 4.5. Both
showed trends of increasing accuracy over time, with a Spearman’s rank correlation

coefficient of 0.9 for the MM (Bayesian Fusion) and 0.6 for the NMM (Combined KNN).
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Figure 4.5. Comparisons of the accuracy of the intent-classification system against the time allowed to
pass after the activity’s inception before classification was performed, up to the 1-second limit and with
all 24 sensors active (no dropout). These graphs are shown separately to clearly illustrate the presence of
a general trend for each algorithm, but comparisons between the two in this context should be avoided
(see Section 4.4.1 for discussion on this). The Combined KNN method does not have confidence intervals,
as all the sensors are included and there is no subdivision of the training data, so its performance is

entirely reproducible.
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The accuracies of the MM and the NMM trained and tested on a varying number of
sensors from 1 to 24 with no dropout are shown in Figure 4.6. The NMM had consist-
ently higher accuracy than the MM in this case, with no overlap between the 95% con-
fidence intervals until the number of sensors reached 21, at which point the upper con-
fidence interval of the MM exceeded the lower confidence interval of the NMM. The
accuracy ratio of the MM to the NMM method ranged between 0.8 and 0.9, with a mean

of 0.85.
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Figure 4.6. Comparison of the accuracy of the intent-classification system using the Bayesian Fusion
method (treating each sensor separately and then combining them) and the combined method (putting all
sensor information into a single KNN classifier) as the number of sensors increases. No sensors dropped
out—instead, the number of sensors was varied from 1 to 24, and the algorithms were trained on the

number of sensors active in each case.
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The accuracies of the MM and the NMM all trained on the complete set of sensors when
the number of sensors dropping out varies from 0 to 23 are shown in Figure 4.7. Initially,
with no dropped sensors, the NMM resulted in a higher mean accuracy than the MM.
As more sensors dropped out, this difference decreased, until with 10 sensors dropping
out, the MM mean accuracy exceeded that of the NMM. From this point on, the accuracy
advantage of the MM over the NMM continued to increase, resulting in an accuracy
ratio of MM to NMM ranging from 0.9 at 0 dropout to 1.4. Initially, there was a large
amount of crossover between the 95% confidence intervals of the two methods, but after
17 sensors had dropped out, the lower bound of the MM became greater than the upper

bound of the NMM, and remained so for all greater numbers of dropped sensors.
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Figure 4.7. Graph showing the accuracy of the intent-classification system with increasing number of
sensors dropping out. The Bayesian Fusion method (treating each sensor separately and then combining

them) and the combined method (putting all sensor information into a single KNN classifier) are shown.
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4.4 Discussion

4.4.1 Time-Dependent Classification

The results obtained from the experiment demonstrated a link between the time al-
lowed to collect data and the accuracy of the classification, with the accuracy increasing
approximately monotonically over time (see Figure 4.5). This link was shown more
strongly for the MM than for the NMM, with a higher Spearman’s correlation coefficient
for the former than the latter. There is no reason in the algorithms that the time allowed
should have a different effect on the MM than the NMM. It is possible that the difference
was due to the experiment being performed with all 24 sensors active—in this case, the
NMM was expected to perform better than the MM, and was therefore closer to the
maximum accuracy achievable by the sensors. As a result, there was less capacity for an
increase as more time was allowed. Regardless of the difference, the experiment indi-

cates that intent classification is more difficult earlier on in the activity cycle.

This was an expected result, as the activities all started in approximately the same po-
sition, with the differences between them increasing as they progressed. Similar find-
ings were shown in [38], though in a somewhat different context, and when viewed in
combination with this study, it is suggested that the monotonic increase in classification
accuracy begins even before activity inception (where it is purely predictive) and con-

tinues throughout the activity cycle.
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4.4.2 Variant Number of Sensors

A clear relationship was also seen between the total intent classification accuracy and
the number of sensors used as inputs in the algorithms (see Figure 4.6). It should again
be noted that, in this test, the algorithms were trained on each possible combination of
sensors, which is not possible in real-world applications where the sensors that may or

may not be available are not known in advance.

For both algorithms, the classification accuracy increased with the number of sensors.
However, as there is no “sensor drop out” in this scenario, the NMM (Combined KNN
algorithm) showed consistently better performance than the MM (Bayesian Fusion al-

gorithm).

Again, this was an expected result that aligns with previous studies [105], as the Com-
bined KNN algorithm was able to exploit relationships between the features from dif-
ferent sensors, whereas the Bayesian Fusion algorithm was limited to only exploiting
relationships between features within each modular sensor. The Combined KNN algo-

rithm therefore had access to more information than the Bayesian Fusion.

The ratio between the accuracy of the MM and NMM ranged between 0.8 and 0.9, sug-
gesting that while the modular approach did show lower performance than the non-
modular approach with no sensor dropout, this difference was relatively small, and

much of the accuracy was still retained.

Both algorithms followed a similar pattern of initially rapid increases in accuracy as the

number of sensors increases, with a decreasing slope as the number of sensors becomes
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large, approaching an asymptote. This followed the general pattern expected by a PSN

with increasing sensor numbers (see Chapter 3).

4.4.3 Simulated Dropout

The case of simulated dropout is the one most directly pertaining to the proposed real-
world application, and is the main focus of this study. While the Bayesian Fusion algo-
rithm was not designed to outperform standard combined methods in situations where
the specific combination of available sensors is known and trained on, this pre-training

will not be possible in dynamic real-world scenarios.

The situation of sensors dropping out reflects the fact that, in a dynamic sensing envi-
ronment, sensors which were initially available will no longer become available as the
user moves away from them. It also applies to the issue of maintenance, where sensors
on a user’s device may fail over time with use, often requiring regular follow-up ap-

pointments [106], which may be costly and unfeasible in developing countries [107].

By treating the individual sensors as modular, the Bayesian Fusion algorithm allowed
any combination of sensors to still function together as a system, rather than relying on
all of them. In this scenario, therefore, both algorithms were trained on all available
sensors, and then increasing numbers of sensors were randomly set to 0. The hypothesis
was that the modular Bayesian Fusion approach would be much more robust to this
dropout than the Combined KNN approach, which was dependent on all sensors work-

ing together and should therefore drop in accuracy more rapidly.
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This was supported by the results, which showed that while the NMM was superior
with no dropout (as expected from previous studies [108]), as the number of dropped
sensors increased, the MM overtook its accuracy and became increasingly superior.
Given that a real-world intent sensing system might involve hundreds of different sen-
sors dropping in and out throughout the user’s activities of daily living, these results

indicate the MM as a more appropriate choice than non-modular alternatives.

Furthermore, an NMM would have to be pre-trained on every possible combination of
sensors, which becomes prohibitively complex and computationally expensive with
hundreds of sensors in play. Conversely, an MM would only need to train a single clas-

sifier for each sensor.

4.4.4 Limitations of the Study

While the algorithms used in this study were designed to still be valid for real-time
application, the tests described were performed on data “after the fact.” A practical ap-
plication would require real-time testing, factoring in elements such as processing

speed.

This study involved only five participants, each performing three trials. While this was
sufficient to demonstrate the general ideas discussed, small datasets with high dimen-
sionality can lead to bias in performance estimates and inaccuracies in classifiers [109].
As such, a larger dataset would allow the study of more effective classifiers, with more

accurate confusion matrices and more precise final accuracy measurements.
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This study classified intent between three different classes, but in daily life, intent op-

tions are far more diverse.

This study used only IMU and EMG sensors as inputs, in order to demonstrate the com-
bination of different sensing environments for networked intent sensing. Many other

sensor types would also be valid.

In terms of sensor numbers, this study was limited to 24 sensors. While this is far more
than may be found on a typical prosthetic device, compared to a network composed of
wearable, smart-phone and smart home sensors across multiple environments includ-
ing home, travel, work, etc,, it is relatively small. Given the pattern established by this
study, it is likely that the difference between the algorithms will only increase with

larger numbers of sensors dropping out.

This study only concerned itself with the scenario of sensors dropping out, and did not
consider the possibility of sensors dropping in. It would have been impossible to in-
clude sensors in the NMM that were not originally trained on, as this would result in
more input dimensions than the trained classifier allows. The MM, however, would
have had no issue with this, so long as confusion matrix entries for the new sensors

were provided.

4.4.5 Suggested Future Work

While the data set used for this work was a good starting point, applying the methods

established here to a much larger data set (such as [110]) would also be of interest,
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allowing the study of more accurate classifiers and more accurate estimations of the

confusion matrix entries.

Secondly, the analysis performed here took place offline, with all data recorded in ad-
vance. The next stage of the algorithm’s development would be to adapt it to run in
real-time, perhaps in a scenario similar to [111], which would be much more representa-
tive of practical use in a prosthetic device. A real-time scenario for intent sensing is in-

vestigated in Chapter 5.

More sensors, particularly from multiple sensing environments, would further improve
the algorithm and allow more precise classification into finer, more detailed classes. A
future study could combine the sensors used in this study (perhaps built into a wearable
device) with smart home sensors and built-in sensors on devices such as smart phones
and smart watches to further expand the network and provide a better simulation of

the proposed real-world application.

The MM also has the benefit of reducing the dimensionality of the classifiers trained
compared to the NMM. The NMM, using the same number of training samples, must
train a classifier to distinguish between features from every sensor at once. The MM
splits this problem up into R individual classifiers (where R is the number of sensors),
each with the number of dimensions reduced by a factor of 1/R. It is possible that this
could reduce the amount of training data required to train the needed classifiers—a
future study could investigate, verify and quantify this potential advantage. Chapter 7

of this thesis showcases this benefit particularly strongly.
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Finally, the maintenance applications of the modular algorithm could be further ex-
plored by applying the algorithm to the number and types of sensors found on actual
prosthetic devices for current industry-standard classifications, to investigate ad-

vantages in continued prosthetic viability as sensors cease to function.

4.5 Conclusion

Firstly, it has been shown that intent classification is easier the later on in the activity
cycle it is attempted, and that a high classification accuracy (~96%) can be reached using

only the first 1000 ms of data after activity inception for simple tasks.

Adding more sensors has been shown to produce a strong improvement in accuracy
regardless of which intent sensing algorithm was used, well beyond the relatively small
number of sensors typically used in prosthetic devices. Networking larger numbers of
sensors together is supported by this study as a potential method for improving device
input detection accuracy, which could not only lead to better performance in devices
but also allow the option of more precise, complex input actions that previously have

not been detectable with a high-enough accuracy through existing methods.

The proposed modular approach to sensor fusion supports a dynamic intent sensing
network more effectively than the comparison combined approach, with higher accu-
racy under conditions of major sensor dropout and the possibility for “drop-ins”, which

are not viable for a non-modular system.

This approach is not only useful in a dynamic context where users move from one sens-

ing environment to the other, but also in maintenance scenarios, to allow devices to
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continue to function with a reduced set of sensors where repair is costly or impossible.
It could even be possible to use a combined algorithm where all sensors are available,
and then switch to a modular algorithm when sensor dropout is detected, maximising

accuracy with a “best of both worlds” approach.

In summary, this is an early exploration into the requirements and viability of a dy-
namic intent sensing system, and it is hoped that subsequent research will push this
technology further, towards a future where intent sensing approaches ubiquity in med-

ical devices and beyond.
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Chapter Abstract

It has been established in the previous chapters that in order to maximise accuracy of
intent sensing, particularly in the context of controlling a prosthetic device, as many
sensors as possible should be utilised. The availability of sensors may change over time
due to changing surroundings or activities, sensors failing, and electrode contact being
lost. The sensor network should be dynamic and modular in nature, continuing to func-
tion even when some sensors are unavailable. The management of sensor unavailability
may help to reduce the need for device maintenance, particularly in developing nations

with limited availability of these services. An algorithm is proposed to classify intent
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using networked sensors in real-time. Data are gathered using human participants
wearing four surface electromyography sensors and performing a pseudo-random se-
quence of grasps. The relationship between time offset and prediction accuracy is in-
vestigated, with the algorithm predicting future intent actions up to half a second in
advance. Sensor dropout is simulated by randomly setting sensor readings to zero. The
new algorithm is compared to existing algorithms and shown to be more accurate in
situations of sensor dropout, with the difference increasing as more sensors become un-
available. This suggests that when reductions in sensing capabilities are likely to occur

over time, the modular method is more appropriate for control.
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5.1 Introduction

5.1.1 Background - Establishing the Problems

As discussed in the previous chapters, intent sensing is particularly applicable for as-
sistive technologies where it could allow more responsive, intuitive control, reducing
cognitive loading and enhancing the user’s overall experience. Prosthetic technology
provides an ideal use case for this research, as accurate control of the artificial limb is

essential for the user’s safety and quality of life.

Modern active upper limb prosthetic devices are typically controlled with electromyog-
raphy (EMG) sensors, detecting electrical activity present during muscle contractions.
However, the experience of using this technology is not intuitive; the muscles must be
deliberately contracted in order to activate the device in a manner that must be learned,

and the number of degrees of freedom is limited [112].

Recent advancements have suggested neural interfaces as a potential solution, involv-
ing integration between a prosthetic device and the nervous system to produce more
natural control. However, this kind of invasive technique carries an unavoidable risk of
infection and tissue damage [113], which limits its potential for widespread uptake. As
stated in Chapter 4, if a system could be devised to increase prosthetic functionality and
enable natural, intuitive control using non-invasive sensing, then this could be of great

benefit.
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Prosthetic maintenance is also an issue. Medical Center Orthotics & Prosthetics (MCOP),
a leading US prosthetic out-patient clinic, recommends that prosthetic patients return
to their local clinic for a maintenance check-up at least twice per year [106]. While this
may be possible for some, patients with limited mobility or those who live far from the
clinic and do not have access to the necessary funds or transport facilities may find this
to be challenging. This is particularly problematic in developing nations, where clinics
may be sparsely available and patients may have to travel several hours to reach them
[107]. If the need for prosthetic maintenance could be reduced, this could have positive

impact on these patients’” livelihoods.

Additionally, a common problem with myoelectric prosthetics is electrode lift-off,
where movement and a change in limb volume, both throughout the day and over
longer periods of time, can result in the quality of electrode contact being reduced to
the point where no clear signal can be extracted [114]. A system that is robust to elec-
trode lift-off could improve the prosthetic usability and further reduce need for visits to

clinics.

This study attempts to address these problems, proposing an algorithm to non-inva-
sively measure users’ intent in real-time in a way that is robust to sensor availability,
failure, or electrode lift-off, enabling intuitive control and reducing the need for device

maintenance.
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5.1.2 Intent as a Solution

As stated in Chapters 2 and 4, intent can be defined as consisting of three aspects: (i)
Prediction of Future Activities (ii) Activity Transition Recognition and (iii) Inference of
Task Goal [2]. Prediction of Future Actions involves looking ahead to an activity that
has not yet begun to take place (e.g. detecting a staircase ahead, which a user may soon
be about to climb). Activity Transition Recognition involves identifying the user’s cur-
rent activity and detecting when it changes (e.g. starting walking). Goal Inference is
concerned with identifying the objective of the current activity (e.g. the user is walking
towards the staircase). An overview of these aspects is shown in Figure 5.1.

II: Recognising Activity Transition

Contextual ( A \
Stimulus

‘ Maintenance or
Planning change of task
goal

Inception of

Idea to Act ‘

Environmental
Stimulus

Y Y

I: Predicting Future Actions [ll: Inferring Task Goal

Figure 5.1. Overview of the phases of intent sensing, adapted from Chapter 2. This study concerns itself

with the Planning, Action and Maintenance or change of task goal phases (highlighted in blue).

The effect of sensor unavailability (through failure, lift-off, etc.) on intent prediction ac-
curacy remains unclear and also directly impacts on the maintenance question. A tech-
nology that no longer reaches a certain level of performance needs to be serviced; so,

keeping the performance level as high as possible even when components fail will result
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in a better experience for the user. This study explores how a new modular algorithm

compares to more established methods of intent prediction when sensors drop out.

This study investigates all three aspects of intent sensing, with elements of activity tran-
sition recognition, inference of a task’s goal, and activity prediction. Analysis was per-
formed in real-time, with the intent estimations continuously updating over the course
of the activity. Participants were given advance warning of the actions they were re-
quired to perform to allow the possibility of an anticipatory response to occur [115],
which was used to predict the action itself. The activity transition was then detected,
and any change in task goal was monitored, resulting in a holistic intent sensing system.
At the moment, these systems are still rare in the literature (see Chapter 2), and different
algorithmic approaches can be used to predict the action. The different options for this

are discussed and compared.

5.1.3 Intent Sensing Methods: Modular and Non-Modular

Current multi-sensor control systems for prosthetics generally tend to favour a com-
bined, non-modular method (NMM), where the system is trained on a specific combi-
nation of sensors that are available, and therefore, suffers from a serious reduction in
accuracy when the sensors become unavailable. The choice of algorithm used can affect
the extent to which this occurs: a K-Nearest Neighbours (KNN) classifier, for instance,
is generally more robust to sensor dropout than a Decision Tree classifier is. Chapter 4
showed that a modular method (MM) might be the most optimal choice for dealing with

sensor dropout, as each sensor is trained individually and makes its own prediction,
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which is then combined with the others at the end of the process using Naive Bayes
techniques. Removing a sensor naturally reduces the accuracy of the system, but the
reduction is dependent on the contribution of that specific sensor and does not have a
wider impact on the classification algorithm. As such, the decrease in accuracy from

sensor dropout is expected to be smaller than it is in a combined, NMM system.

However, without dropout, combined NMMs, which use all sensor inputs to train a
single classifier, should perform with a higher accuracy than the equivalent modular

approach does, as a combined method can exploit the relationships between sensors.

Once sensors start to drop out, the equivalent MM should decrease in accuracy much
less rapidly than that of the NMM does, until it becomes the more accurate method,

with this difference subsequently increasing as more sensors drop out.

This was initially investigated in Chapter 4, which tested an MM against an NMM ret-
rospectively using laboratory gathered motion data. This study aims to apply an en-

hanced version of these techniques in a more realistic, real-time scenario.

5.1.4 Intent in Real-Time

Unlike in Chapter 4, the analysis performed in this study took place in a simulated real-
time scenario. This means that all techniques used were carefully chosen to ensure that
they would work in real-time, and the simulated real-time was controlled to ensure the

algorithm was never given access to “future” data before the appropriate time.

Using simulated real-time enabled the data collection to be performed remotely. Run-

ning the study fully “online” would have been more ideal, as it would have enabled the
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quantification of the processing speed and would have allowed for the possibility of
“user-in-the-loop” behaviour being captured. However, both these factors are beyond
the scope of this study, which aims to develop algorithms for an intent sensing input

and does not extend to testing hardware implementation.

Rather than retrospectively classifying a set of data as one activity or another, the algo-
rithms used in this study classify data continuously; at each time step, they update a set
of intent predictions. Each update will include an estimation of the current action intent,
predictions for actions in the immediate future, and improvements on the estimations

from the immediate past.

It is understood that it is more difficult to predict what the intent will be in the future
than it is to estimate what is happening at the present moment and that this in turn is
more difficult than estimating what the intent was in the past. Chapter 4 suggested this
relationship between the accuracy of intent estimation and time offset should be ap-
proximately monotonic, with the accuracy increasing the later on in the activity cycle

intent is estimated.

This study will investigate this relationship further, exploring how accuracy increases

from the predictive to retrospective time offsets.

5.1.5 Experimental Concept

The proposed real-time Modular Method (MM) was compared to a more standard Non-
Modular Method (NMM) in a trial involving human participants. To clearly showcase

the potential performance of the proposed algorithms, the experimental scenario was
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kept as simple as possible, while still satisfying the conditions for sensing intent and
remaining representative of a practical prosthetic device. Binary classification was used,
selecting between two possible intent states — the right hand being open or the right
hand being closed, which the participant switched between according to a pattern
shown to them on a screen. A fine time resolution was used, classifying the open/closed
state for each 50ms window, allowing precise measurements of the effect of time on

classification accuracy.

The sensing input used was surface electromyography (sEMG), a standard sensor type
included in typical prosthetic devices [116]. Up to four of these sensors were used —
which is more than a prosthetic device would usually include - to be representative of

the best-case scenario as a starting point.

As this study aims to investigate applications of the proposed algorithms to reducing
the need for prosthetic maintenance, sensor dropout was simulated to represent a sen-
sor becoming unavailable (from causes such as sensor failure or electrode lift-off). To
achieve this, the inputs of sensors were replaced with recorded pure sensor noise when
they failed (unlike in Chapter 4, where dropout was simulated by setting the sensor
output to 0). This means that the signal contained no information, so could not be used
for classification. Established methods exist for detecting sensor signal loss through a
variety of causes [117]. The simulated dropout/unavailability was implemented from
the start of recording; as for the vast majority of the time, a prosthetic device is in a

steady state, with a certain number of sensors remaining active. The event of a sensor
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actually transitioning from working to not working is very rapid, with minimal contri-

bution to the sensor’s overall accuracy; so, the transition to failing was not considered.

5.2 Methods

5.2.1 Data Collection

The data used here were specifically gathered for this study from seven non-disabled
human participants (2 females and 5 males; age 23-60; weight 58-91 kg). The study was
performed in accordance with the Helsinki Declaration, and ethical approval was ob-
tained from the Medical Sciences Interdivisional Research Ethics Committee (IDREC)
of the University of Oxford (Reference Number: R68585/RE001). All data were anony-

mised.

The methodology employed here builds on the method first employed in Chapter 3.
Each participant wore four sEMG sensors (voltage differential measurement, gain 1009,
range +1.65mV, CMRR 80dB, input impedance 10GOhm) connected to a low-cost BITa-
lino (r)evolution body-sensing toolkit, with a sample rate of 1000Hz [118]. Each sensor
module consisted of two gelled self-adhesive disposable Ag/AgCl electrodes (diameter
24mm, thickness Imm, and coated in conductive hydrogel) to be placed on the muscle,
and an additional electrode was placed on the collar bone as a ground reference. The
sensors were placed on four major muscle sites on the right arm, following standard
recommendations from SENIAM - biceps brachii, and triceps brachii (long head and

lateral head) [78], along with the extensor carpi radialis. These are shown in Figure 5.2.
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Each participant held a finger exerciser [119], with their forearm flat on a table and their

palm facing upwards.

-

Figure 5.2. Photographs of the positions of EMG sensors (green boxes) on an anonymised par-
ticipant. The left image shows the frontal plane of the arm. The right image shows the arm inter-
nally rotated to provide a view of the sensors placed on the triceps. In order to be representative

of a prosthetic use case, the sensor placed on the hand was not used.

A pseudo-random sequence of 1s and 0s was generated and presented on a screen in
front of the participant as a line graph. This sequence was constrained so that exactly
50% of the sequence was 1 and 50% was 0, with the first 3 entries always being 0. The
left edge of the graph was labelled as the “present”, with the future actions the partici-
pant would be required to take being shown on the right. Every second, the “future”
plot would advance by one time step towards the “present”. The participant was asked
to close their hand when the “present” line intersected with 1 and to open their hand
when the line was at 0. An audio cue was also used, with a continuous high-pitched
tone sounding when the participant was required to close their hand, and a low-pitched

tone when they were required to open it.
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The sequence used was saved, along with timestamps, to be used as ground truth when

the accuracy of the intent classification was assessed.

In order to standardise the strength of muscle activation, participants were instructed
to close their hand with enough force to fully compress the finger exerciser and no more

and to maintain this for the duration of the “1”.

Each trial lasted three minutes, and each of the seven participants was asked to perform
three trials, resulting in twenty-one sets of data. To prevent muscle fatigue, the trials

were separated by five minutes of rest time.

Additionally, a thirty-minute recording was made to represent sensor lift-off, in which
the sensor on the biceps brachii was rotated 180 degrees, so that the electrodes pointed
away from the surface of the skin. This meant that the recording was pure noise, with
no underlying EMG information. Trials were repeated during this period with the
hands opening and closing as in the ordinary trials, so that motion artifacts could also

be included. Sections of this recording were used when sensor drop-out was simulated.

The BITalino was connected through Bluetooth to a personal computer running Open-
Signals (r)evolution (v2.1.1, Plux Wireless Biosignals, Lisbon, Portugal), which was used

to record EMG data.

5.2.2 Signal Processing

All signal processing was performed in MATLAB (R2022a, Mathworks Inc, Natick, MA,

USA). Raw EMG signals were initially filtered with a 10-500 Hz band-pass third-order

115



Butterworth filter and normalised by the maximum filtered signal recorded during

training for each sensor on each participant. [100]

5.2.3 Feature Extraction

To interpret the EMG data, protocols established in [101] were followed to represent the
industry standard for EMG feature extraction, selecting key features identified in that
study. Data were segmented into windows of 200 ms, each shifted by 50 ms, so that
consecutive segments overlapped by 150 ms. From each segment, the features extracted
were: Integrated EMG, Mean Absolute Value, Mean Absolute Value Slope, Variance in
EMG, Root Mean Square, Waveform Length, Autoregressive Coefficients (to the fourth

order), Frequency Median, and Frequency Mean.

As this study was performed in real-time, an intent prediction was made at the end of
each segment, i.e., every 50 ms. For each prediction, the features from the previous ten
segments (650 ms) were used, resulting in a total of 110 features for each sensor. These
were used to ensure that the full pattern of the changing EMG signal could be recog-
nised and did not introduce input lag, as each segment was labelled according to its
delay. This means that, once trained, the system weighted the segments’ contributions
appropriately and was predicted to increase accuracy approximately monotonically
over time as an activity transition occurred. Further evidence of this is included in Ap-

pendix B.
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5.2.4 Real-Time MM Intent Algorithm

The MM algorithm used in this study was adapted from that in Chapter 4. Sensors were
treated individually, with no consideration for the relationships between sensors. Train-
ing data were used to train an individual KNN classifier for each sensor and to populate
a confusion matrix to quantify its accuracy in classifying each possible intent outcome.
During testing, each sensor made its own individual prediction of the intent, and these
predictions were combined by effectively weighting them according to their confusion

matrix entries. This was achieved using Bayes' rule [81]:

P(VIE) - P(E)
P(VIE)-P(E)+ P(VI|E") - P(E")

PE|V) = (5.1)

P(E) is the prior probability of a particular intent being true, and P(E") is the prior
probability of that intent not being true; in this study, both of these are always set to 0.5.
P(E|V) is the probability of that intent being true given the set of sensor values cur-
rently being measured. P(V|E) is the probability of measuring the current sensor val-
ues given that the intent being considered is true. Assuming that there is probabilistic
independence between the individual sensors, this can be approximated as the product
of the probabilities of each individual sensor. P(V|E’) is the probability of measuring

the current sensor values given that the intent being considered is not true.

This equation was used to determine the probability of each possible intent being true,

and then the algorithm simply selected the intent with the maximum likelihood given
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the data. When a sensor dropped out, its contribution was not included in the equation,

and no re-training was required.

5.2.5 Comparison NMM Algorithm

The NMM algorithm used for comparison did not require the learning of a confusion
matrix, and it simply required all training data to be fed into a KNN classifier. When
sensors dropped out, their entries were replaced with pure sensor noise, but their di-
mensions cannot be removed from a combined algorithm; so, the accuracy was expected

to rapidly decrease.

5.2.6 Data Separation

Leave-one-out cross validation was used, which separated data into a training set of
twenty samples and a testing set of one sample. Each sample contained three minutes
of data. For the NMM, all data in the training set were used along with the recorded
ground truths to train a single KNN classifier, which was then used to classify data in

the testing sample.

For the MM, as was the case in Chapter 4, a separate classifier had to be trained for each
sensor, and each classifier also required a confusion matrix, indicating its sensitivity
and specificity. To ensure these were accurate and non-biased results, the same data
could not be used both to train the classifier and populate the confusion matrix. The
training set was, therefore, once again subdivided into a classifier training set and a

probability learning set.
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The classifier training set was used to train a KNN classifier for each sensor. This was
then tested on the probability learning set and compared against the ground truth. The
results of each classification were tallied and divided by the number of samples to pro-

duce the entries for the confusion matrix for each classifier.

The confusion matrix entries then gave the weighting for the contribution of each sensor
to the Naive Bayes sensor fusion algorithm, combining together the individual predic-

tions from each sensor to produce a final prediction for the MM algorithm.

The two algorithms were then used to predict the intent for each segment in the testing
set, with the number of successful classifications divided by the number of segments to
give the accuracy. This is the metric that has been plotted in the graphs in the Results

Section.

5.2.7 Time Offset

In order to measure the effect of changing time offset on classification accuracy, the rec-
orded ground truth was shifted in increments (T') of 100 ms from -500 to +500. This had
the effect of training the system to use each set of ten segments to predict the user’s

intent, T segments in the future for negative values and in the past for positive values.

The classification accuracy of samples in the testing set was measured for each value of
T using both algorithms, with the results plotted. A Spearman’s rank correlation coef-
ficient was calculated (again using Equation 4.3) in order to quantify how well the trend
may be described as monotonic. This value was used to determine to what extent the

following hypothesis is true: that accuracy will increase with greater values of T [104].
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5.2.8 Sensor Dropout

A varying number of sensors, 7, in the testing set were then replaced with noise from
the pure noise recording to simulate sensor dropout. Both algorithms were trained on
the full set of four sensors, but the MM was able to simply not include contributions
from dropped sensors in its classification system. The NMM, on the other hand, cannot
have dimensions removed; so instead, continued to use these entries, which had been

replaced with pure noise.

The number of dropped sensors, n, varied from 0 to 3, with classification accuracy rec-
orded at all values of T. This was repeated for every possible combination of dropped
sensors, and the mean accuracy was taken and plotted for both the MM and NMM al-
gorithms for all T values. First, the lines of accuracy vs time offset for values of n were
overlaid on two graphs for the MM and NMM, respectively. No confidence intervals
were plotted to provide clarity. Subsequently, individual plots were created, comparing
the accuracy vs time offset for the NMM and MM, with one plot for each value of n.
For these graphs, the 95% confidence interval for the MM is shown, illustrating the var-
iation in accuracy resulting from the choice of subdivision between the classifier train-
ing and accuracy learning sets. No interval is shown for the NMM, as there was no
subdivision within its training set, and so, the results are entirely reproducible. The per-

formances for both algorithms were then compared.

Following this, the time offset, T, was fixed at 0 ms to represent a device predicting the

current intent at any given moment. The number of dropped sensors, n, varied from 0
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to 3 with all possible combinations for both algorithms. Again, the 95% confidence in-
terval was also plotted for the MM, with no confidence interval plotted for the NMM

due to the entirely reproducible results.

5.3 Results

The results of varying the time offset using the MM and NMM are shown in Figure 5.3.
The maximum accuracies found were 0.91 for NMM and 0.86 for MM (both at zero
dropouts), at which point, the gradient had become small, suggesting that these are ap-
proximately the maximum accuracies achievable in each algorithm with a positive time

offset.
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Figure 5.3. Graphs to show accuracy against the time offset, which is defined as the difference between
the time the prediction is made and the time that the intent is being predicted for, which was measured in
milliseconds. Results for the Modular Method (MM) are shown on the top left, and results for the Non-
Modular Method (NMM) are shown on the top right. Lines from n =0 to n = 3 are shown, where n is the
number of dropped sensors. On the bottom, overlaid plots for both the MM (blue) and NMM (red) are
shown, with separated values from n =0 to n = 3. The 95% confidence interval for the MM is included
here (the NMM does not have a confidence interval, as its performance is entirely reproducible). Negative
time offsets represent predictions about what the intent will be in the future. Positive time offsets repre-
sent historical estimations of past intents. An offset of 0 is a prediction of the current intent at the time

of prediction.
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Spearman’s rank correlation coefficient was calculated for each line in order to quantify

the extent to which the relationship between accuracy and time offset was monotonic.

This is shown in Table 5.1.
MM NMM
N Ts N Ts
011 011
1 |0.96 1 ]0.99
211 2 1097
311 31027

Table 5.1. Spearman’s rank correlation coefficients (rs) calculated for accuracy vs time offset from n=0 to
n=3 using the Modular Method (MM) and the Non-Modular Method (NMM). An rs of 1 is a completely
monotonic increase, 0 is no monotonic increase or decrease, and -1 represents a perfect monotonic de-

crease.

The resulting accuracy of the MM and the NM, with a time offset fixed at 0 ms, with
varying numbers of dropped sensors ranging from n = 0 to n = 3, is shown in Figure
5.4. Both algorithms were trained on the full set of four sensors. Both plots showed a
Spearman’s rank correlation coefficient (r;) of -1, which indicates a completely mono-
tonic decrease. The mean gradient of the NMM was —0.10/sensor, and for the MM, it

was —0.03/sensor.
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algorithms were trained on all four sensots.

5.4 Discussion

5.4.1 Time Offset

Varying the time offset resulted in a clear monotonic relationship between accuracy and
time offset. This demonstrated that the classification of intent is easier when it is con-
ducted retrospectively, and it becomes more difficult to accurately perform it in the ear-
lier phases of the activity cycle. Predicting intent before the activity has begun is partic-
ularly difficult, and the MM and NMM could only initially achieve accuracies of 71%

and 75%, respectively, compared to the maximum accuracies of 86% and 91%,
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respectively, 500 ms after onset. This difference may be somewhat explained by the na-
ture of the sensing apparatus. EMG sensors operate by detecting the electrical activity
in muscles, which can only be used to predict future activity through the anticipatory
response: the slight pre-tensing of muscles just before an activity the subject knows they
are about to perform [115]. This is not a reliable response, and it only occurs in a short
window of time before the activity begins, resulting in low accuracy far in advance of

the activity.

This might be improved in a future system by combining sEMG sensors with another
sensing modality that is more effective in the predictive region, such as electroenceph-
alography (EEG), which could provide additional information in the planning phase by
detecting activity in the brain. Contextual factors such as the time of day could also be
employed in a real-world scenario, or environmental stimuli may be detected, which
may trigger the idea to act. It has been shown that even small changes in the environ-
ment can lead to clear differences in motor control [10]. The nature of the experiment
performed in this study did not consider these, but future studies performed in situ in
a participant’s home, rather than under control conditions in a lab, may be able to in-

corporate factors of this nature.

The monotonic relationship between accuracy and time offset has implications for prac-
tical intent sensing systems. At a basic level, it highlights a design trade-off between
accuracy and responsiveness in any intent-controlled device. Utilising a predictive clas-
sifier could totally eliminate the lag between a user attempting an activity and an assis-

tive device engaging, which is used to aid them. However, this results in a lower
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accuracy of intent prediction than that which might otherwise be achieved by waiting

slightly longer.

Different applications could benefit from different choices of accuracy versus delay.
Systems that require a rapid response, but have low consequences for incorrect classifi-
cation, might benefit from a “lower” time offset, thereby accepting the lower accuracy
level. Systems requiring a higher accuracy level might be better suited to a “higher”

time offset, thereby accepting the increased lag to achieve a desired outcome.

This is something which could be dynamically shifted during device operation. If the
accuracy has been reduced due to sensor degradation, failure, or electrode lift-off, in-
creasing the time offset could help alleviate the reduction. However, the resulting in-
crease in lag would have to be carefully considered, particularly in a human-in-the-loop
control system, where the permissible lag may be strictly limited. In prosthetic devices
in particular, other studies found that an increase in delay reduced the control effective-

ness, with a delay of 100-125 ms having been shown to be optimal [120].

A holistic intent sensing system covering all three aspects of intent could utilise multiple
classifiers with different time offsets in parallel. This would enable the device to initially
make a prediction as to what the intent might be in the future, allowing it to perform
any necessary preparations ahead of time. As the activity onset occurs, this intent pre-
diction could be updated with a new estimation of the current intent, which the mono-

tonic relationship indicates would be more accurate than the prior prediction would be.
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As the action then continues, the intent could again be updated using an “after the fact”

classifier, thereby recording the intent with an even higher accuracy.

A continuously updating intent detection system of this nature could achieve high lev-
els of responsiveness and accuracy, anticipating and preparing for upcoming actions,
and then responding accurately to them once they occur. The “after the fact” classifier
could even be used to gradually train and improve the predictive classifier, adjusting
and tuning it to the specific user. This would be an interesting area to explore in a future

study.

5.4.2 Sensor Dropout

The hypothesis was also shown to be true that while the NMM initially had a higher
mean accuracy in the condition of no sensor dropout, the MM began to display a better
mean performance as more than one sensor began to drop out. This occurred for all

values of time offset, as observed in Figures 5.3 and 5.4.

With n =1 sensor dropping out, the mean accuracy of the MM was similar to that of
the NMM. At all the time offsets, the MM performed slightly better than the NMM did,
with this difference decreasing as the time offset increased. However, the NMM'’s accu-
racy remained entirely within the 95% confidence interval for all time offsets at n =1,

indicating that the difference is small and the methods are approximately comparable.

For n = 2, the mean accuracy of the NMM is lower than that of the MM (while it is still

within the 95% confidence interval). For n = 3, the NMM accuracy is well below even
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the lower bound of the 95% confidence interval of the MM, showing a strong difference

in accuracy between the methods.

In Figure 5.4, the two methods are compared at a time offset of 0 ms, which is repre-
sentative of the common method of predicting current intent using all prior information.
This clearly showcases the accuracy of the NMM decreasing much more quickly than
that of the MM as the sensors drop out, with the NMM decreasing at a rate of -0.10/sen-

sor compared to the MM’s rate of —0.03/sensor.

These findings indicate that standard NMM techniques, such as those commonly used
in existing commercially available systems, deteriorate rapidly when sensors start to

become unavailable, justifying the need for more frequent maintenance check-ups.

Conversely, the MM technique experiences much smaller accuracy losses when sensors
start to become unavailable. Even with three sensors dropped out, 72% classification
accuracy was retained at 0 ms time offset, while the NMM'’s accuracy was essentially
random, supporting the MM as a viable technique for extending the prosthetic’s func-

tional lifetime beyond the current standards.

In regard to the trade-off between accuracy and lag described in the previous section, if
an increase in time offset is used to retain accuracy in the event of sensor dropout, a
smaller increase is required in the MM than in the NMM. For instance, with n = 2 sen-
sors dropping out, if a 65% accuracy is required, the MM can achieve this with a time

offset of -400 ms, whereas the NMM can only reach this accuracy level with a time offset
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of 100 ms. The human reaction time is typically in the region of 150-350 ms [121]; so,

this difference is comparatively large.

In practice, it is possible to combine these two techniques into an Adaptive Algorithm,
which would utilise the NMM when all sensors are available and switch to the MM
when a pre-determined number of sensors have dropped out. This could be employed
in an assistive device so that when the device is new and fully functional, the NMM is
utilised, and then, as sensors start to drop out, when the predicted accuracy of the MM
exceeds that of the NMM, the Adaptive Algorithm switches to use the MM. This “best
of both worlds” approach could extend the lifespan of a prosthetic device without com-
promising the system accuracy when all sensors are active, and it may prove to be very

effective for practical prosthetic control.

5.4.3 Limitations of the Study and Recommendations for

Future Work

This study took place under carefully controlled conditions, with all participants per-
forming exactly the same, simple actions: opening and closing their hand. This was use-
ful to clearly illustrate the performance differences between the MM and the NMM al-
gorithms. However, it is not representative of the real-life, day-to-day use of an assistive
medical device such as an active prosthesis. A future study might use data gathered
over a number of days in participants” homes to be more representative of the algo-

rithms’ practical performances.
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The classifiers used in this study labelled data in only two classes: open or closed. In
reality, there are many more possible intents a person might have during their daily
activities, and so, the classification problem is much more complex. Dealing with this
will require more sensors and more training data. Future work could explore the clas-
sification of a larger number of possible intents using a larger data set. Chapters 6 and
7 investigate this to some extent, using a larger number of participants to classify three

different, more complex possible intents.

In order to be representative of the sensors available on a prosthetic device, only EMG
sensors were used in this study. However, a wider range of sensors, including Inertial
Measurement Units and Smart Home sensors, might be available to users in practice,
especially as sensing technologies improve in the coming years. Future work on a ho-
listic intent sensing system should utilise a wider variety of sensors and sensing envi-

ronments to improve the performance.

The prediction of future actions in this study only extended back to 500ms before activ-
ity onset. While the wider understanding of intent as introduced in Chapter 2 began
with environmental and contextual factors and continued through the inception of the
idea to act, the short time window used here only allowed for some detection of the
planning phase, attempting to pick up the anticipatory response in the muscle activity
immediately prior to the moment of activity onset. To incorporate environmental and
contextual factors, future studies would have to collect data in a more unconstrained,
“natural” setting to understand their normal daily routines. Detection of the inception

of the idea to act would require a wider variety of sensing inputs such as EEG, as EMG
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alone is insufficient to detect this. Incorporating these factors into future studies would
make the necessary data collection much more challenging, but would provide a more

cohesive measure of intent.

All processing in this study was performed on a PC. If it were to be performed in real-
time on a real medical device, other factors, such as processor speed, battery consump-
tion, and weight, should be considered. Studies exploring the application of these tech-

niques to real medical devices should take these design limitations into account.

Finally, while the K-Nearest Neighbours approach taken for classification in this study
is appropriate for the size and feature richness of the data set, more advanced tech-
niques, such as Convolutional Neural Networks (CNNs), exist, which could use deep
learning techniques to automatically extract features and take advantage of emerging
properties. The MM algorithm could utilise these CNN classifiers within its sensor mod-
ules and still combine them together using a maximum likelihood method, such as the
one performed in this chapter. Future studies should explore the performance improve-
ment resulting from the use of state-of-the-art techniques, which would more precisely
determine the maximum accuracy achievable in an intent sensing device. Chapters 6

and 7 of this thesis will go on to apply deep-learning neural networks in this way.

5.5 Conclusion

This study has contributed a novel method for combining sensors in a modular fashion
to produce a continually updating real-time prediction of intent. This method has been

shown to be robust to sensor dropout, a key requirement of the proposed ideal holistic
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intent sensing system. Newly gathered data were used to verify the theory that accuracy
of intent prediction increases approximately monotonically with time after activity in-

ception.

The results obtained support the MM over the NMM in all measured performance met-
rics under the condition of sensor dropout. In the context of maintenance, this shows
potential for increases in the lifespan of prosthetic devices, maintaining their useability

even when one or more of their sensors has become unavailable.

This could have major benefits for those with limited access to clinics, particularly in
developing nations, and for those that fund their medical devices privately, for whom

extending the prosthetic’s lifespan could result in large financial savings.

There are also environmental implications for a device having an increased lifespan.
This partly applies to prosthetic devices, but the intent sensing principles discussed in
this chapter could also be applied to a wide variety of applications, from healthcare to
gaming. Increasing the lifespan of all these devices could reduce wastage and landfill

use.

Future studies should look to apply these real-time intent sensing principles in more
practical environments, where different sensor modes are available. A particular oppor-
tunity for accuracy improvements lies in networking with smart home technology, for
which the MM algorithm can be used to allow sensors to “drop in/out” as and when

they become available.
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The ideal intent sensing system should take advantage of every available sensor at any
given time, as with enough training data, the algorithm used should weigh the sensors
optimally, so that adding any sensor, however small its information contribution is,

should only ever improve the performance of the system.

Future studies should also look to test these algorithms in a useability study with a
“user-in-the-loop” scenario to attempt to quantify the benefits of intent sensing as a

control input.

It is believed that, in time, as these techniques are developed, intent sensing systems of
this nature will grow to become commonplace in modern technology, with benefits for

both the users and designers, as well as the environment.
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Chapter Abstract

Intent sensing has potential applications throughout human-machine interaction,
bringing possible benefits to both disabled and non-disabled users. Developing intent
sensing systems that are designed for inclusivity requires a new set of algorithms, for
which deep learning classifiers are an obvious progression from the K-Nearest Neigh-
bours classifiers used in Chapters 4 and 5. Such a system should continuously update

in real-time, constantly adjusting whilst improving its predictions as new data becomes
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available. For a system to continuously update over long periods of time, large amounts
of training data are normally needed. A new, time-series voting method is proposed
that combines intent measurements taken over time to generate a single intent predic-
tion, with accuracy increasing monotonically as time passes. This is tested on real data
from patients with Parkinson’s disease, as well as healthy controls, who wear a simple
wrist-based inertial sensor. The results showed an increase in intent classification accu-
racy in comparison with other deep-learning methods, reaching ~97% overall (96% in
the patient group and 99% in the control group). Time-segmented methods also showed
the desired monotonic increase in accuracy over time, supporting time-segmented deep

learning as an effective method for intent classification.
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6.1 Introduction

6.1.1 Intent

As discussed in the previous chapters, intent sensing has potential applications in a
wide range of fields across human-machine interactions, from prosthetics to virtual re-
ality gaming. Here it is being considered for the development of assistive technology

within the home.

The previously identified three aspects that make up intent all constitute important
parts that need to be measured by an intent sensing system. A true, holistic intent sens-
ing system should cover all three — it should make some attempt to predict a future
action before it starts, recognise the transition, and continue improving in accuracy as
it estimates the task goal. This will reduce the input lag of any device that is controlled
with this method. It is also an important requirement for a human-in-the-loop system
and allows for the preparation of upcoming activities in advance. No such a system has

yet been reported within the scientific literature.

This study aims to include all three aspects, beginning with a prediction immediately
after inception of the idea to act and refining this prediction through activity onset and
monitoring the task goal. Intent sensing in general, while a growing field, is still a rela-
tively new idea within the sensing community (see Chapter 2). The development of a

holistic intent sensing system represents a novel contribution to the field.
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6.1.2 Inclusive Design

Assistive technology driven by intent sensing could be useful to many people, including
users with a range of (dis)abilities. The concept of inclusive design refers to technology
developed to be applicable to many groups, rather than one specific target group. [122]
As well as the wider social benefits of not excluding any particular user group, inclu-
sively designed technology can have significant savings in development costs by re-
quiring only one product design to serve many users, in addition to having an inher-

ently larger customer base and potential uptake. [123]

In the previous chapters, only data from non-disabled participants was used. This chap-
ter uses a training set consisting of both disabled and non-disabled participants. By do-
ing so, this study will develop an intent sensing system that works with high accuracy
for both. This will highlight the wide applicability of intent sensing, and showcase its

potential for use in inclusively-designed products in the future.

6.1.3 Parkinson’s Disease

An appropriate example of a group for which inclusive design would be of benefit is
for those with Parkinson’s disease. This is a debilitating neurological condition affecting
millions of people, particularly the elderly, across the world, with over 90,000 new cases
diagnosed every year in the US alone [124]. It is characterised by a steadily increasing
loss of motor control [125], with few treatment options available [126]. Assistive tech-

nology is being developed to help extend patients” mobility and independence, with
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research taking place into tremor-suppressing wearables [127] and exoskeleton technol-

ogy [128] to achieve this.

Parkinson’s disease does not initially affect the cognitive functions of patients in a major
way [129]. There could be a loss of fine motor skills while still having a “clear idea of
what [to] do” [130]. As such, the user’s intent does not necessarily change — merely their
ability to act on it physically. The development of intent sensing technology could there-
fore prove invaluable in allowing patients to express their intention, so that assistive

technology can accurately help them perform their desired actions.

Designing this technology inclusively will allow it to be used by a large, general user
base, while also improving quality of life for those with Parkinson’s disease and other

conditions.

6.1.4 Smart Watches

Smart watch devices are becoming increasingly available, with over 100 million Apple
Watch users and over 111 million Fitbit users recorded by 2021 [131,132]. They typically
perform many functions including activity monitoring and the acquisition of health
data. Typical sensing modalities available include a microphone and an Inertial Meas-
urement Unit (IMU), which provides kinematic data usually used to quantify the user’s

level of motion.

Smart watches usually have the capacity to download apps, which can be developed by
third parties. Apps are already frequently used to support patient health in the home,

with the Blatchford Linx [133] integrated prosthetic leg interacting with a smart phone
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app, and the StackCare system [134] being used to monitor elderly users’ movements

and to notify family members in the event of an accident.

It would therefore be possible to develop an intent sensing application, which could
interface with assistive healthcare devices to support patients with Parkinson’s disease

in their activities of daily living (ADLs).

6.1.5 Deep Learning

Deep learning is a tool used within the field of artificial intelligence that has grown
rapidly in recent decades [135]. Its applications are vast, and while simpler techniques
can sometimes be more effective, when supplied with enough training data, deep learn-

ing can out-perform most other methods in classification tasks [136].

One of the key benefits of deep learning is the automatic extraction of features from raw
data, without requiring a developer to manually indicate these. [137] In fact, it is able to
determine emerging features and correlations within data that a human might have
great difficulty in detecting, and therefore has great potential in a task as challenging as

predicting human intent before activity actually commences.

Deep learning has not previously been applied to intent sensing in existing literature.
In Chapter 5, promising results were obtained in simulated real-time using a K-Nearest
Neighbours classifier. The use of deep learning is hypothesised to produce higher accu-
racy results across a larger set of possible intent options, with a reduced number of sen-

sor inputs.
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However, a requirement of the intent sensing system is that it should make an initial
prediction of intent, and continue improving this prediction over time. In a standard
deep learning system, utilising time-series data over longer periods means more train-
ing data is required to learn an effective model. For a system to continuously update
over a long period of time, extremely large amounts of training data are needed using

conventional methods.

In order to overcome this, a new, time-series voting method is proposed, in which the
data is segmented into time windows of a fixed length. Each window is used to make
an individual deep-learning-based prediction, and these are combined using weighted
voting algorithms, with more votes being included as time passes. This limits the com-
plexity of the learned model, and is hypothesised to be effective with a much more fea-

sibly-sized data set.

6.1.6 Objective

This study aims to develop a deep-learning-based algorithm for inclusive intent sensing,

where accuracy of prediction increases over time.

To achieve this, this study will compare different algorithms, including a new algorithm
that segments time-series data into fixed-size time windows, each of which provides a
weighted vote towards a continuously updating overall prediction. An algorithm will
be considered effective as an intent sensing system only if a) it predicts intent with high
accuracy, b) the accuracy continues to increase as activity begins and continues and c)

both prior objectives are achieved for both the control and the patient group.
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6.2 Methods

6.2.1 Data Collection

Data used in this study was obtained from 34 volunteer participants, 15 of whom had

been diagnosed with Parkinson’s disease and 19 of whom had not. Demographic infor-

mation on both the control and patient groups is shown in Table 6.1, and disease pro-

gression information for the patient group is shown in Table 6.2, including the original

1987 Unified Parkinson’s Disease Rating Scale (UPDRS) [16] and the Hohen and Yahr

Stage [17].
Patients Control Total
Number of Participants | 15 19 34
Age 67+9 64 +10 65+9
Sex 10 Male, 5 Female | 11 Male, 8 Female | 21 Male, 13 Female

Table 6.1. Number of participants, age (mean and standard deviation) and sex for the patient and control

groups.

Disease Duration (Years) 5+3
UPDRS 44 +19
Hohen and Yahr Stage 2+05
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Table 6.2. Disease progression information for the patient group, including duration in years since diag-
nosis, Unified Parkinson’s Disease Rating Scale (UPDRS) and Hohen and Yahr Stage. All metrics in-

clude mean and standard deviation.

All volunteers signed an informed consent form and ethical approval for the study was

obtained from the NRES Committee South West (REC reference 13/SW/0287).

The protocol consisted of initially asking participants to perform a calibration pose,
standing up straight with their arms relaxed by their sides, followed by three different
ADLs based on those utilised in the Motor Activity Log, as tested in previous studies
[18,19] — opening and closing a door, buttoning and unbuttoning a cardigan, and mak-
ing toast. Each activity was repeated three times without pausing within a trial. Re-
search nurses supervised the activities throughout, providing verbal guidance where

required.

During the activities, the participant was engaged in conversation by the supervising
research nurses, but were asked not to talk about the activity they were performing.
This engagement was aimed at making the motor behaviour more natural and to better
represent ADLs in which cognitive loading is increased due to the application of multi-

tasking.

Each subject wore a three-axis nine-channel IMU (MTx, Xsens Technologies B. V., En-
schede, Netherlands) secured to their right wrist to represent a smart watch. This pro-
vided accelerometer, gyroscope and magnetometer data, along with a nine-entry rota-

tion matrix (generated by Xsens software) defining the IMU’s orientation, giving an 18-
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row time series data stream with a sample rate of 50 Hz. The trials were also recorded
using video and audio, which were used to further check compliance to the protocol

and identify any issues with the sensors (e.g. sensor loss).

To prevent errors with the IMUs due to magnetometer interference, the layout of the
experiment room was kept the same throughout the study, with the only sources of
local magnetic interference being the data collection devices themselves and the laptop

used to receive the recorded data.

6.2.2 Data Processing

All data processing was performed using MATLAB (R2022b, Mathworks Inc, Natick,

MA, USA).

There was some variation in the directions participants faced while performing the tri-
als. The study was intended to represent typical use in the home, and so it was im-
portant to ensure the starting direction the subject was facing was not used as a learned
feature. Additionally, the orientation of the IMU on each patient’s wrist was representa-
tive of real-world placements and therefore was not always consistent — pre-processing

was implemented to correct and standardise the obtained data.

First, the average rotation matrix of the IMU during calibration was calculated for each
subject. There is no single standard method for taking an average of a three-dimensional
rotation matrix — the method used here involved converting the matrix to a quaternion,
finding the mean of each of the quaternion’s four entries throughout calibration, re-

normalising the quaternion, and then converting it back to a rotation matrix. This
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method is valid, so long as the variation in rotation is small — which is true for calibra-

tion data from a user standing still.

Each three-dimensional vector from the accelerometer, magnetometer and gyroscope
throughout the trials, along with the 9-entry orientation rotation matrix, was then pre-
multiplied by the inverse of the calibration rotation matrix, standardising the data by
ensuring the Z-axis pointed vertically downwards, and compensating for differences in

starting orientation of the IMU on the wrist.

Then, to remove any information about the initial direction the user was facing for each
trial, a random rotation about the vertical axis was applied to all data points for each
trial by way of pre-multiplying by another randomised rotation matrix. This ensured
that the features learned were agnostic towards the user’s starting direction, while re-

taining information about any change in rotation during the activity.

6.2.3 Time Segmentation

Each trial was then segmented into time windows of width 500ms, with each shifted by
250ms, such that a 250ms overlap existed between each consecutive window (this al-
lowed patterns of length of up to 250ms to be captured regardless of temporal align-
ment). The selected 250ms is approximately equal to typical human reaction time [138],
and as such was considered appropriate to capture a large portion of any intent re-

sponse after inception of the idea to act and before activity actually begins.

Each time window was treated as a separate 18-row time-series data sample, to be fed

into the deep learning classifier in training and in testing.
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6.2.4 Data Separation

Data was separated into training and testing sets according to leave-one-out cross-vali-
dation. This was done by participant, with all time windows associated with all nine of

each participant’s trials being held back or included at once.

6.2.5 Deep Learning

As the data in each time window is time-series, and contains information based on the
signal patterns, it is essential that the classifier used is also appropriate for time-series
data. A well-established time-series deep learning method is the bidirectional Long
Short-Term Memory (LSTM) Neural Network [139-141], which is provided in the
MATLAB Deep Learning Toolkit. The 18 IMU features from the data were inputted into

an LSTM network, with network architecture shown in Figure 6.1.

Classification
Layer with

Fully
Connected Softmax Layer
Layer

Sequence Bidirectional

Custom Loss
Function

Input Layer LSTM Layer

Figure 6.1. Deep learning architecture used to classify ADLs in the study.

The samples in the training set, along with the corresponding ground truths, were used
to train a single LSTM network based on all activities and time windows in the set. 15
hidden units were used, over 100 epochs, with a learn rate of 0.001 and a mini-batch

size of 512. Mini-batches were shuffled every epoch.
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A customised loss function was used in the classification layer, defined as the mean of
a) the overall classification error and b) the maximum error across all three classes. This
meant that with each iteration, the LSTM network would learn to increase overall accu-
racy, but only if this did not result in a larger decrease in the ability of the network to
classify any of the classes. This prevented the network from “sacrificing” accuracy in

one class in order to more accurately classify the other two.

The data from the participants in the testing set was then fed into the trained LSTM
network. For each trial, each time window was classified, in chronological order. This
resulted in many, often differing predictions of intent for each trial — one for each time

window.

6.2.6 Time-Series Voting

The individual predictions for each time window were then combined. This was per-
formed using three different approaches, which were compared: 1) majority voting, 2)
constant weighted voting and 3) time-variant weighted voting. In all three methods, the
overall prediction at each time step was based on the individual predictions of all pre-
vious time steps. For the majority voting method, the overall prediction was simply the

intent option with the most votes.

For the weighted voting methods, a similar technique was used to the Modular Method
employed in Chapters 4 and 5, only in this case the “modules” were not separate sensors,
but instead, readings from the same sensor at different times. In this way, the training

set was subdivided in half into two smaller, randomised subsets. As both the classifier
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and its confusion matrix were assumed to be equally important, these subsets were cho-
sen to be the same size. The effect of varying the ratio of this subdivision was also in-

vestigated in Appendix C.

The first of these subsets was the classifier training set. This was used to train the LSTM
classifier. The second was the probability learning set. This was used to produce a con-
fusion matrix for the learned classifier, by predicting the intent of all trials in the prob-
ability learning set and recording the classifications and misclassifications of intended

activities.

For the constant weighted voting method, only one confusion matrix was learned, by
pooling and classifying all data from all time windows into one large set, before subdi-
viding. For the time-variant weighted voting method, a separate confusion matrix was
learned for each time step (i.e. one confusion matrix was learned to represent the first

500ms of each trial, another was learned for the second 500ms, etc.)

The predictions from each time step up to the given time were then combined according

to Bayes’ rule [81]:

P(VIE) - P(E)

PEWV) = 555 P + PWIE) - PED

(6.1)

P(E) is the prior probability of a particular intent being true, and P(E’) is the prior
probability of that intent not being true — in this study, the prior was assumed to be
uniform, making P(E) =1/3 and P(E') = 2/3. P(E|V) is the probability of that in-
tent being true given the set of sensor values currently being measured - this is the

objective to be found. P(V|E) is the probability of measuring the current sensor values
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given that the intent being considered is true. Once again assuming probabilistic inde-
pendence between the individual sensors, this can be approximated as the product of
the probabilities of each individual sensor. P(V|E’) is the probability of measuring the

current sensor values given that the intent being considered is not true.

This method used the probabilities from the confusion matrices to effectively weight
each prediction according to its “confidence.” For the constant weighted method, the
same confusion matrix was used every time, whereas for the time-variant method, a

unique confusion matrix was used for each time step.

This was performed for each time step across each trial, so that each overall prediction
was based on one more vote than the previous prediction. This was hypothesised to
result in accuracy of overall prediction increasing approximately monotonically over

time as the activity continues.

As the majority voting method was not subdivided, this meant its classifier was trained
on the full data set, rather than only half as in the two weighted methods. This was
expected to give the method an accuracy advantage. To determine how much of the
difference between the methods” accuracies was due to this effect, the majority voting
method was repeated using only half its data set, to make it comparable to the weighted

methods.

6.2.7 Comparison Methods

To investigate the effect of segmenting and re-combining time-series data in this way,

several alternative approaches were tested for comparison.
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The first method, Comparison A, used the same network as before, trained on the indi-
vidual time windows. However, at each time step of the test set, only the most recent
time window was used as an input into the classifier. All previous time windows were

ignored.

Comparison B again used the same network, but this time the test set was not divided
into time windows. Instead, at each time step, the entire data stream up to that time step
was taken as one long input — much longer than the 500ms windows the network was
trained on. This was fed into the classifier and used to make the prediction for each time

step.

Comparison C did not use the same network as before. A network with the same archi-
tecture was trained on training sets that did not use time windowing. Instead, each
trial’s data was taken as one large, time-series data sample, such that each subject con-
tributed only nine data samples. These were used to train the network, which was then
used to classify the testing set which was also not time-windowed, in the same manner

as Comparison B.

6.2.8 Tests

Initially, the four time-segmented methods (the two weighted methods, and the major-
ity voting method using the full and half dataset) were compared in accuracy over the
tirst thirty seconds of each activity, taking the mean accuracy across all participants in

both groups. The comparison methods were also compared in the same way.
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The time-segmented method with the highest average accuracy was compared to the
comparison method with the highest average accuracy, with the central 95% confidence

intervals across all repeats also included.

To investigate the effect of the size of the data set used to train the classifier, the majority
voting method trained on the full training set was compared to the same method trained
on only half the training data set, as is required for the weighted methods. The results

were plotted, again including the central 95% confidence interval.

A Spearman’s Rank correlation test was performed on the mean accuracy of all methods,
again using Equation 4.3, in order to quantify to what extent their increase in accuracy

over time can be considered monotonic.

Finally, the accuracy of the time-segmented methods was then calculated individually
for the control group and for the patient group, showing the difference in behaviour for
the algorithms across both groups (trained on a single data set containing both groups).
This was used to quantify to what extent the developed system was suitable for both
disabled and non-disabled individuals, and therefore identify its applicability for inclu-

sively-designed products.

Additionally, the LSTM deep learning method was briefly compared to a Support Vec-

tor Machine classifier, with results shown in Appendix D.
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6.3 Results

The different time-windowing methods were compared, with their mean accuracy plot-

ted against time after activity inception in Figure 6.2.
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Figure 6.2. The four time-windowed methods compared. Majority Voting with both half and full data is

included as a comparison against the general and time-weighted methods, which are trained on only half

the data (with the other half used to learn confusion matrices).

The three comparison, non-time-windowed methods were compared and plotted in

Figure 6.3.

152



Comparison Methods

1 T T
NV’_"__MM\ — e~
_,-/_/M
09r 1
08 1
2 071 1
g
=
5}
o
<06} 1
05 4
Latest Time Window Comparison
Full Time Comparison
04 Full Time/Window Comparison 4
P e Ve N
/\-/ \“\/\\\1 SR e S Nl N
0.3 . A ) L )
0 5 10 15 20 25 30
Time (s)

Figure 6.3. Accuracy vs time for the three non-time-windowed comparison methods.

The highest-accuracy time-windowing method was compared to the highest-accuracy

non-time-windowed method in Figure 6.4, with the central 95% confidence intervals

included for both.
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The difference in accuracy between majority voting trained on the full data set vs ma-
jority voting trained on a half data set (as used in the weighted voting methods) is
shown in Figure 6.5.
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Figure 6.5. The Majority Voting method compared when using the full data set for training, vs using

only half the training set as is performed for the weighted methods.

The Spearman’s Rank correlation coefficient was calculated for each of the methods to
describe the relationship between accuracy and time after activity inception, with re-

sults shown in Table 6.3.
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Method s

General Weighting 0.999
Time-based Weighting 0.999
Majority Voting (Half Data) 0.999
Majority Voting (Full Data) 0.999

Comparison A 0.555
Comparison B -0.905
Comparison C -0.095

Table 6.3. Spearman’s Rank correlation coefficients (rs) calculated for accuracy vs time after activity
inception for the methods tested. An rs of 1 is a completely monotonic increase, 0 is no monotonic increase

or decrease, and -1 represents a perfect monotonic decrease.

The classification accuracy of each of the weighted methods was also investigated for

both the patient and control groups, with results shown in Figure 6.6.
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Figure 6.6. Accuracy vs time for the time-windowed control methods, compared between the patient

group and the control group.
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The Spearman’s rank coefficients were also calculated for each group, with results

shown in Table 6.2.
Method rs (Patients) rs (Control)
General Weighting 0.997 0.999
Time-based Weighting 0.996 0.994
Majority Voting (Half Data) | 0.993 0.998
Majority Voting (Full Data) | 0.995 0.981

Table 6.2. Spearman’s Rank correlation coefficients (rs) calculated for accuracy vs time after activity
inception for the time-segmented methods tested on the Patient and Control Groups. An rs of 1 is a com-
pletely monotonic increase, 0 is no monotonic increase or decrease, and -1 represents a perfect monotonic

decrease.

6.4 Discussion

All four of the time-windowed algorithms tested produced the hypothesised monotonic
increase in accuracy over time that was required for a true intent sensing system, with
a strong positive Spearman’s Rank correlation coefficient for each, compared to the
comparison methods, which showed weaker or even negative correlations. This sug-
gests that, using the proposed time-segmentation, deep learning can be applied to intent
sensing to make an initial prediction ahead of activity inception, and to continue to re-

fine this as the activity begins and progresses.

Of the four time-windowed methods, majority voting trained on the full training set
showed a consistently higher accuracy than the other methods, especially in the first

tew seconds after activity inception. This difference appeared to be due to the fact that
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it was trained on twice as much training data as the other methods. This is illustrated
in Figure 6.5, showing the difference in using majority voting trained on the full training
set, vs only half the data set (as is used for the two weighted methods). This is a limita-
tion of the data set used in this study. For future technology developed using these
techniques, a much larger data set can be collected. As the size of the data set increases,
the relative benefit in retaining the full data set for training will decrease. For a very
large data set, which may be collected from users themselves if intent sensing is imple-

mented in a product with a wide uptake, this difference could effectively disappear.

For the methods trained on only half the data set, the difference is small, but it can be
seen in Figure 6.2 that the mean performance of the half-data majority voting method is
in general lower than that of the two weighted methods. The two weighted methods
were approximately comparable, though the time-weighted method showed slightly
higher performance earlier on, with the generally-weighted method providing high ac-

curacy results later on in the activity.

By far the highest accuracy comparison method tested was the Latest Time Window
method, which classified each time step of the trial based entirely on its most recent
time window. Whilst this method did at times show a higher accuracy than the majority
voting, it did not continuously increase over time, with a Spearman’s Rank correlation
coefficient of only 0.555. This does not satisfy the requirement of an intent sensing sys-

tem to continue improving its prediction as the activity progresses.
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Figure 6.6 shows that the time-segmented methods achieved high levels of accuracy in
both the patient group and the control group. Accuracy was higher in the control group
— this could be due to the motion of the control patients being more consistent and pre-
dictable, whereas the patient group contained greater variety, with different patients at
different stages of disease development. Table 6.2 shows that a broadly monotonic in-
crease in accuracy with time was observed with all time-segmented methods in both

groups.

However, it is interesting to note that the full-data majority voting method displayed a
slightly lower Spearman’s Rank Correlation Coefficient in the control group than the
patient group (0.981 vs 0.995). All the other time-segmented methods returned coeffi-

cients that were more similar between groups.

As a monotonic increase in accuracy over the duration of an activity is highly important
to a holistic intent sensing system, this suggests that the majority voting method may
be less suitable than the weighted methods for an inclusively-designed system. The
weightings provided by the other methods may help compensate for differences be-
tween sensor sensitivity and specificity (and variations in this between time steps) to
produce a more consistent intent prediction, making them more applicable to both pa-
tient groups and healthy groups. It is suggested, therefore, that if a large enough data
set can be obtained to overcome the difference in training on half vs all the training data,

the weighted methods may be more suitable for use in an inclusive design.
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6.5 Conclusion

This study has shown that time-series segmentation provides superior deep learning
performance for intent sensing than comparison methods, and in particular, provides a
measure of accuracy that increases monotonically over time, which was seen in all time-

segmented methods, satisfying the requirements of the study.

Of the methods tested, majority voting was shown to have the highest overall accuracy.
However, deeper investigation suggested its increase in accuracy came from the fact
that it was effectively trained on a data set twice the size of the weighted methods. In
addition, the majority voting method’s degree of monotonic increase over time was not
as strong as the weighted methods. It is essential that the developed intent sensing sys-
tem is generalisable to both disabled and non-disabled users, and so the suitability of
the majority voting method may not be as strong as the weighted methods for an inclu-

sive intent sensing system.

The weighted methods showed similar performance, with a weighting based on indi-
vidual time-steps showing slightly higher accuracy earlier on in the activity. It is there-
fore suggested that, if a larger training data set could be obtained, this may be the most

suitable method for a deep-learning based time-series intent system.

The methodology developed in this chapter will be utilised in future research, forming
the core of a holistic intent sensing system that could be applied in many fields of hu-
man-machine interaction, improving quality of life for disabled and non-disabled indi-

viduals alike.

159



Statement of Authorship for joint/multi-authored papers for PGR thesis

Title of Paper Developing a Deep-Learning Approach for Intent Sensing Using Inclusive

Design
o Published o Accepted for Publication
Publication Status m Submitted for Publication o Unpublished and unsubmitted work

Written in a manuscript style

J. Russell, J. Inches, C. Carroll and J. H. M. Bergmann, “Developing a
Publication Details | Deep-Learning Approach for Intent Sensing Using Inclusive Design,”
Nature Scientific Reports.

Student Confirmation

Student Name Joseph Russell
Contribution to Performed all investigation, software development, analysis and writ-
the Paper ing. J. Inches and C. Carroll performed data collection. J. Bergmann

and C. Carroll provided editing of the manuscript. J. Bergmann pro-
vided supervisory guidance.

Signature W Date 06/08/2023

Supervisor Confirmation

By signing the Statement of Authorship, you are certifying that the candidate made a substantial

contribution to the publication, and that the description described above is accurate.

Supervisor name and title: Prof Jeroen Bergmann

Supervisor comments

Signature Date 06/08/2023

160



A Modular, Deep-Learning Based Holistic Intent

Sensing System

Published by Joseph Russell, Jemma Inches, Camille Carroll and Jeroen Bergmann

in Frontiers in Neurology 2023, 14, 1260445, doi: 10.3389/fneur.2023.1260445.

Dataset published by Joseph Russell, Jemma Inches, Camille Carroll and Jeroen

Bergmann on Dryad 2023, doi: 10.5061/dryad.fbg79cp1d

Chapter Abstract

In the preceding chapters, algorithmic systems have been proposed, developed and
tested for measuring user intent through a Probabilistic Sensor Network, allowing mul-
tiple sensors to be dynamically combined together in a modular fashion. In Chapter 6,
a time-segmented deep-learning system was developed to accurately predict intent con-
tinuously. This study combines these principles, and so proposes, develops and tests a

novel algorithm for multi-modal intent sensing, combining measurements from IMU
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sensors with those from a microphone and interpreting the outputs using time-seg-
mented deep learning. It is tested on an expanded version of the data set from Chapter
6, consisting of a mix of non-disabled control volunteers and participants with Parkin-
son’s disease, and used to classify three activities of daily living as quickly and accu-
rately as possible. Results showed intent could be determined with an accuracy of 97.4%
within 0.5s of inception of the idea to act, which subsequently improved monotonically
to a maximum of 99.9918% over the course of the activity. This evidence supports the

conclusion that intent sensing is viable as a potential input for assistive medical devices.
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7.1 Introduction

In Chapter 5, a real-time system for predicting intent using a modular sensor network
was established, and in Chapter 6, a technique for predicting intent using deep learning
over multiple segmented time steps was developed. This chapter combines these prin-
ciples, developing a holistic, dynamic multi-modal intent sensing system as envisaged

in Chapter 2.

To minimise risk and maximise compliance [142], intent prediction should be per-
formed non-invasively (unless the patient already has an implanted device). Infor-
mation that can be used for prediction can be obtained from a range of sensors. Meas-
urements from wearable and non-wearable sensors can be individually classified using
deep learning as in Chapters 5 and 6, before being combined as a Probabilistic Sensor

Network to accurately determine user intent.

As stated in Chapter 4, to ensure robustness and independence between sensors, mul-
tiple sensing modalities should be used. Many possible sensing modalities have been
explored for intent, including electromyography (EMG), electroencephalography (EEG)
and gaze-tracking, as identified in Chapter 2. This study, however, will focus on motion
data from Inertial Measurement Units (IMUs) and audio data from a microphone, as
these modalities are representative of what might be found in typical consumer devices
such as smart watches and smart phones, [143] and are included in currently available

wearable Parkinson’s disease-monitoring devices such as the Kinesia 360. [144]
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Chapters 3 and 4 have shown that there are many benetfits to constructing an intent
sensing Probabilistic Sensor Network (PSN) using a modular method. They allow sen-
sors to be freely added and removed from the network as they become available, with-
out any retraining being required. This enables the possibility of a system where a user
can move around a smart environment and take advantage of any wearable and non-
wearable sensors they may encounter at any given time to always produce the most

accurate prediction of intent.

Modular methods were also shown in Chapter 4 to be far more robust to sensor una-
vailability, due to causes such as failure or, in the case of wearable sensors such as Sur-

face EMG, sensor lift-off.

The benefit of modularity that this study will focus on, however, is the ability to add
sensors to a network without increasing the complexity of the learned models, and
therefore without requiring an exponentially increasing amount of data to properly

train them.

To elaborate — if each sensor provides 18 features, and there are six sensors, as in this
study, then combining all the features from all the sensors to train a single classifier
requires learning of a model in 108 dimensions. Attempting to do this with only a small
amount of training data will lead to overfitting, as separating data in that many dimen-
sions is very easy for a classifier to do “by chance”, without learning any actual pattern

that will reoccur for data that is not part of the training set.
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This study, however, proposes to instead train one deep-learning classifier for each of
the six sensors. With this approach, each classifier learned is only 18-dimensional, re-
quiring much less training data to avoid overfitting. However, the same number of
training data points are available as there were for the 108-dimensional classifier; it is
simply the number of features that are reduced. As such, six much more effective clas-
sifiers are able to be learned, without discarding any of the features which may contain
relevant information. The predictions from each of these classifiers can then be com-

bined as part of a PSN.

A similar benefit is also gained by time-segmenting the data used for the deep learning
classifier as shown in Chapter 6, reducing the complexity of the learned classifiers and
increasing the number of available data points for training, and therefore increasing the
overall accuracy of the classifiers. In this study, the system will be modular in both sen-

sors and time.

The objective of this study is to utilise deep-learning-driven, time-segmented classifica-
tion algorithms to develop a system to determine user intent through six sensors across
two sensing environments, and to quantify its performance. The work also aims to show
the potential of an intent sensing system that is agnostic to the kind of user (abled or
disabled). The study will determine the accuracy of the intent prediction for both pa-

tients and controls at the early stages of the activity.
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7.2 Methods

7.2.1 Data Collection

This study uses an expanded version of the Parkinson’s disease-based data set seen in
Chapter 6. The same 34 volunteers were used, under the same conditions, and recorded
a calibration pose, followed by three activities of daily living (ADLs) — unlocking and
opening a door, buttoning and unbuttoning a cardigan, and making toast. As before,

each activity was repeated three times, without a break.

The participants each wore five Xsens IMU three-axis nine-channel IMUs (MTx, Xsens
Technologies B. V., Enschede, Netherlands). These were secured to the participants
lower and upper arms (both left and right), and to their head, as shown in Figure 7.1. In
Chapter 6, only the data from the IMU sensor on the lower right arm was used, but in
this study, data from all five sensors was included. A 44.1khz microphone on a nearby
laptop (Lenovo Thinkpad X1, Dynamic Range 95 dB, Signal-to-Noise Ratio 19 dB) was

also used to record audio throughout the activity.
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Figure 7.1. An anonymised participant wearing all five IMU sensors — on the upper left (UL) and right

(UR) arm, the lower left (LL) and right (LR) arm, and the head (He).

Each IMU provided magnetometer, gyroscope and accelerometer data, along with a 3x3
rotation matrix provided by the XSens software. The microphone positioned in front of

the participant provided a 44.1khz .wav audio signal.

7.2.2 Processing

As in Chapter 6, data from each IMU was rotated by the inverse of the mean rotation
matrix collected during calibration, to correct for any misalignments in the axes of each
sensor. The sensor data was then multiplied by a random rotation for each trial, to pre-
vent the system from being able to use the participant’s starting direction to determine
their intent. All data analysis was done using MATLAB (R2022b, Mathworks Inc, Natick,

MA, USA).
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The audio data from the microphone was segmented into groups of 882 samples — 1
group of samples for every single sample from the IMU sensors. This was then pro-
cessed using a Hamming Window [145] of length 882, followed by Matlab’s AudioFea-
tureExtractor function to determine the first 18 Mel-Frequency Cepstral Coefficients
(MFCCs), which are representations of the power spectrum of the sound [146], for each
group. Standard numbers of MFCCs used in similar studies vary between 13 and 25
[147]. The number 18 was chosen here in order to match the number of features contrib-
uted from each IMU sensor, to ensure the system did not initially weight any one sensor

more heavily than the others (weights were determined and refined during training).

No speech analysis processing was performed, so the system did not attempt to deter-
mine the words said during conversation with the supervising nurse, as speech would
not be a reliable feature in a real-world scenario where the subject is on their own. In-
stead, only information about the general nature of the sound, such as power and fre-
quencies, was used — it was anticipated that this would allow detection of events such
as the sound of the key turning in the lock, or the buzz of the toaster operating, to more

accurately determine the activity.

7.2.3 Deep Learning

Time-segmented deep learning was employed to classify the intent as quickly and as
accurately as possible. As in Chapter 6, each trial was divided into time windows of
width 500ms, each with an overlap of 250ms, enabling a maximum learned pattern

length of 250ms (approximately equal to typical human reaction time [138]). Each time-
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window was taken as a separate, 108-feature sample for training. Long-Short Term
Memory (LSTM) neural networks [141] were trained for each individual sensor, and for
all six sensors together. These were trained with the same parameters and architecture
as in Chapter 6, only now over 50 epochs instead of 100, selected experimentally to re-
duce likelihood of overfitting in the Non-Modular Method. In total, 298.758 minutes of

data were included in the dataset.

Leave-one-out cross-validation was used, such that all the trials for one subject at a time
were withheld as a testing set, with the other thirty-three subjects used for training. This
was repeated 34 times so that each subject was withheld once, with the results averaged
across the set of repeats. To prepare for use in the weighted methods, elaborated on in
Section 7.2.4, this training set was randomly subdivided into a Classifier Training Set
and a Probability Learning Set, with half the subjects being included in the former and
half in the latter. This was necessary in order to train the LSTM networks for each sensor
and then assess their performance both for each sensor and at each time-step, with the

results being used to weight the sensor contributions in testing.

A majority voting method was also used which assumed that all sensors and time steps
had equal weight — this meant that the full training set could be used to learn the clas-
sifier, effectively doubling the size of the training set, at the cost of not being able to

have weights specific for each of the sensors.
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7.2.4 Modular Method

At every time step, each sensor made a prediction using the time-segmented deep-
learning method. All the predictions from each sensor at all preceding time steps were
then combined. The two weighted methods were based on Chapter 5’s Modular Method,
using Bayes’ rule (see Equation 6.1), with their contributions effectively being weighted
according to the confusion matrices obtained during training. This produced a proba-
bility for each of the three possible intents — the intent with the maximum probability

was then selected.

A majority voting method was also tested, effectively giving all sensors and time-steps
equal weight. While the loss of the weightings obviously inhibits the ability of the net-
work to incorporate any sensor without risking accuracy loss, no subsets are required
within the training set, as there are no confusion matrices to be learned — therefore, a

majority voting system will be trained on twice as much data as the weighted methods.

In order to determine how much of the change in accuracy (when using a majority
method) comes simply from the access to the larger training set, a majority voting
method where half of the training set is discarded is also tested, in order to make it

comparable to the weighted methods.

7.2.5 Non-Modular Method

To provide a comparison, a non-modular method was also used, where the features

from all six sensors were included in one single LSTM network. This was also time-
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segmented, as Chapter 6 established that time-segmentation was essential in a viable

intent sensing system.

7.2.6 Comparison

To determine how well the system compares to the theoretically possible accuracies, the
naive model from Chapter 2 was used with the confusion matrices obtained during
training in order to predict an upper bound for the accuracy of the resultant classifier
during testing. The measured accuracy was compared to this upper bound to determine

how close performance is to the theoretical maximum.
In this case, the equation for the naive model is simply:

P(B):P(S:LUSZU... U56)=1—P(Slﬂszﬂ... ﬂSG) (7.1)

7.2.7 Monotonic Test

As an approximately monotonic increase in accuracy over time is required for an effec-
tive intent sensing system, a Spearman’s Rank test was again applied (see Equation 4.3),

quantifying to what extent this requirement was fulfilled by each method.

7.2.8 Additional Tests

To further challenge the classifier, the three-class problem was artificially inflated to a
six-class problem with results shown in Appendix E, and the effect of shortening the

time window from 500ms to 200ms was determined and shown in Appendix F.
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7.3 Results

Measuring sensor network accuracy using the four time segmentation methods for a

system with modular sensors, and for a system with combined sensors, produced Fig-

ure 7.2. Both sets contain data from both the patient and control groups.
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Figure 7.2. Accuracy vs time for the modular sensor method and the combined sensor method, using the

four different time-segmentation techniques originally proposed in Chapter 6, now applied across multi-

ple sensing modalities.

The method with the highest accuracy for both of these, at all time steps, was Majority

Voting, where the classifiers were trained on the full data set, but no weightings were

used, in both sensors and time. This reached a maximum of 0.999918 for the modular

method, and 0.957516 for the combined method.

To investigate the extent of the benefit that Majority Voting gains by training on twice

as much data, a comparison of the majority voting method trained on the full data set
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vs trained on half the data set is shown in Figure 7.3. Both sets contain patient, as well

as non-patient data.
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Figure 7.3. Accuracy vs time for the modular sensor method and the combined sensor method, combined

over time using the majority voting methods with the full and half data sets.
Both methods showed a higher mean performance with the full data set than with the

half data, with a larger difference in the combined method than the modular method.

As the Majority Voting method resulted in the highest accuracy for both methods, it
was then used to compare the modular method (sensors) to the non-modular method

(sensors), with results shown in Figure 7 .4.
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Figure 7.4. Accuracy vs time for the modular and non-modular methods, with error shown.

The modular method showed both higher accuracy and lower variance than the com-
bined method. The Spearman’s Rank Coefficient of the modular method was 0.89, and

for the non-modular, combined method, 0.62.

Comparing the accuracy of the modular and non-modular methods across the patient

and control groups produced the results shown in Figure 7.5.
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Figure 7.5. A comparison of accuracy between the modular and combined methods for the patient and

control groups, with the central 95% confidence interval plotted for both.

The accuracy of the modular method was consistently high in both groups, rapidly ap-
proaching 1. The combined method had a larger variance, and lower maximum accu-

racy in both groups.

The performance of the majority voting (time), modular method (sensors) network was
then compared to the performance of each individual sensor. This is shown in Figure

7.6.
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Figure 7.6. Variation of intent classification accuracy with time after activity inception, shown for the

six individual sensors, and for the complete modular intent sensing network.

The highest accuracy sensor was IMU 3 in the first 9.5 seconds, overtaken by IMU 1 for

the remaining time. The lowest accuracy sensor was the audio at all time steps.

The theoretical maximum accuracy predicted by the Naive Model was initially 0.999996
at 0.5s, which is almost 1. The performance of the modular network method began close

to this, at ~0.974. and reached a maximum of 0.999918 within the first 16 seconds.

7.4 Discussion

7.4.1 Analysis of Results

Using the majority voting time-segmented method, trained on the full data set, the ho-

listic system was able to classify user intent to an accuracy of 97.4% within only 0.5s of
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the inception of the idea to act. This is exceptionally high accuracy, out-performing the
systems in the previous chapters and strongly supporting a modular-sensor, time-seg-
mented deep learning approach for intent classification. While intent is a different goal
to activity recognition, these accuracy levels are comparable to those from similar stud-
ies, but are achieved in a much faster time [148,149]. This accuracy increased approxi-
mately monotonically, with a Spearman’s Rank Coefficient of 0.89, and 16 seconds after
activity inception reached an accuracy of 99.9918%, meaning the system was able to

correctly classify almost every trial for every subject by this point.

By comparison, the non-modular, combined method achieved a mean accuracy of only
87.0% in the first 0.5s, increasing to a maximum of 95.8% after 20.5 seconds — far lower
than the mean accuracy of the modular method. In addition, the Spearman’s Rank Co-
efficient for this was a lower value of 0.62, suggesting that not only was the accuracy of
the non-modular method lower, but it also did not nearly as effectively satisfy the re-

quirement of accuracy increasing monotonically over time.

Figure 7.6 showed the individual performance of the sensors compared to the overall
performance of the modular network. The IMU sensors each showed higher accuracy
than the audio. However, the inclusion of the audio modality had the major benefit of
it being totally probabilistically independent from the IMU measurements. While the
IMUs were located at different sites, they were all constrained by the probability of the
sensing environment. A lower bound for this is P(41) = 0.987, the highest accuracy
recorded by any of the individual IMU sensors. The highest recorded accuracy for the

audio sensor, and therefore the lower bound for the environment probability of audio
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was P(A2) = 0.866. However, as they are both entirely different sensing environments,
the overall network is constrained by neither of these limits, and thus outperforms all

the individual sensors, and is able to approach 1.

The majority voting method trained on the full data set was once again shown to be the
best-performing of the time-segmentation methods trialled. Figures 7.2 and 7.3 show
that this contrast is due to the difference in size of training set, as artificially withholding
half of the training set for the majority voting method, in order to make it comparable

to the weighted methods, results in very similar recorded accuracies.

The exceptionally high performance of the modular method was observed in both the
patient group and the control group, though a 100.00% (to 2 decimal places) classifica-
tion accuracy was achieved 8 seconds later in the patient group than in the control group.
This aligned with expectations, as large variations have been observed in the physical
activity of patients with Parkinson’s disease [151], suggesting that this would make clas-

sifying the patient group harder than classifying the control group.

Even with this difference, the accuracy of classification in the patient group was still
very high, strongly supporting intent sensing as a viable method for interpreting user
activity. This opens up possibilities for a number of possible clinical applications to sup-
port those with Parkinson’s disease, such as assistive exoskeleton technology, which
could predict users’ intentions and provide motor support in achieving their task goals
that they might not otherwise be able to complete themselves. Alternatively, intent sens-

ing systems could predict activities which might be considered high risk, and rapidly
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alert carers of the increased possibility of danger to the patient. Intent could also be used
as an input for human-computer interfaces, providing more intuitive control to patients
over devices which could allow them to communicate and maintain their quality of life

as the disease progresses.

The high accuracy in both groups shows the modular intent sensing method as a case
example for inclusive design, with ability to apply such a system for both disabled and
non-disabled users. Responding to user diversity with appropriate performance across
the full range of potential users will bring benefits, such as scalability of technology. An
inclusive design approach also provides additional advantages related to desirability

and user satisfaction even if their own physical and/or cognitive ability is changing [152].

7.4.2 Limitations of the Study

Caution should be taken in the interpretation of these results, as only 3 ADL classes
were considered (unlocking and opening a door, buttoning and unbuttoning a cardigan,
and making toast). The class prediction is likely to change as more activities are consid-

ered — a larger number of classes will lead to a reduced classification accuracy [30].

Additionally, the size of the data set is limited. A future study could be performed with
hundreds of participants, increasing the training and testing accuracies and potentially

reducing the advantage gained by the majority voting system by using the full data set.

Furthermore, while the wearable IMU system should be applicable in many real-world
scenarios, there may be implementation issues with the microphone, the accuracy of

which may vary dramatically when used outdoors, or in noisy environments. However,

179



previous studies have shown the proposed sensor fusion algorithm to be robust to sen-
sor dropout [9,11], meaning that if large amounts of noise are identified, it should be
possible to dynamically remove the microphone input from the system. This may also
be of benefit if there is any issue with the IMU sensors, such as interfering vibrations

from heavy machinery, or a technical fault.

While the algorithm tested is theoretically scalable to large numbers of sensors, the
number of sensors included would be limited by the hardware used. Larger numbers
of sensors would require greater processing power and lead to increased lag, cost and
weight of any wearable device. This study did not investigate these implementation

issues, but future studies should explore the trade-off between these factors.

While this study did perform all three aspects of intent sensing, its predictive ability
extended only as far back as the inception of the idea to act. The nature of the experiment
meant that contextual and environmental factors could not be taken into account, as the
participants were instructed which activity to perform rather than deciding for them-
selves. Future studies could introduce elements of participant choice and the develop-

ment of routines to extend the intent prediction even further back in time.

It should also be noted that the activities themselves, whilst performed without con-
straints, were using the exact same objects for all volunteers. It has been shown that
small changes in objects could lead to different motor patterns [31]. Further work is
needed to determine the accuracy of this approach in truly free living conditions. None-

theless, the high accuracy found in this study is promising.
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7.5 Conclusion

This study introduces a novel holistic multi-modal intent sensing system. A continu-
ously-updating system was able to predict a user’s intent almost immediately after ac-
tivity inception, and to continue refining that prediction as time passed. This was done
using a modular network of sensors, including two entirely unrelated sensing environ-
ments, that might realistically be available to a patient. The system was shown to be
highly effective in both the patient and control group, demonstrating it as an effective

example of inclusive design.

The results shown in the study highlight intent sensing as an achievable, highly accurate
method of classifying what a user is trying to do, with potential applications throughout

many fields of inclusive design within science and technology.
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Discussion

8.1 Overview

Prior to this DPhil, intent (as defined in this thesis) had not been significantly explored
in previous literature, and to the best of my knowledge, no attempt had been made to
develop a holistic intent sensing system. This thesis has developed novel algorithms to
detect user intent and compared them to more basic alternative methods, showing ben-

efits in a number of situations.

To achieve this, a model was developed for the use of Probabilistic Sensor Networks
(PSNs), which was then applied to retroactively determine user intent after the factin a
study. This was further developed into a simple pseudo-real-time system, and then into
a continuously-improving, holistic system demonstrated on data from volunteers with
Parkinson’s disease. This was then expanded into a multi-modal, modular sensing sys-

tem, networking together six sensors across two sensing modalities to predict intent as
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quickly and as accurately as possible. The results shown were extremely promising, and
provide a strong case for a drop-in/drop-out, passive system using probabilistic meth-

ods to determine user intent.

8.2 Retrospective

The systems developed in this thesis have been novel, providing intent as a new way of
looking at human-machine interaction. The literature review in Chapter 2 established
that intent as defined in this thesis had not been widely investigated, and highlighted a
gap in the literature for a system that continuously predicts intent from before activity
inception and improves this prediction monotonically throughout the activity itself (see
Figure 8.1 for a graphical representation). The most viable sensing modalities were iden-
tified and utilised in the subsequent chapters, though there is great potential in explor-
ing the remaining modalities in future research. Over the chapters of this thesis, the
necessary techniques for the development of the proposed system have been laid out,

and a basic holistic intent sensing network established.
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Figure 8.1. Overview of a holistic intent sensing system, re-printed from Chapter 2 for reference.
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The work on PSNs in Chapter 3 was essential, as the concept of networking sensors is
at the heart of this thesis. Many alternative, cutting-edge methods for human machine
interfacing dismiss wearable sensors because of their relatively low accuracy, instead
focusing on implanted sensors. For example, Ossur, a leading prosthetics company, are
driving research into implantable electromyography (EMG) electrodes for intuitive con-
trol of their lower-limb prostheses [153], and Elon Musk’s Neuralink project is aiming
to allow control of devices using thought alone by implanting directly into the brain

[154]. These technologies carry with them inherent issues of risk and cost [13].

These problems can be avoided by instead combining multiple non-invasive sensors to
probabilistically infer what the implanted device would otherwise directly sense. The
PSN models provide a mathematical framework, essential for developing the methods

for this, and were used in each following chapter.

In order to achieve the plurality of sensors required to sense intent to an effective accu-
racy, it was proposed that the system should be able to take advantage of any sensors
that may be available to the user at any given time, and that this sensor availability will
change throughout the day. The original intent sensing system developed in Chapter 4
therefore took real data involving human participants and classified a selection of
reach/grasp activities using a modular sensor network, and explored the effect of sen-
sors dropping out. The system designed was shown to be robust to sensor dropout in
comparison to alternative methods, indicating it was more likely to be viable in a prac-

tical scenario. This was also predicted to be useful for assistive devices in developing
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nations, where access to a clinic for device maintenance may be limited [107], allowing

continued functionality with a reduced sensor set.

The analysis in Chapter 4, however, was performed entirely “after the fact”, and so was
not representative of a real situation where data is being continuously gathered and
analysed as the user performs activities. The methods proposed in Chapter 5 were there-
fore developed to be viable in real-time, and while the analysis itself was performed
“offline”, it was done so in pseudo-real-time, with classification performed at each time

step using only data from that and preceding time steps.

This experiment used only EMG sensors, and classified between two intent states under
a highly controlled scenario. It was intentionally envisaged as a “minimum viable prod-
uct” setup to perform intent classification in the most basic possible sense, and success-

tully established the possibility of a continuous intent sensing system.

In these studies, a relatively basic classification method, K-Nearest Neighbours (KNN)
was used, [155] ensuring the results were predictable and explainable while the intent
prediction process was established. In Chapter 6, the classification method was replaced
with a far more state-of-the-art Long-Short Term Memory deep learning neural network,

which has been shown to be effective in time-series applications such as this [139,141].

This was much more representative of the accuracy levels achievable in a real intent

sensing product, and was used for the remainder of the project.

The primary contribution in Chapter 6, however, was the development of a time-seg-

menting intent sensing classifier. This took the modular sensor network concept used
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in the early chapters and applied it instead to time, with each 0.5s time segment effec-
tively treated as a separate sensor contribution. This was necessary as it allowed the
deep learning classifier to be trained on a finite amount of data and used in continuous
time, rather than requiring an ever-increasing amount of training data to classify in-
creasingly long time periods. This was applied on a new data set with patients with
Parkinson’s disease (a mobility-limiting condition [130], the effects of which could be
mitigated through intent-controlled assistive devices [5]), classifying them using a sin-

gle sensor intended to represent a commonly available smart watch [91].

The result of this was an intent sensing classifier that began at the moment of activity
inception and improved monotonically over time, as the activity itself began and then
progressed. This satisfied the requirements of a holistic intent sensing system as estab-

lished in the literature review.

The final study, Chapter 7, took the principles of modularity of sensors from Chapter 5
and modularity in time from Chapter 6 and combined them, networking five wearable
sensors to produce a highly accurate, monotonically improving intent sensing system.
This was a highly sensor-rich environment, intended to showcase the possible effective-
ness in a best-case scenario. It is unlikely a real user would be willing to wear six sensors
at once — however, the modularity of the PSN system means that the number of sensors
can vary dynamically during use, as both wearable and non-wearable sensors drop in

and out of range.
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The results of this study were highly promising, though it should be noted that only
three possible intent classes were tested. In reality, a much higher number of possible
intents exist. Extending the system to a higher number of classes is trivial, however, the
accuracy of the classifier will inevitably decrease as the number of possible classes in-
creases, increasing the required length of time after activity inception before a specified

accuracy level is reached.

Nonetheless, the fact that the system was able to achieve an accuracy of 97.4% within
the first half second after inception of the idea to act, increasing to 99.9918% over the
course of the activity, is extremely positive, and a satisfying conclusion to the work of
this thesis. Further research is, of course, required before intent sensing will be truly
ready for implementation in assistive medical devices, but the potential next steps are

clear.

Chapter | Contribution

1 Introduction to the idea of intent to be discussed in the thesis.

2 Establishment of a more holistic definition of intent, and a novel systematic

literature review of the current state-of-the-art according to this definition.

3 Proposal and experimental verification of a new model for the performance

of a multi-sensor probabilistic sensor network (PSN).

4 Development of a novel, modular algorithm for combining sensors into a

PSN to predict short-term intent of a reach/grasp activity. This is shown to
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be robust to sensor drop-in/drop-out, and is theoretically scalable to large

numbers of sensors which may vary over time.

5 Enhancement of the intent algorithm to apply in real-time, with verification
on a new electromyography data set. This application attempts to predict
intent up to half a second before activity onset, exploring the Activity Pre-

diction phase of intent.

6 Development of a novel method of applying deep learning Long Short-
Term Memory neural networks to time-series data without requiring a pro-
hibitively large data set by time-segmenting the data, making individual
intent predictions for each time step, and re-combining these predictions
as part of a PSN. This is tested against a new data set including Parkinson’s

disease patients and controls.

7 Combination of the algorithms from Chapters 5 and 6 to produce a multi-
modal, holistic, deep learning-driven intent prediction algorithm, tested on
an expanded version of the Parkinson’s disease data set and shown to pro-
vide much higher performance than comparison methods. This particu-
larly showcases the scalability of the modular approach, as sensors can be

added without increasing risk of overfitting.

8 Summary of the work done in the thesis, with detailed suggestions for fu-

ture research.

Table 8.1. A chapter-by-chapter breakdown of the key contributions of this thesis.
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8.3 Suggestions for Future Research

8.3.1 Incorporating Classifier Confidence

One area that was explored to an extent as part of the work for this DPhil, but consid-
ered beyond the scope of this thesis, was the use of sensor confidence to further weight
the predictions made by each sensor at each time step. Deep-learning classifiers such as
LSTMs do not only output a prediction of class, but rather a likelihood, or confidence,

of each possible class, with the most likely class selected for the final prediction.

It is possible to use these likelihoods in the Bayes’ rule-based method proposed in Chap-
ter 3 by introducing fractional weightings for each sensor, where the weighting used is
the likelihood of each class as given by the LSTM classifier. Bayes’ rule has been used

in this thesis in the form:

P(VIE) - P(E)
PEIV) = PWVIE)- P(E) + P(VIE) - P(E) (8.1)
Where:
PiE) = | [(Pim) (82)

Where s is the sensor number and n is the total number of sensors.

If the same sensor was to be included twice in this system, i.e. given a double weighting,

then it is clear that in Equation 8.2, its probability would be effectively squared. It
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therefore seems intuitive that classifier confidence weightings should be applied as
powers. With the proposed weightings, this equation now becomes:
n
ks
Pip) = | [(Pnim) 83)

s=1

Where k; is the likelihood of intent event E according to sensor s.

This allows sensors to make fractional contributions to the overall classifier depending
on their confidence. In this case, the confidence of each class is always within the range
of 0-1, so all weightings will be fractional, with each sensor contributing some of its

“vote” in favour of each class according to how likely it determines each class is.

It is hypothesised that this will increase overall classifier accuracy, provided that the
accuracy of the individual classifiers themselves was already high. If only a small train-
ing set is used, and the individual classifiers for each sensor have largely wrong estima-
tions of the likelihood of each intent event, then this inaccuracy will be amplified by the

weighting, reducing overall classifier accuracy.

This should be properly investigated in a further study, to quantify the potential bene-
tits of weighting according to sensor prediction confidence and determine the limita-

tions of this method.

8.3.2 Human-In-The-Loop

This thesis has focused on accurately determining user intent, which could theoretically
be used as an input for an assistive device. However, the scope of the thesis has not

included any physical output. A priority for future research should be to apply the
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techniques developed in this thesis to a control scheme for an assistive system such as

a prosthetic device or a smart-home environment in a useability study.

This would require the participant to complete activities both with and without the as-
sistive system, and to have their performance measured. Metrics assessed could include
objective factors such as time and accuracy but should also include subjective factors

reported by the user such as comfort and ease of use.

This would provide a real-world measure of the level of benefit offered by an intent
sensing system over alternative control methods, and would be a vital step in bringing

intent into use in commercially available products.

8.3.3 Sensor Co-Dependency

The models used in this thesis assume probabilistic independence between each sensor.
While this assumption holds true to a certain extent, as the sensors used have all been
on different sensing sites, it is not always an absolute. For example, a system composed
only of EMG sensors would not be able to detect an intent before the idea to act pro-
gresses beyond the brain and nervous system to the muscles themselves, regardless of

how many EMG sensors are used.

Further research should modify the mathematical models used to incorporate sensor
co-dependency in some way. This could be done by measuring correlations in sensor
error during training (i.e. when sensors A and B are wrong, are they wrong in the same
way?), and then reducing the weighting of predictions made by sensors with strong

correlations. It is important to note that correlation is not the same thing as dependency,
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and lack of correlation merely supports the possibility of independence, rather than

proving it [156].

Care should be taken to only measure correlation in sensor errors, rather than overall
sensor correlation, as it is natural that if the sensors are accurate, their measurements
will be highly correlated, while still being independent, as they are measuring the same

event.

This proposed correlation weighting should be implemented such that if n sensors are
entirely dependent on one another, their total weighting should be 1, and if they are

entirely independent, their total weighting should be n.

There are many possible models that could satisfy these constraints, and determining
which is the correct one will require further analysis and experimentation. A study
could be conducted by simulating a controllable degree of sensor co-dependence, var-
ying this with a set of sensors of known accuracy and measuring how closely the accu-

racy of the combined system matches that predicted by this new, modified model.

Improving the models in this way would reduce the need for care to be taken in sensor
selection, allowing any and all sensors to be included without risking a reduction in
overall system accuracy. This would improve the system’s versatility and generalisabil-

ity in real-world scenarios.

8.3.4 More Possible Intents

As mentioned in Section 8.2, the studies in this thesis worked with a limited number of

possible intents, and these were primarily considered after the inception of the idea to
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act. This was useful for constraining the system and establishing the methodology for
intent sensing, but in the real world, users will have hundreds, if not thousands of pos-
sible intents at a given moment. The scale of this problem can be reduced using contex-
tual and environmental factors, which were not used in the studies performed here, but

it will certainly still be a much larger number of classes than were tested in this thesis.

It is therefore important that future work tests intent sensing with a more realistic num-
ber of classes. With a fixed amount of training data, this will reduce the accuracy of the
system, and so to achieve a sufficiently high level of accuracy for practical use, much

more training data will be required.

As such, this would have to be a large-scale study using many participants to collect as
large a training data set as possible. Data collection for each participant would also have
to be extensive, taking place over a long enough period of time for them to complete the

required number of activities.

This could be achieved by asking participants to wear sensors throughout their normal
working day. This would allow users’ typical patterns of behaviour to be learned, ena-
bling contextual and environmental factors to be incorporated into the intent sensing
system. However, if this were unsupervised, the question arises of task labelling, i.e.
how would the training system know which activity is which? It may be possible to
overcome this by exploiting the fact that training does not have to take place in real-

time, and so each activity can be classified after-the-fact by applying a pre-trained
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activity recognition classifier to provide the labels, which can then be used to train the

much more difficult intent classifier.

8.3.5 Self-Learning

The fact that activity classification is an easier problem than intent sensing could also
be used in real-time. It is demonstrated by the fact that classification accuracy does in-
crease monotonically over time after activity inception. This could mean that an initial
prediction of intent could be made at the point of activity inception, with this then im-
proving in accuracy as the activity takes place — and then at the activity’s conclusion,
the final prediction could be used to label the recorded data, which could then be added

to the training set, and used to update the classifier.

This would result in a continuously-improving intent classifier, gradually learning from
the user’s specific habits and personalising the system for them. The precise nature of
motor control has been shown to vary from person to person [10], and so it is hypothe-
sised that personalisation will result in an improved level of accuracy, and/or a faster

speed to reach a fixed required level of accuracy.

Even this after-the-fact activity classification will not be 100% accurate, however, mean-
ing this self-learned data will be imperfectly labelled. The effect of imperfect labelling
has not been widely explored in literature, but it is hypothesised that, as long as the
proportion of correctly labelled points is higher than random labelling, it will improve

the classifier’s accuracy as more data is collected.
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Conclusion

Intent sensing is an issue of huge scope, and there remains a great amount of work to
do to further develop it. This thesis has, however, established a strong foundation for
intent research and has showcased its great potential for accurate and rapid device con-

trol.

It is my firm belief that, whether or not through the methods proposed in this thesis,
intent will one-day be a ubiquitous aspect of technology. The devices of the future will
anticipate our needs and respond to our intentions before even we ourselves know what
they are. From prosthetics, to orthotics, to virtual reality and human-robot cooperation,
intent sensing has the potential to bring about a step-change impact in many developing

and exciting fields.

The work in this thesis has taken major, novel steps towards achieving these goals, and

I'look forward to the day that intent technology becomes available for all.
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10

Appendices

10.1 Appendix A: Feature Reduction

In Chapter 4, the high dimensionality of the features used could create an issue of over-
fitting in the classifiers trained. This risk is higher in the NMM (Combined KNN) than
in the MM (Bayesian Fusion), as the same amount of data is used to train both, but the

dimensionality is 12 times greater in the former than in the latter.

To mitigate the risk of overfitting, a visual inspection was performed (see Figure 10.1)
to check how the measured accuracy with both algorithms varied with the number of
features, N, increasing from 250 to 4500 (the number of features present in the full one
second of data). For this test, the number of features used was constrained through fea-
ture reduction, performed using a Principal Component Analysis (PCA) [157]. The fea-
tures were ranked in order of “importance” as estimated by the PCA, and the top N

features were retained.
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Figure 10.1. Example graphs of randomly selected volunteers to show the accuracy across the number of
features selected in the Bayesian Fusion method with all sensors included. The Bayesian Fusion algorithm
has confidence intervals, as its performance depends on how the training data is subdivided. The Com-
bined KNN method does not have confidence intervals, as all the sensors are included and there is no

subdivision of the training data, so its performance is entirely reproducible.

This test demonstrated that, allowing for random fluctuation, the accuracy increased
approximately monotonically in both algorithms as more features were included. This
suggested that overfitting was not occurring and that the features should not be reduced
in the algorithm, and as such all 4500 features were included. This number is generally
consistent with the number of features used with similar amounts of data in similar

studies [92].

10.2 Appendix B: Justification of Number of Time

Segments

The intent sensing algorithms used in Chapter 5 made continuously updating predic-

tions of the users’ intent, with a new prediction being made every 50 ms. For each
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prediction, the features from the previous ten 200 ms wide segments (650 ms) were used
to allow the full pattern of the changing EMG signal to be recognised. This does not
introduce input lag, as each segment was labelled according to its delay, and as such,
the earlier segments simply provided context for the later segments. To further justify
this, a test was performed by repeating the study, where varying numbers of time win-
dows, nWW, were retained. nWW =1 indicates that only the most recent time window
was used as a source of features for training and testing. nWW = 10 indicates all ten pre-

ceding time windows were used. The results of this are shown in Figure 10.2.
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Figure 10.2. Accuracy vs time for the two weighted methods for five different values of R, the proportion

of the training set that is held back as the probability learning subset.

If the inclusion of these preceding time windows caused input lag, the accuracy of ear-
lier time offsets would decrease as nW increases, as the algorithm would not be able
to correctly predict the intent so far in advance. This was not seen in the test. Instead,
the graphs show a clear improvement in the performance of both algorithms with a

larger number of time windows at all values of time offset. This justifies the inclusion
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of the preceding ten time windows and shows that doing so does not introduce input

lag.
10.3 Appendix C: Effect of Varying Training Set

Subdivision Ratio

In Chapter 6, the variation of accuracy with time after activity inception was also calcu-
lated for different values of R, the proportion of the training set held back to learn the

confusion matrices for the two weighted methods. Results from this are shown in Figure
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Figure 10.3. Accuracy vs time for the two weighted methods for five different values of R, the proportion

of the training set that is held back as the probability learning subset.

Figure 10.3 shows the effect on the two weighted methods of varying R, the proportion

of the training set that is held back as the probability learning subset. While R = 1/2
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was used for the analysis in the studyi, it is interesting to note that R = 1/3 appears to
be optimal for this data set — with two thirds of the data being used to train the classifier,
and one third of the data being withheld to learn the confusion matrix. This implies that
a larger data set is more important than a more accurate confusion matrix for intent
sensing, but only up to a point — the R = 1/4 test produced lower accuracy perfor-

mance, maintaining that a balance must still be found between the two.

10.4 Appendix D: Comparison Between Support

Vector Machine and Deep Learning

In Chapter 6, a novel method was proposed for applying time-segmented deep learning
to intent sensing in patients with Parkinson’s disease and controls. The method was
developed with deep learning in mind, as the time-series nature of the data lent itself
well to the pattern-recognising capabilities of the LSTM classifier (though other time-
series algorithms may be just as effective). However, for the sake of comparison, the
time-segmenting algorithm was also tested with a Support Vector Machine (SVM), ap-
plied with appropriate feature reduction using Principle Component Analysis (PCA).
This was implemented using the Classification Learner tool from MATLAB’s Statistics
and Machine Learning Toolbox v1.4, with default settings. The PCA was set to retain

only the features needed to explain 95% of the variance in the training data.

A comparison for the two methods, based on a single sensor, both using the Majority

Voting time segmentation method described in Chapter 6, is shown in Figure 10.4.
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Figure 10.4. Accuracy vs time for the two classifier methods, both using the Majority Voting time seg-

mentation method on a single sensor, with the central 95% confidence intervals shown for both.

The accuracy of the LSTM method was far higher at all time steps than the SVM method.
This was an expected result, as the LSTM method is far better suited to time series, pat-
tern-based data such as was collected in this study. It should be noted, however, that
the time-segmentation method produces an approximately monotonic increase in accu-
racy with time in the SVM method as well as with the LSTM, suggesting that this benefit

of time segmentation is not dependent on the specific classifier used.

10.5 Appendix E: Six-Class Version of the Parkinson’s

Disease Study

The study performed in Chapter 7 classified three different action intents for a com-

bined group of patients with Parkinson’s disease and controls. In order to further
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challenge the algorithm, it was proposed that the number of classes could be (somewhat

artificially) inflated to six, by simultaneously classifying the action intent and whether

or not the user was a Parkinson’s disease patient. Results of this are shown in Figure

10.5.
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Figure 10.5. Accuracy vs time for the time-segmented methods treating sensors as modular, with the

number of classes inflated to 6 by simultaneously classifying both whether the patient has Parkinson’s

disease and which of the three actions they are intending to take.

The accuracy of the 6-class classifier was very poor, never surpassing 50% in any of the

tested classifiers. This was expected, as the algorithms were designed to predict user

intent, not to determine whether or not the user was a Parkinson’s disease patient. Ad-

ditionally, the size of the training data set for each class had been halved relative to the

3-class problem, as the same number of samples was now shared between twice as

many classes.
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This is a failure case for the algorithm, as not only is the accuracy very low, but the
approximately monotonically increasing accuracy over time has been lost. This was also
expected, as the algorithm’s inability to accurately classify whether or not the user has
Parkinson’s disease is a systematic error, not one which is independent between time
samples, so making repeated predictions over time should not significantly improve the

accuracy.

There was one flaw to this approach that was potentially mitigable — the fact that it
treated the Parkinson’s and non-Parkinson’s variants of each action intent as entirely
separate classes, rather than exploiting the similarity between the two. This had the ef-
fect of both increasing the complexity of the classifier and halving the number of avail-
able training samples for each class. An alternative, two-tier method was proposed to
overcome this problem (though the performance of the overall classifier was still ex-

pected to be low).

Two separate classifiers were trained using the same data — one to determine the action
intent, and one to determine whether or not the user had Parkinson’s disease. These
decisions from these two classifiers were then combined with a logical “AND” operator,
placing each trial into one of the six proposed classes. Results from this are shown in

Figure 10.6.
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Figure 10.6. Accuracy vs time for the time-segmented methods treating sensors as modular, with the
number of classes inflated to 6 by classifying first whether the patient has Parkinson’s disease and sec-

ondly which of the three actions they are intending to take, and then combining these with a logical

“AND”.

It can be seen that in this case, the accuracy of the methods isimproved, reaching around
54% in the best case. The fact that this surpassed 50% showed that in the two-tier system,
the Parkinson’s disease component of the classifier was at least better than random,

though the overall performance is still poor when this intent-prediction algorithm is

applied outside of its intended scope.

10.6 Appendix F: Shortened Time Window

The 500ms time windowing used for the deep learning methods in Chapters 6 and 7

was selected to be representative of human reaction time, and therefore long enough to
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capture any anticipatory response between inception of the idea to act and activity on-
set. However, the algorithm was further challenged by reducing this time window to

200ms, with results shown in Figure 10.7.
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Figure 10.7. Accuracy vs time for the two different time window lengths, both using the Majority Voting

time segmentation method, with the central 95% confidence intervals shown for both.

In this case, it can be seen that while the accuracy of the 200ms system is still high, it
was only able to reach a mean accuracy of ~99.3% over the first thirty seconds of the
activity, lower than the performance of the 500ms system. This was expected, as the
narrower time window was unable to learn any patterns longer than 200ms that may
have emerged in the user’s response, and therefore did not have as much information
to work with as the 500ms system. A narrower time window also increases the number
of the intent predictions calculated per unit time, thereby increasing the computational

requirements of the system.

206



This suggests that a practical intent-sensing system should carefully select a time win-
dow length that is optimal for its particular implementation. Future studies could ex-
plore whether it is possible to learn this automatically, as it will vary from user to user
and from application to application. This kind of intelligent optimisation will be an es-
sential component of personal assistive technology of the future, reducing need for clin-

ical oversight and improving user independence and quality of life.
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Glossary of Terms and Abbreviations

Activities of Daily Living (ADLs) — a term used to refer to a user’s regular, routine ac-

tivities essential to their wellbeing.

Bayes’ Rule — a law giving the probability of event A happening given that event B has
happened, as a function of the probabilities of A, B and the probability of event B hap-

pening given that event A has happened.

BlTalino — a low-cost body sensing board developed by PLUX Wireless Biosignals, used

to record electromyography data.

Classifier Training Set — a subset of the training set in the Modular Method, used to train
the machine learning classifier. The other subset of the training set is the Probability

Learning Set.

Confusion Matrix — a common probabilistic representation of sensor performance, sum-

marising the probability of each true class being classified as each predicted class.
Convolutional Neural Network (CNN) — a kind of deep learning classifier algorithm.

Electrocardiography (ECG) — a technique for measuring heartrate from electrical activ-

ity on the surface of the skin.

Electroencephalography (EEG) — the practice of inferring activity in the brain through

electrical signals measured on the surface of the scalp.

Electromyography (EMG) — the practice of measuring the electrical activity in muscles.
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Inertial Measurement Unit (IMU) — a kinematic sensing unit consisting of an accelerom-
eter, gyroscope and magnetometer, used to measure acceleration, angular velocity and

orientation in a magnetic field.

Force Myography (FMG) — a technique for measuring muscle activity through volumet-

ric changes in the muscle cross-sectional area.

Intent — the measurement and prediction of what it is that a user wants to make happen.
Divided into three aspects, as stated in Chapter 2: Prediction of Future Actions, Activity

Transition Recognition and Inference of Task Goal.

K-Nearest Neighbours (KNN) — A classifier method that assigns a class to a data point

based on the class of a number (k) of data points nearest to it.

Long Short-Term Memory (LSTM) — a recurrent neural network used to classify time

series data.

Mann-Kendall Test — a statistical test for trend analysis, used to determine whether a

time series is monotonically increasing or decreasing.

MATLAB - a programming and mathematical computing platform developed by Math-

Works, used for analysis in this thesis.

Mechanomyography (MMG) — a technique for detecting activity in muscles through vi-

brations on the surface of the skin.
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Mel-Frequency Cepstral Coefficients (MFCCs) — representations of the power spectrum
of a sound, used in Chapter 7 as features for intent classification from a microphone

audio source.

Modular Method (MM) — the technique used for combining sensors in a modular fash-

ion using Bayes’ rule, introduced in Chapter 4.

Naive Model — a probabilistic model introduced in Chapter 3 which assumes that if any

one sensor in a network detected an event, then it is detected by the whole network.

Non-Modular Method (NMM) — a comparison technique that combines sensors into a

single classifier, rather than treating them in a modular fashion.

Parkinson’s Disease — a neurodegenerative illness limiting mobility. The focus of the

dataset used in Chapters 6 and 7.

Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) — a

quality checklist used in systematic reviews.

Principle Component Analysis (PCA) — a feature reduction method frequently used in

the training of classifiers such as Support Vector Machines (SVM).

Probability Learning Set — A subset of the training set in the Modular Method, used to
learn the sensitivity and specificity of the classifier. The other subset of the training set

is the Classifier Training Set.
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Probabilistic Sensor Network (PSN) — a mathematical model introduced in Chapter 3,
used to represent the probability of a signal passing through the four stages of detection.

May include multiple sensors and sensing environments.

Revised Model — a probabilistic model introduced in Chapter 3 giving the probability

of a majority voting-based sensor network correctly detecting an event.

Root Mean Square Error (RMSE) — a standard statistical measure of deviation, calculated

as the square root of the average of the squared values of the errors.

Spearman’s Rank — a common statistical test used to quantify to what extent a correla-

tion between two variables is monotonic.

Support Vector Machine (SVM) — a standard classifier, trained by fitting an N-dimen-

sional plane to best separate data points with N features.

Surface Electromyography (sSEMG) — the practice of measuring the electrical activity in

muscles through the surface of the skin.

Surface Electromyography for the Non-Invasive Assessment of Muscles (SENIAM) — a

European project focused on standardising best practices for electromyography.

Xsens — A supplier of 3D motion capture products, including the Inertial Measurement

Units used in this project.
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