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Abstract

Aim: Healthcare Professionals (HCPs) that specialize in the care of Individuals with Lower

Limb Amputation (ILLAs) typically evaluate the patient’s physical wellbeing through phys-

ical function tests or subjective questionnaires filled out by the patient. These evaluations

give a limited understanding of the ILLA’s physical wellbeing, which can be evaluated more

in-depth via wearable sensor-based Human Activity Recognition (HAR) of physical activi-

ties. The key objectives of this thesis were to determine which physical activities could be

of interest to HCPs, develop a portable sensor-based system to capture those physical activ-

ities, then evaluate how reliably those activities could be captured with wearable sensors.

Methodology: A focus group was conducted with ILLAs and HCPs to identify the rele-

vant outcome measurements for clinical assessment. A novel HAR study was conducted with

ILLAs and non-amputated individuals wearing a thigh-bound accelerometer (ActivPAL™,

PAL Technologies, Glasgow, UK) to evaluate how reliably these outcome measurements

could be captured in free-living conditions.

Results: The key activity monitoring outcomes identified were walking activities on a vari-

ety of terrains. Using supervised machine learning, a Support Vector Machine could capture

walking activities on flat terrain, walking on hills and walking on stairs. There was further

potential to distinguish the activities on walking terrains based on whether they were hard

or soft. With unsupervised machine learning, it was possible to distinguish walking on flat

or sloping terrain with walking up and down stairs without the need for annotated training

data using a novel formula-based algorithm. The ActivPAL proprietary algorithm was also

validated for detecting walking and stationary activity of ILLAs in free-living conditions.

Conclusion: The thesis validated an activity monitoring system that could capture a va-

riety of walking activities performed by ILLAs. These findings form the basis of a clinical

activity monitoring framework which would allow HCPs to monitor the walking activity of

their patients and gain a greater understanding of their rehabilitation progress.



Disclaimer:

This thesis is sponsored by PAL Technologies UK. They provided ActivPAL devices to the

author and gave technical advice relating to their operation, however they did not influence

the design or outcomes of the research.
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Chapter One

Amputation, Rehabilitation and

Physical Activity

1.1 Introduction to Limb Amputation

Limb amputation is arguably one of the most significant adverse events a person can expe-

rience in their lifetime. Alongside loss in mobility and dexterity, limb amputation has as-

sociations with a considerable number of detrimental physical and psychological conditions:

chronic residual limb pain has been found in 78% of amputees 2 years after amputation (Han-

ley et al., 2007). They also risk suffering from deep vein thrombosis and stump contractures

without proper care and rehabilitative steps (Ghazali, 2018; Yeager et al., 1995). Limb am-

putation has strong associations with mental disorders including depression (recorded rates

as high as 60%) and post-traumatic stress disorder (as high as 56%) (Margoob et al., 2008;

Muzaffar et al., 2012; Sahu et al., 2016). Phantom limb pain, the perception of pain in the

missing limb, is also a prevalent disorder with amputees, occurring at rates between 45-88%

(Ahmed et al., 2017; Wall, Novotny-Joseph, and Macnamara, 1985). Ergo, limb amputation

is typically seen as a last resort if needed as a life-saving procedure or to avoid chronic limb

pain. (Gardner et al., 2011; LaPlante, 2016).
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Table 1.1 Primary causes of Limb Amputation in Scotland, 2011 to 2016, recreated
from Davie-Smith, Hebenton, and Scott (2018)

Aetiology of Amputation in Scotland (%) 2011 2012 2013 2014 2015 2016

PAD without diabetes 44.9 41.7 41.3 39.3 40.6 37.1

Diabetes 39.1 42 43.7 46.5 44.7 49.8

Trauma/Burns 1.6 2.7 1.6 2.1 2 1.3

Tumour 1.7 1.4 1.6 2 1.1 1.3

Congenital deformity 0.6 0.4 0.3 0.6 0.7 0.3

Drug Abuse 1.5 1.7 1.6 1.7 2.4 2.1

Other 10.6 10.1 9.9 7.8 8.5 8.1

Total cases 688 702 803 812 704 720

PAD - Peripheral Arterial Disease

Following information from Table 1.1, the aetiology of limb amputation in Scotland can

be broken down into two major components: The most frequently occurring cause of ampu-

tation are peripheral vascular diseases, wherein a build-up of plaque in the individual’s blood

vessels causes obstruction or blockage of blood flow. Peripheral Vascular diseases represent

the origin of 37.1% of lower limb amputation cases in Scotland as of 2016. This statistic

does not include diabetes, which represent a further 49.8%, an increase of 10% of the propor-

tionate share in just five years. Individuals with diabetes are between five and twenty-three

times more at risk of requiring limb amputation than someone without diabetes (Jude et al.,

2001; NHS Information Centre, 2011), primarily due to high glucose levels causing periph-

eral neuropathy in the limbs (Beks et al., 1995). Another common cause of amputation are

traumatic or burn-related amputations, wherein significant physical trauma has made the

limb non-salvageable, these represent a small percentage of amputation incidents in Scotland

(1.3%) but around 16% of amputation cases in the USA (Dillingham, Pezzin, and MacKenzie,
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2002). Typically, traumatic amputations are associated with armed combat: of 8058 military

casualties in Afghanistan and Iraq between 2001 and 2006, 7.4% had to undergo traumatic

limb amputation (Stansbury et al., 2008). Due to United States having 10 times the amount

of individuals on active duty compared to Scotland and the United Kingdom (Review, n.d.),

this likely explains the significant discrepancy in traumatic amputation cases between the

two nations. A considerable number of traumatic amputations have also arisen from ma-

chinery accidents, motor vehicle collisions and motor vehicle- pedestrian collisions, almost

9000 traumatic accidents in civilian settings occurred between 2000 and 2004 in the United

States (Barmparas et al., 2010). Other causes of amputation cases stem from cancer-related

diseases and congenital malformations (Dhammi and Kumar, 2014; Dillingham, Pezzin, and

MacKenzie, 2002; Montesinos-Magraner et al., 2016).

Figure 1.1 Projected number of lower limb amputees by the year 2050. Graph
reproduced from (Ziegler-Graham et al., 2008) Copyright © 2019 Ziegler Graham et
al. Permission for re-use of figure granted by Elsevier and the Copyright Clearance
Center.

As shown by Fig. 1.1 the number of limb amputations in the United States is projected to

be 1 in 85 by the year 2050, and of all amputation cases, the majority (65%) of those cases
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are lower limb amputations (Ziegler-Graham et al., 2008). This statistic appears to have

held true as late as 2017 in a study conducted by (Harding et al., 2020). Lower limb ampu-

tation can be either unilateral (one leg is amputated) or bilateral (both legs are amputated),

with the majority (around 79%) of lower limb amputations being unilateral (Davie-Smith,

Hebenton, and Scott, 2018). The amputation procedure can then be further broken down

into transtibial amputation (amputation through the tibia) and transfemoral amputation

(amputation through the femur), with the ratio between the two types approximately even

(Davie-Smith, Hebenton, and Scott, 2018). Other types of amputation procedures exist such

as transpelvic amputation and hip/knee/ankle disarticulations. Disarticulations are a rare

sub-category of amputation (Davie-Smith, Hebenton, and Scott, 2018), that allow partial

preservation of the limb (for example, conserving bone and muscle tissue), as opposed to

the complete removal of the affected limb during standard amputations. As a result, the

disarticulation operation is considerably less traumatic compared to a standard amputation

(where all muscle and bone at the amputation level must be severed) and individuals who

experience disarticulation will have less reduction in mobility, especially in ankle and knee

disarticulation (Baumgartner, 2011; Saleme et al., 2013).

1.2 Rehabilitation of Lower Limb Amputees

After lower limb amputation, the individual will undergo a rehabilitative process, where the

objective is to maximize the patient’s functional mobility, independence, and quality of life,

such that the adverse impacts of lower limb amputation are mitigated. Esquenazi (2004) gave

an overview of the phases of the ideal rehabilitative process an ILLA may undertake. Due to

social or financial factors, many ILLAs will only experience a fraction of these rehabilitative

processes:

1. Preoperative: Prior to surgery, the first stage involves assessing the individual regard-

ing which operative procedure needs to be taken. Preoperative rehabilitative actions
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can also be taken, such as strength training led by physiotherapists, and evaluation

of potential rehabilitative outcomes led by rehabilitative psychologists (Dekker et al.,

2018).

2. Amputation Surgery: The patient undergoes appropriate amputation of the leg.

3. Acute Post-Surgical: The patient is given treatment to heal their stump wounds,

minimize post-operative pain, and will be given emotional support if needed. This

is an important stage for managing post-operative pain, as high levels of pain during

this phase is often associated with high levels of chronic post-surgical pain (Srivastava,

2017).

4. Pre-prosthetic: The individual’s stump is prepared for the fitting of a prosthesis.

This is also when the multidisciplinary team will aim to restore the individual’s “locus

of control”, meaning that they will encourage the individual to believe in their own

ability to retain control over their life. One of the ways of doing so is by giving the

individual an immediate post-operative prosthesis which are often used to assess which

kinds of mobility assistance devices will be required post-amputation (Ali et al., 2013),

however patients in this phase are mostly sedentary (Samuelsen et al., 2017).

5. Prosthetic Prescription: The multidisciplinary team will determine which type of

prosthesis is best suited to the individual and fit the prosthesis. This decision is

generally based on the patient’s ‘K-level’ (Medicare, n.d.) (via (Balk et al., 2018)),

which dictates the individual’s potential to function with a prosthesis. The K-level,

which is ranked from K-0 (does not have the ability to ambulate with a prosthesis) to

K-4 (can ambulate with prosthesis and can perform vigorous activities such as running)

is calculated based on a variety of factors. Factors include any comorbidities that can

impact on the patient’s mobility and their own goals for ambulation (Passero, 2014).

The team may also make use of mobility predictors, such as the Amputee Mobility
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Predictor to inform their decisions (Gailey et al., 2002).

6. Prosthetic Training: The patient will undergo training with their prosthesis to famil-

iarize themselves with their prosthesis and to understand their functional capabilities

and limits. Prosthetic training at early stages of fitting is crucial for improving physi-

cal function and to score well in performance-based metrics (Christiansen et al., 2015).

Extended prosthetic use is also correlated with decreased absence of phantom limb

pain (Raichle et al., 2008).

7. Community Training: After familiarization with the prosthesis, the rehabilitation

team will aim to re-integrate the amputee into the amputee’s community and can refer

to specialist gym classes and other resources to develop the individual’s relationship

with their prosthesis. Socialization is an important component to the individual’s

rehabilitation and has been associated with better ambulation potential and quality of

life (Hawkins et al., 2016). ILLAs who participate in their community are also found

to fall less frequently than ILLAs who do not participate (Hordacre, Barr, and Crotty,

2015).

8. Vocational Rehabilitation: In situations where the individual is no longer capable

of working at their occupation pre-amputation, rehabilitation teams will work towards

providing resources for getting the individual prepared for new occupations, identifying

and tackling any physical or motivational barriers that may come from securing the

job.

9. Follow-up: Lower limb amputation is irreversible, and so throughout the remainder of

their life the individual may meet with their rehabilitation team to fix or change their

prosthesis, receive updated assessments on their functional status, or to be provided

new information, resources and support.
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1.2.1 Limitations in Modern Lower Limb Amputation Rehabilita-

tion

The outline of the rehabilitation process described by Esquenazi (2004) describes the ideal

rehabilitative process. As will be seen in chapter 3, many ILLAs do not experience these

stages. In the pre-operative stage, many of the processes described by Dekker et al. (2018)

are not feasible to carry out; while several of the rehabilitative stages describe the user’s

journey with a new prosthesis, many ILLAs do not receive a prosthesis at all. In 2016,

40.7% of new lower limb amputee patients were fitted with a prosthesis in Scotland as of

2016 (Davie-Smith, Hebenton, and Scott, 2018), 13.4% of the new amputee patients died

within 30 days of their amputation, however the largest proportion of amputees were either

not fitted for a prosthesis or abandoned their initial prosthetic treatment (45.8%). The

breakdown of factors for non-limb fitting (other than abandonment, which accounted for

6.8% of all "not limb-fitted" patients) are not specified in the survey, however some possible

reasons can include financial issues, existing comorbidities and socioeconomic factors (e.g

not having a partner to assist with prosthetic training) (Pasquina, Carvalho, and Sheehan,

2015). One of the biggest challenges with rehabilitation processes for ILLAs, and the chal-

lenge this thesis will aim to tackle, is how to provide effective evaluation of the individual’s

rehabilitation progress. A handful of papers and reviews in previous research have called for

more effective forms of evaluation of rehabilitation process throughout its stages. (Agrawal,

2016; Deathe, Miller, and Speechley, 2002; Hebert et al., 2009; Resnik, Borgia, and Silver,

2017; Salter et al., 2005). This thesis has chosen to focus on how physical activity outcomes

are measured in the rehabilitative process. Primarily, this is because physical activity mea-

surements used in interventions are underdeveloped and underutilized compared to physical

function assessments, this reasoning is explained in further detail in chapter 2.
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1.3 Physical Activity in Lower Limb Amputees

It is important that physical activity assessment and physical function assessment are distin-

guished as two separate concepts. The World Health Organization defines physical activity

as “any bodily movement produced by skeletal muscles that requires energy expenditure”

(World Health Organization, n.d.). Physical function, in the context of the rehabilitation

of ILLAs, is the “ability to perform both basic and instrumental activities of daily living”

(Garber et al., 2010). Physical function assessments will seek to determine whether the ILLA

can perform an action (and the level of difficulty associated with performing it), and physical

activity assessments ask about how often that action is performed. Another key difference

between the two concepts is that a HCP (prosthetists, specialist physiotherapists, clinicians

etc.) can observe physical function through short, standardized tests (for example the 2

Minute Walk Test (Brooks et al., 2001)), but cannot physically observe physical activity,

which is inherently a long-form evaluation process.

Physical activity for the general population is universally recommended and has over-

whelming evidence of health benefits (Reiner et al., 2013; Taylor, 2014; Warburton, 2006).

This extends also to ILLAs; physical activity has evidently improved heart and lung func-

tionality and reduced the effects of chronic lower back pain (Bragaru et al., 2011; Shin et al.,

2018). From a psychological perspective, physical activity has improved perceptions of the

individual’s quality of life, self-esteem, and body image (Deans et al., 2012; Wetterhahn,

Hanson, and Levy, 2002).

With changes in mobility and lifestyle, ILLAs are unsurprisingly less physically active

than individuals without limb loss (Bussmann, Grootscholten, and Stam, 2004; Langford

et al., 2019), and there has been some established research into the physical and socio-

economical barriers that prevent ILLAs from performing physical activity (Littman et al.,

2014; Deans et al., 2012; Bragaru et al., 2013). Therefore, HCPs should monitor and evaluate

the physical activity of their clients. Analysing the processes of monitoring activities carried
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out by ILLAs and how these processes can be improved is the overarching theme of this

research work.

1.4 Thesis Overview

1.4.1 Aims and Objectives

The primary aims and objectives of this thesis are:

• Review clinical procedures of physical activity monitoring and evaluation and identify

key areas where improvements/progressions must be made

• Conduct an investigation to identify important activity monitoring outcomes for phys-

ical rehabilitation of Individuals with Lower Limb Amputation (ILLAs)

• Create a novel Human Activity Recognition (HAR) study to capture physical activities

carried out by ILLAs

• Perform machine learning-based analysis of the HAR study and translate the analysis

into clinically-relevant information

• Propose a framework for future clinical activity monitoring of ILLAs

1.4.2 Summary of Structure

The first chapter of the thesis, “Amputation, Rehabilitation and Physical Activity”, is an

introduction to the concepts of lower limb amputation, rehabilitation and how the rehabili-

tative process of the ILLA ties in with the importance of physical activity.

The second chapter, "Interventions of Physical Activity for Individuals with Lower Limb

Amputation: A Systematic Literature Review" is a literature review of interventions that

have been deployed to try and improve the diversity and frequency of physical activities
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carried out by ILLAs. In the chapter, a key finding is that interventions to improve physical

activity in ILLAs are limited by simplistic activity monitoring outcomes, which leads to a

focus on the types of activities that are being assessed by clinicians specialising in the care

of ILLAs.

The third chapter, "Qualitative Analysis of Activity Monitoring Outcomes for Individuals

with Lower Limb Amputation through Focus Group and Interview Sessions with Stakehold-

ers", is a study of a series of interviews and a focus group that were conducted with ILLAs

and Healthcare Professionals (HCPs) specialising in the care of ILLAs. The purpose of the

interviews and the focus group was to establish how ILLAs are evaluated for their reha-

bilitative progress in a clinical environment, establishing perspectives from both the HCPs

and the ILLAs separately. The chapter also establishes the key physical activity monitoring

outcomes that could be realistically monitored and applied in a clinical setting. Because of

the focus on identification of different types of physical activity, the proposed solution is a

HAR study which incorporates the activity monitoring outcomes established in this chapter.

As contemporary approaches to HAR are primarily embedded in artificial intelligence

and machine learning techniques, the fourth chapter, "Building Towards a Novel Solution:

A Review of Human Activity Recognition", is another literature review, this time detailing

various practices used in HAR studies and uses the literature review to justify and establish a

novel HAR study of ILLAs and non-amputees in free-living conditions using a single wearable

accelerometer.

The fifth chapter, "Collection of Detailed Physical Activity Data from Non-Amputated

Individuals and Individuals with Lower Limb Amputation in Free Living Settings", constructs

the key methodology of the HAR study. It details the participants that were recruited, the

key pre-processing techniques required, the features calculated to be fed into the classification

models, and outlines the machine learning analysis that is then subsequently conducted in

the following chapters.

The sixth chapter, "Supervised Learning of Human Activity Recognition for Non-Amputated
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Individuals and Individuals with Lower Limb Amputation in Free-Living Conditions", analy-

ses the data collected from the HAR study from a supervised learning perspective, obtaining

the most appropriate supervised classifiers to perform HAR on the dataset, experiments with

various levels of supervised label detail and investigates the potential for transfer learning

by training the classifiers on non-amputees and testing on the ILLAs.

The seventh chapter, "Unsupervised Cluster Analysis of Walking Activity Data for Non-

Amputated Individuals and Individuals with Lower Limb Amputation ", complements the

preceding chapter with an unsupervised analysis of the dataset, aiming to establish identifi-

cation of physical activities in ILLAs and non-amputees without the use of labelled data to

train the classifiers.

The eighth chapter, "Exploration of ActivPAL hardware and software for further devel-

opment of activity monitoring capabilities for Individuals with Lower Limb Amputation",

explores the capabilities of the wearable accelerometer that was used in the HAR study and

its proprietary activity monitoring algorithm. The first experiment tests the accuracy of step

count of lower limb amputees in free-living conditions using the proprietary algorithm, the

second experiment again validates the algorithm but with its capability of detecting events

when the participant in the study is stationary. The final experiment looks at the potential

applicability of the sensing device’s magnetometer for improving performance in machine

learning analysis, both from a supervised and unsupervised machine learning perspective.

The concluding chapter, "Implications of Research in Clinical Context & Retrospective

Evaluation", coalesces all information gathered from the previous chapters and proposes the

outline for a clinical activity monitoring framework, in which HCPs would be able to track

the physical activity progress of their ILLA clients. This is followed by a comprehensive

summary of the research that had been performed in the thesis, and a discussion as to what

the direction of future research should take.
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1.5 Accomplishments

The main accomplishments of the thesis are summarized as follows:

• The research constructs the framework for a clinical activity monitoring system in

a logical order; instead of beginning with a HAR study and then retroactively try

to understand the clinical significance of the findings, the research begins with an

understanding of the needs of HCPs and ILLAs, and constructs the HAR study based

on those findings.

• The research direction was adapted to cope with the coronavirus epidemic during

the majority of 2020 and part of 2021. The adaptation to conduct HAR in free-

living conditions also helped contribute to the novelty of the research, as few HAR

studies involving the ILLA population have conducted their investigation outside of a

controlled laboratory setting.

• The supervised analysis of ILLA physical activity makes use of experimenting with

various levels of labelling “resolution” (the detail of the annotated label) and conducts

a transfer learning experiment to determine the cross applicability of non-amputee data

to train a classifier to recognize ILLA data. Both concepts have been rarely explored

in HAR literature, and have never been combined together in a single study.

• The unsupervised analysis of ILLA physical activity is entirely novel. Additionally,

a specialised algorithm was theorized and created to help identify physical activities

without the need of annotated training data

• The additional experiments conducted in Chapter 8 are, while niche, still novel inves-

tigations that have not been conducted before, specifically on the wearable device that

was used in the HAR study.
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• The research has led to the culmination of two published articles, with another pub-

lished article to hopefully follow after the completion of this thesis. The research has

also been featured at a conference. The following section gives specific details of how

the research has contributed to the academic field.

1.6 Academic Output

Publications

• Jamieson, Alexander, Laura Murray and Arjan Buis (2020). “The use of physical ac-

tivity outcomes in rehabilitation interventions for lower limb amputees: a systematic re-

view”. In: Canadian Prosthetics & Orthotics Journal 3.1. DOI: 10.33137/cpoj.v3i1.33931

• Jamieson, Alexander et al. (2021) "Human Activity Recognition of Individuals with

Lower Limb Amputation in Free-Living Conditions: A Pilot Study." Sensors. 2021;

21(24):8377. DOI: 10.3390/s21248377

• (Pending Review) Jamieson, Alexander et al. (2022) "Unsupervised Cluster Analysis

of Walking Activity Data for Healthy Individuals and Individuals with Lower Limb

Amputation" IEEE Transactions of Biomedical Engineering

—

Conference Contributions

• Jamieson, Alexander, Laura Murray and Arjan Buis (2021) "Enrichment Of Wearable

Sensor Data From Individuals With Lower Limb Amputation In A Free-Living Setting"

International Society for Prosthetics and Orthotics, 18th World Congress

—

Datasets
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• Jamieson, Alexander (2021). "Dataset for: Construction of a Clinical Activity Moni-

toring Framework Based on Free-living Investigations of Individuals with Lower Limb

Amputation". DOI: 10.15129/ae451315-5258-4a07-8eb4-204e4d2e357f (University of

Strathclyde PURE Open Access Dataset)

1.7 Chapter Conclusion

This first chapter is written to introduce the drive of the thesis, that is, to improve the

physical well-being of ILLAs. This began with an overview of lower limb amputation and

how it has become increasingly prevalent, showing there is a need for strong rehabilitative

services. The rehabilitative process was then linked to the importance of physical activity in

ILLAs. The succeeding chapter will explain in a systematic literature review how monitoring

techniques of physical activity have been applied in the context of physical and behavioural

interventions to improve the physical activity of ILLAs, this chapter is also where limitations

to activity monitoring techniques of ILLAs are highlighted, which then creates a justification

for the research that is executed for the rest of the thesis. The thesis as a whole is also

summarized, along with the publications that have been created from this research.
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Chapter Two

Interventions of Physical Activity for

Individuals with Lower Limb

Amputation: A Systematic Literature

Review

2.1 Overview

This chapter is an adaptation of a systematic literature review the author has previously

published in the Canadian Prosthetics and Orthotics Journal, (Jamieson, Murray, and Buis,

2020). The journal allows re-use of the manuscript in the author’s own works without per-

mission, provided explicit citation to the original journal is given. The original focus of

this thesis was to investigate interventions of physical activity and propose how these inter-

ventions could be improved. However, as the thesis developed, the theme of the research

pivoted towards the measurements of physical activities used in the interventions of them-

selves, and how they could be applied in an activity monitoring system used in a clinical

environment. Thus, this chapter is an abridged version of the author’s original published

work, restructured to fit the main narrative of the thesis.
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Interventions which have focused on improving the physical activity of individuals with

lower limb amputation can be broken down into two major categories: prosthetic inter-

ventions and behavioural interventions. In a prosthetic intervention, the subject is fitted

with a prosthetic component, and their physical activity is typically compared with subjects

wearing a variant of that prosthetic component. Marked improvements in physical activity

indicate that the prosthetic intervention has helped the patient carry out more physical ac-

tivity, whether by making them feel more comfortable wearing the prosthesis, reducing the

socket pain, or wearing during gait, or any other number of potential physical or psycholog-

ical factors. A behavioural intervention on the other hand will aim to employ behavioural

change techniques such as goal setting, self-monitoring of behaviour and behaviour substi-

tution to the subjects (Michie et al., 2011), which can then be measured in quantifiable

activity, such as the number of steps taken per day (Yamada et al., 2012). Other categories

of physical activity interventions exist, such as massage interventions, where a therapeutic

massage targeted at lowering limb and back pain is applied to an individual and activity

levels are measured before and after the massage (Larson, 2015), however the paucity of

these interventions makes them unsuitable for the scope of this review.

2.2 Aims

The two primary aims of this review were to assess the quality of prosthetic and behavioural

interventions when they are used to modify physical activity behaviour of physical activity

performance in ILLAs, while also understanding the ways in which these activities are as-

sessed by the use of physical activity monitoring devices and surveys. The research in this

study was important to assess the current state of behavioural interventions and prosthetic

interventions in how they modify the physical activity behaviour of ILLAs.
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2.3 Summary of the Main Findings

For a full explanation of the methodology and results from this literature review, the reader

is encouraged to read the original source material in Jamieson, Murray, and Buis (2020).

To briefly summarize the methodology and results: the databases of Scopus, Pubmed, Em-

base, Medline and Web of Science were searched for articles relating to physical activity,

amputees, and interventions. All levels of lower limb amputation were included , so long as

the subjects utilised a prosthesis or other walking support devices and were not exclusively

wheelchair bound. Only studies that were available in full text and in the English language

were considered for inclusion, but no limits were placed on publication years. Articles were

assessed quantitatively based on internal validity, external validity, and intervention inten-

sity. In total, sixteen articles were assessed; 5 focusing on behavioural interventions, and 11

on prosthetic interventions. Both approaches had varying methodological quality and mixed

efficacy when it came to producing a significant change in physical activity outcomes. After

all identified literature were assessed for their internal validity, external validity, and in-

tervention intensity, it was found that behavioural and prosthetic interventions had roughly

equal efficacy when it came to generating a significant change in physical activity behaviours.

Statistically, the mean scores of internal validity, external validity and intervention intensity

were equal between the two groups. The key finding that drove the subsequent direction of

the research carried out in this thesis, was that almost all interventions used unreliable (e.g

non-standardized questionnaires) or basic activity measurements (e.g step count, activity

count) as their outcome measure.
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2.4 Behavioural Interventions to moderate Physical Ac-

tivity in ILLAs

With behavioural interventions, only two studies identified; Christiansen et al. (2018) and

Ploeg et al. (2006), had significant positive increases in physical activity behaviour in regards

to daily step count, sport participation and the ability to meet pre-defined physical activity

requirements. It is also important to consider that the findings of Ploeg et al. (2006) had

questionable impact on ILLAs, as they only report their intervention’s impact on the general

disabled population. Another behavioural intervention, Delehanty and Trachsel (1995) had a

single positive increase in "activity" (increased holiday time) while the rest had no significant

results. These findings differentiate from reviews which have looked at behavioural interven-

tion studies for people with non-specific disabilities; Castro et al. (2018) and Lai et al. (2017)

found significant positive increases in physical activity outcomes in 70% and 83% of identified

studies respectively. The meta-analysis used in Ma and Martin Ginis (2018) reported “small

to medium sized effects” in the interventions towards physical activity outcomes. A possi-

ble explanation for these differing results is the lack of available studies relating specifically

to ILLAs: compared to the five articles found in this review, 38, 132 and 24 studies were

identified in Castro et al. (2018), Lai et al. (2017), and Ma and Martin Ginis (2018) studies

respectively. Another possible explanation is that behavioural interventions may need to

tailor the intervention around solving the ILLAs’ barriers to physical activity, such as those

identified in Littman, Bouldin, and Haselkorn (2017). Despite the lack of evidence and the

mixed results, there is some optimism in these findings; by considering that the more mod-

ern interventions applied in Christiansen et al. (2018) and Littman et al. (2019) had higher

methodological quality than the older interventions, it is possible that future studies will

retain a similar high level of methodological quality, which could lead to a more conclusive

idea of how effective behavioural interventions are on the physical activity of ILLAs in the

future.
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2.5 Prosthetic Interventions to moderate Physical Ac-

tivity in ILLAs

Prosthetic interventions also had mixed effects on the physical activity of ILLAs, with five

out of twelve studies reporting significant effects. This finding is echoed by Samuelsson et

al. (2012) and Pepin, Akers, and Galen (2018) who both reviewed the effects of prosthetic

components on physical activity. In Samuelsson et al. (2012) and Pepin, Akers, and Galen

(2018), five out of eight studies and five out of fourteen studies had significant impact

on physical activity outcomes respectively. The findings of the review are comparable to

Samuelsson et al. (2012) as they used the same reviewing criteria (internal and external

validity) and reviewed some of the same articles. The external validity was found to be scored

identically in each of the shared articles, however there were some minor disagreements with

internal validity criteria and scoring. For example, in the assessment of Coleman et al. (2004)

they scored 0 for reporting psychometric properties of the measuring instrument, while this

review scored a 1. These discrepancies can be explained by the differing objectives that the

review by Samuelsson et al. (2012) had. In Coleman et al. (2004) the psychometric properties

of the physical activity measuring instrument were reported, but not the questionnaires.

As these questionnaires report on the impact of quality of life and participation in the

individual’s community, which were key topics in the review by Samuelsson et al. (2012),

this likely explains why Coleman et al. (2004) scored a 0 in their review for that particular

element. The maximum discrepancy in internal validity scoring was ±1, so overall both

reviews had a similar assessment of the shared articles.

Only one prosthetic intervention to moderate physical activity had been developed in the

time between the review by Pepin, Akers, and Galen (2018) and this review. Considering

this finding, it appears that there have been minimal adoption or development of prosthetic

interventions to moderate physical activity outcomes.1 At best, they appear to have mixed
1Author’s note: This observation was made in early 2020, prior to the coronavirus outbreak

19



efficacy, and even within the same intervention type, results are inconsistent. For instance,

all identified prosthetic knee interventions compared a microprocessor knee to a mechani-

cal knee, and multiple outcomes were found; two papers reported no significant results in

activity outcomes (Hafner et al., 2007; Klute et al., 2006), one reported significant improve-

ment in favour of wearing the microprocessor knee (Kaufman et al., 2008), and one reported

significant improvements in favour of wearing the mechanical knee (Theeven et al., 2012).

The review therefore concludes that prosthetic interventions are, in their current state, an

unreliable method of improving physical activity outcomes. Some promising developments

in prosthetic technology could be incorporated into the design of future prosthetic interven-

tions. For example, powered knees are a recently developed type of prosthetic knee that,

compared to the more traditional microprocessor and mechanical knees, provide greater out-

put in energy assistance and can help perform more demanding walking movements like

climbing stairs (Pasquina et al., 2015). These inventions may be critical to obtaining defini-

tive improvements in physical activity behaviour in ILLAs.

2.6 Lack of Identifiable Studies that use Physical Ac-

tivity Outcomes

A significant finding obtained from this systematic review is that physical activity-based

outcomes for ILLAs are rarely utilised in interventions, which may stem from their lack of

prevalence in clinical practice. In a survey of which outcome measures were used by pros-

thetists and orthotists to assess their patients, a single questionnaire to assess measurement

of physical activity (the Trinity Amputation Prosthetic Evaluation Scale (TAPES)) appeared

on a list of the most frequently used outcome measures (Young, Rowley, and Lalor, 2018).

The driving factor of these findings may come from the fact that two of the major ILLA

rehabilitation organizations – the British Association Of Chartered Physiotherapists In Am-
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putee Rehabilitation, and the British Association of Prosthetists and Orthotists – do not

list any physical activity-based outcomes aside from TAPES in their outcome measurement

guides (Scopes et al., 2015; Young et al., 2015). The majority of outcome measures used

are functional/mobility tests (e.g Timed Up and Go test (Podsiadlo and Richardson, 1991))

and physical function scales (e.g Houghton Scale (Devlin et al., 2004)). These types of mea-

surements have their limitations; while physical function has been shown to have a positive

correlation with physical activity (Manini and Pahor, 2008; Metti et al., 2018; Yorston, Kolt,

and Rosenkranz, 2012), some criteria used in physical function scales relies on either subjec-

tive assessment from the assessor, or self-assessment from the patient (e.g in the Houghton

scale, patients are asked how many hours per day they wear their prosthesis), which can

lead to recall bias and unreliable results. While mobility tests use quantitative outcomes

(e.g the Timed Up and Go test is assessed in terms of the amount of time taken to perform

the test), they are only a "snapshot" of the patient’s well-being. The ILLA’s performance in

the test could fluctuate depending on external and environmental factors, for example how

tired the patient is, or the type of footwear they are wearing can have an impact (Sprint,

Cook, and Weeks, 2015). Activity measurement outcomes on the other hand benefit from

being a much more dynamic assessment of the ILLA’s physical well-being. These established

outcome measurements should not be replaced with physical activity outcomes altogether,

but rather they should supplement the existing methodology.

2.7 Outcome measures of physical activity used in be-

havioural and prosthetic interventions

In the behavioural approach, two interventions used objective activity monitoring measure-

ments (Christiansen et al., 2018; Littman et al., 2019), two interventions used subjective

questionnaires (Kosma, Cardinal, and McCubbin, 2005; Ploeg et al., 2006), and two inter-
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ventions used non-standardized questionnaires (Delehanty and Trachsel, 1995; Ploeg et al.,

2006). By contrast, all prosthetic interventions used objective activity measurements.

Subjective measurements of physical activity are primarily composed of questionnaires

and diaries, where the ILLA is fully or partially responsible for judging their own physical

activity. These techniques are popular in clinical practice as they are often inexpensive to

adapt, and in the case of self-reporting questionnaires, there are an abundance of standard-

ized questionnaires that healthcare professionals can utilise. Most ILLA-specific question-

naires will specifically focus on physical function and the user’s comfort with their prosthesis,

for example, the Prosthetic Evaluation Questionnaire and the Locomotor Capabilities Index

(Boone and Coleman, 2006; Franchignoni et al., 2004; Legro et al., 1998). Prior to the turn

of the century, questionnaires to evaluate physical activity of ILLAs were non-standardized

and uninformative; Delehanty and Trachsel (1995) created a "Rehabilitation Status Ques-

tionnaire", which prior to the investigation had only been validated with a pilot study. Their

outcome measures - which included “Church”, “Shopping” and “Banking” – are outdated by

modern standards. In Ploeg et al. (2006), sport score and sport participation were assessed

by a custom questionnaire which took into account the number of hours spent on the sport

and the designated intensity of the sport in Metabolic Equivalent of Tasks (METs) from a

physical activity compendium (Ainsworth, 2008; Bouchard et al., 1983). The authors did

not provide further details of which sports were carried out and for how long, so it was

impossible to identify which activities the ILLA population were participating in. These

non-standardised forms of evaluation make it difficult to compare results across different

studies and should be avoided in future investigations. Additionally, evaluating ILLA phys-

ical activity with METs can be problematic, as METs must be readjusted to account for the

fact that an ILLA will require more energy to carry out activities at the same intensity as a

non-amputee (Littman et al., 2014).

There are a handful of standardized questionnaires that are specific to measuring the

activity of ILLAs, for example certain subsections of the TAPES questionnaire (Gallagher
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and Maclachlan, 2004; Washburn et al., 2002). Ploeg et al. (2006) and Kosma, Cardinal,

and McCubbin (2005) made use of the Physical Activity Scale for Individuals with Physical

Disabilities (PASIPD) questionnaire to evaluate their programs (Washburn et al., 2002).

PASIPD is a widely used and validated questionnaire (Ploeg et al., 2007). The questionnaire

assesses physical activity by combining the number of hours spent performing a particular

activity with the activity’s MET score. Despite the questionnaire’s popularity, the PASIPD

has been found to show poor correlation with objective physical activity measurements (Van

Den Berg-Emons et al., 2011), and so by itself could be considered an unreliable tool for

fitness assessment. Supplementing these questionnaires with objective measurements could

be a way of providing a complementary or contrasting viewpoint. For instance, scoring high

on a questionnaire while performing poorly on objective measurements could indicate the

patient is overestimating their fitness levels.

While not used in any of the identified articles, physical activity diaries can occasionally

be used as a tool to record and promote physical activity in other vulnerable populations,

such as those with diabetes (Bravata et al., 2007; Furber et al., 2008; Quirk, Glazebrook,

and Blake, 2018). A flaw that is common to both subjective questionnaires and activity

diaries is the reliance on the individual for measurement. As will be discussed further in

Chapter 3.2.2.3, some individuals are prone to exaggeration about their activity levels, even

with non-malicious intent, especially if they perceive achieving high levels of activity with

receiving praise or access to better clinical resources like a high-tech prosthesis.

The behavioural intervention studies from Christiansen et al. (2018) and Littman et al.

(2019) and all included prosthetic intervention studies all used objective activity monitoring,

wherein monitoring of physical activity is performed by an unbiased source - a sensor (or

sensory array). By far the most common approach for objective physical activity monitoring

was to utilise the Step Activity Monitor and then analyse the intervention by changes in

some measurement of step activity. Other devices such as the ActivPAL (PAL Technologies,

Glasgow, UK) and ActiGraph (ActiGraph, FL, USA) were also used but only to measure step
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count or vaguely defined ‘activity bouts’. While objective activity monitoring is much more

reliable than self-report questionnaires in terms of accuracy (Stepien et al., 2007), monitoring

devices are reliant on using step count as their primary or only unit of measure. High step

counts have strong associations with positive health outcomes such as a decrease in the

risk of cardiometabolic adverse events (Schmidt et al., 2009), and so while they do provide

valuable indications of physical activity, they only give surface-level insight – for instance,

an ILLA who performs stationary exercises and stretches will appear to be inactive when

monitored by an ordinary pedometer. Kaufman et al. (2008) was the only study to measure

energy expenditure via the Doubly-Labelled Water Effect. While its high precision makes

the this method the gold standard for measuring energy expenditure (Berman et al., 2019), a

limitation of this method is its complexity – the method requires ingesting an isotope which

is then expunged through urination and analysed using mass spectroscopy. Analysis must

be carried out by a specialist, making it impractical to use for large sample sizes. Another

problematic issue is that there is no standardisation of energy readings applicable to ILLAs

like METs are to non-amputees. Using standard METs to assess non-amputees gives an

unequal comparison due to lower energy expenditures(Littman et al., 2014), and bodies such

as the American College of Sports Medicine have yet to establish an equivalent system for

ILLAs. Likewise, while there are government funded documents such the UK Chief Medical

Officers’ Physical Activity Guidelines to help set standards of physical activity for the general

population (Davies et al., 2019), there is no equivalent document for ILLAs.

2.8 Future of Interventions for ILLAs

2.8.1 Behavioural Interventions

In a currently ongoing behavioural intervention for ILLAs, titled “Physical activity behaviour

change for older veterans after dysvascular amputation”, veterans with a dysvascular am-
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putation will undergo a 3 month long behavioural intervention (Miller et al., 2017)2. The

intervention will make use of telerehabilitation technology to allow participants to commu-

nicate with their physiotherapists via live video communication. In these video sessions, the

physiotherapist will discuss barriers to physical activity, educate the participant on activity-

related topics such as fall preventions and dieting and record adverse effects. A FitBit®

(Fitbit, CA, USA) device will monitor their physical activity and feed the information back

to a mobile tablet application, which will help the participant monitor their activity and

set out weekly activity goals. While the primary outcome of this trial is to measure its

feasibility, physical activity outcomes in terms of physical activity count (measured by an

ActiGraph device) will be assessed as part of calculating the effect size of the intervention.

When considering this study along with the two most recent studies identified for this review

(Christiansen et al., 2018; Littman et al., 2019), it appears that communication technology is

playing an increasingly important role in these types of intervention. By providing a medium

in which the individual and their healthcare provider can frequently communicate, whether

through telephone, video conferencing or e-mail, the individual is given many more opportu-

nities to identify and overcome barriers to their physical activity, and the healthcare provider

is given more oversight into their patient’s physical activity performance. The use of modern

technology to provide behavioural interventions to increase physical activity in other low ac-

tivity populations has seen some success; for instance a novel web-based behavioural change

intervention called e-Motion improved bouts of MVPA in depressed populations (Lambert et

al., 2018). A mobile behavioural change application designed to self-monitor weight, caloric

intake and physical activity helped improve the step count in diabetic individuals (Fukuoka

et al., 2015). In the future, technologically advanced behavioural interventions should start

to include or specialise in ILLAs.

Above all, more behavioural interventions are needed to properly assess their effectiveness

on ILLAs. This sentiment is mirrored by Jayakaran, Perry, and Hale (2019) which compared
2This study is still on-going as of January 2022
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physical activity levels of ILLAs with their quality of life: they state that:

“Person-centred behavioural interventions to increase physical activity levels are

needed to decrease the risk for developing long-term co-morbidities and to lessen

the effects of co-morbidities already present in this population”.

Evidently, more studies such as the ones identified in this review should be developed in

the future, with higher quality approaches to their methodology.

2.8.2 Prosthetic Interventions

As stated in section 2.5, prosthetic interventions to moderate the physical activity of ILLAs

have mixed efficacy, and by comparing the outcomes of this review to previous reviews that

have covered this subject matter, it appears this type of intervention has stagnated; meaning

that their efficacy does not appear to have improved over time. In part, these results may

be due to their largely homogenized methodology; almost all studies used crossover design,

and the activity measurements carried out did not expand beyond step count, with a few

exceptions. Additionally, most studies had a short intervention length, causing them to score

poorly in the intervention intensity. Improvements in study outcomes could be obtained by

a change-up in the study design, increasing the length of the intervention, or by changing

the physical activity outcomes used.

Some promising developments in prosthetic technology could be incorporated into the

design of future activity interventions. For example, powered knees are a recently developed

type of prosthetic knee that, compared to the more traditional microprocessor and mechani-

cal knees, provide greater output in energy assistance and can help perform more demanding

walking movements like climbing stairs (Pasquina et al., 2015). Another more cost-efficient

way to potentially improve the efficacy of prosthetic interventions is to introduce behavioural

or cognitive elements, which have previously been found to increase physical activity among

older adults versus using a singular approach (Morelhão, Oliveira, and Franco, 2016).
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The important characteristic that is needed in all future interventions of physical activ-

ity, whether behavioural or prosthetic based, is the integration of objective-based physical

activity monitoring outcomes. Despite some of the limitations that have been found with

objective activity monitoring techniques, they are still the preferable method of ILLA activ-

ity evaluation due to the non-biased nature of the technique. ILLAs will always have unique

perceptions of their physical activity capabilities; for example an ILLA who walks 500 steps

per day could consider themselves to be very active, while another ILLA who walks 2000

steps per day may consider themselves inactive. The introduction of objective monitoring

mitigates the personal biases of the amputee as well as any clinician observing them, and

provides clearer scope as to how physical activity capabilities in the ILLA can be improved.

2.9 Chapter Conclusion

After conducting a systematic review on Scopus, Pubmed, Embase, Medline and Web of

Science, 16 studies were identified which assessed the physical activity of ILLAs after the ap-

plication of a prosthetic or behavioural intervention. Ultimately, the lack of available studies

makes it difficult to comment on the overall efficacy of behavioural interventions on ILLAs,

but the increase of quality of the methodology in the most recent studies identified give

an optimistic indication that future interventions will have similar levels of methodological

quality. There are a substantial number of prosthetic interventions with good methodological

quality, however the efficacy of these prosthetic interventions has stagnated, and may require

implementing more technologically advanced prosthetic components to obtain a significant

change in activity.

Following on from this systematic review, it became clear that in both types of interven-

tions, the types of activity measurements used by the researchers were unreliable, outdated,

or overly simplistic. The findings of the systematic review inspired the next stage in the

thesis, which was to work with ILLAs and HCPs specialising in the care of ILLAs to find out
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what kinds of activities are carried out by ILLAs, and which of these activities are important

in the context of clinical evaluation. This research was conducted with the implications that

future interventions, regardless of whether they are behavioural or prosthetic-based, should

incorporate these more sophisticated forms of activity measurement to give a more in-depth

assessment of physical activity. These measurements are used to form the basis of a clinical

activity monitoring system for analysing the activity of ILLAs.
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Chapter Three

Qualitative Analysis of Activity

Monitoring Outcomes for Individuals

with Lower Limb Amputation

through Focus Group and Interview

Sessions with Stakeholders

3.1 Purpose and Procedures

This chapter covers a series of interviews and focus groups (referred to collectively as inter-

views) with two key stakeholders: ILLAs and HCPs specializing in the care of ILLAs. The

structure of the chapter is based on guidelines set out by Krueger (2014)’s book: “Focus

Groups: A Practical Guide for Applied Research”. In an interview setting, the primary aim

is to gather a wide variety of insights and experiences to make informed decisions, however it

is not intended to make a statistical inference on the preferences of the stakeholders’ general

population (Asbury, 1995). As outlined in Chapter 2, there was a need to establish detailed

outcome measures for the assessment of ILLA physical activity beyond the measurements
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currently used in literature, and so these interviews were designed to identify these outcome

measures and additionally explore how an activity monitoring system for ILLAs could be

applied in a clinical environment.

Explicitly, the reason why qualitative interview-based research was carried out in favour

of a quantitative approach (for example, a survey or questionnaire), or researching second-

hand sources was twofold: primarily, it was vital that this research should receive specific

targeted feedback from the primary stakeholders. Qualitative feedback allows for more nu-

ance in dialogue that a quantitative method cannot provide (Al-Busaidi, 2008). By gathering

information first-hand instead of second-hand, it ensures that the views held by the stake-

holders are up to date. While some studies focus on the barriers to physical activity for

ILLAs (Miller et al., 2019), these studies are themed around improving general physical fit-

ness, and not an analysis of specific activities. Improving fitness from a general perspective

is inherently good, but targeting the improvement of specific activities can lead to more

constructive actions taken by the HCP; for example to traverse stairs, the HCP could rec-

ommend a specific set of stretches that could help the ILLA traverse stairs in a safe and

non-strenuous manner. Secondly, it was anticipated that, should the research have used

quantitative methods (for example, sending out mass-surveys) there would likely have been

a significant lack in responses, partly due to the general obscurity of the research topic, as

well as the inability to provide an incentive for participation.

The interviews for this research were conducted over the span of 5 months between Oc-

tober 2019 and February 2020. The research was approved by the University of Strathclyde’s

Biomedical Engineering Departmental Ethics Committee (Ref: Paper DEC/BioMed/2019/268).

Notable inclusion criteria were that ILLA participants must have had their amputation pro-

cedure performed at least 1 year prior to the interview, and that HCPs must have had at

least 2 years of experience working with ILLAs within a professional setting. These criteria

ensured that ILLA participants would have had ample time to reflect on their experience as

an amputee, and that HCPs had an informed understanding of how their patients behave.
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ILLAs and HCPs were recruited through separate approaches, with ILLAs being primarily

recruited through flyers and posters, and HCPs being contacted through networks via a

third party. Due to overall low recruitment numbers, the methodology adopted convenience

sampling and all interested participants were selected for participation.

In total, 8 HCPs and 6 ILLAs were interviewed. The original intention of this study

was to carry out all interviews in two distinct sets of focus groups: one for the HCPs and

one for ILLAs. However due to a lack of availability and conflicting schedules, most of the

participants were interviewed separately via a phone call interview in accordance with their

schedules. All 8 HCPs and 2 of the ILLAs were interviewed separately, and a single focus

group was carried out with 4 of the ILLAs. Undoubtedly, changing from a focus group

format to an interview format will have made some impact. The additional level of inter-

participant interaction inherent to a focus group discussion can provide information that

would not be found in their individual interactions (Lederman, 1990). A group dynamic

allows for the presence of complementary and contradictory views, thereby highlighting the

individuality of each person that can be difficult to capture in a dynamic fashion when

conducting interviews separately (Lewis, 1992). To give a hypothetical scenario, if one

HCP took a particular treatment route to fit an ILLA with their prosthesis, while several

other HCPs took a completely different route, it would not be practical on a large-scale

implementation (with more of these scenarios) to contact the first HCP again to try and

understand why their treatment route was so different. Whereas in a focus group, this

contrast would be immediately apparent and could be discussed further, achieving greater

depth of knowledge.

Interviewing participants individually, while perhaps not as productive as a focus group

session, allows one to avoid common ‘pitfalls’ associated with the focus group technique.

Social loafing is a common phenomenon in focus groups wherein some subjects may fail to

answer questions or to simply agree with other participants without providing additional

perspective (Asbury, 1995; Piezon and Ferree, 2008). Likewise, interview-shy subjects can
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sometimes be present in focus groups, who may feel uncomfortable sharing personal infor-

mation in a group setting (Grbich, 1999). Being the sole subject in an interview can help

with these issues; they will be providing unique and unbiased perspectives of their experi-

ences which is uninfluenced by their cohorts’ opinions. The inherently more private setting

of a one-on-one interview will help participants share their experiences more freely, which

benefited the interview setting as the experience of amputation and rehabilitation can often

be a sensitive topic (Senra et al., 2012). Likewise in the case of the HCP demographic, some

may be more unwilling to divulge patient anecdotes or treatment procedures to their cohorts

than they would in a private setting. A further key element to address was that all individual

interviews were conducted over the telephone, which comes with its own unique advantages

and drawbacks. An obvious disadvantage is being unable to read facial expressions and

body language, which can help the interviewer understand the subtext of the participant’s

words more easily (Aquilino, 1994). On the other hand, by having an additional anonymous

barrier between the interviewer and the participant, the participant may feel more comfort-

able with sharing information with a person who cannot recognize them in a social setting

(Hopper, 1992), and some research suggests that the potential loss of data compared to a

face-to-face meeting is most often a negligible factor (Novick, 2008). Research has shown

that focus groups and one-on-one interviews can both be considered viable depending on

the research topic (Heary and Hennessy, 2012). It is beyond the the scope of this chapter

to analyse how these differing interview formats may have had a psychological influence on

the participants, at least at a level of detail relating to their given answers. Nonetheless it is

still worth acknowledging these differences as a potential confounding factor on the findings

of the study.

Interviews followed a semi-structured format lasting a length of approximately 45-60

minutes. A pre-determined list of questions was conceived prior to the interview but allowed

for branching and unscripted follow-up questions depending on the answers given by the

participants. The format of these questions is contained in Appendix A. All participants
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were further encouraged to ask follow-up questions when they felt it was appropriate, and in

the case of the Focus Group, were encouraged to also interact with each other by comparing

and sharing their experiences. Participants were informed of the general theme and structure

of the interview through a Participant Information Sheet ahead of time. All audio in the

interviews were captured with a digital voice recorder, and all participants explicitly gave

verbal consent to allow their audio to be used prior to the beginning of their interviews. The

audio of the sessions was later transcribed to a word processing document and analysed using

qualitative analysis software NVivo (QSR International, Melbourne, Australia) to identify

recurring themes in the responses given by the participants.

The findings are thematically split into 3 areas. The first topic tackles the characteristics

of the interviewed parties. The second topic is centred around rehabilitation: it looks at

how the HCPs structure their rehabilitation, and how the ILLAs experienced their own

rehabilitation. The third topic centres around an activity monitoring system and the outcome

measures that should be used in this system. The identities for both stakeholders are fully

anonymized, and so in this chapter, specific participants will be referred to using a simple

codename format: HCPs are all given a “HCP” prefix followed by a number (HCP1, HCP2

. . . HCP8). ILLAs use the same convention but use an “ILLA” prefix instead (ILLA1,

ILLA2 . . . ILLA6).

3.2 Findings and Interpretations

3.2.1 Participant demographics

In total, six ILLAs were interviewed. ILLA1 and ILLA2 were both interviewed individually

over the telephone, and ILLA3-ILLA6 were all simultaneously interviewed in a focus group

session. 5 of the ILLAs had unilateral amputation, and 1 (ILLA3) was a bilateral amputee.

5 amputations were at the transtibial level, and 1 (ILLA1) was at the transfemoral level.
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There were inarguably some location bias, as all 6 participants were recruited from the

greater Glasgow area, with 5 being recruited from the National Centre for Prosthetics and

Orthotics (NCPO).

All ILLAs had been discharged from their initial rehabilitation and utilized a prosthesis

as their primary means of ambulation. Their initial prosthesis fittings ranged between 1965

and 2017, and the demographic could be roughly split into 3 experienced ILLAs (ILLAs

that had worn a prosthesis for over 30 years) and 3 inexperienced ILLAs (worn a prosthesis

for less than five years). Four out of the six ILLAs had amputation in response to severe

leg trauma, while the other two were from vascular related diseases. Further details on

the condition surrounding the amputation were not pursued with the concern of making

participants uncomfortable about disclosing sensitive or traumatic memories, especially in

the focus group setting. Four of the ILLAs had retired, one was a mature student (ILLA3),

and the sixth amputee (ILLA4) was still in active employment as an engineer. Of the retired

ILLAs, one amputee (ILLA5) was an army veteran, one amputee was a tradesman (ILLA6)

who was forced to change their career to acting after the amputation, one was a nurse

(ILLA2), and the remaining amputee (ILLA1) did not specify their previous profession.

Eight HCPs were interviewed over the telephone. Two of the HCPs (HCP1 & HCP7)

were physiotherapists specialising in ILLAs, while the other six were a mixture of prosthetists

and prosthetist/orthotists. Ideally, there would have been more of the former group, as they

would be more knowledgeable about the outcome measures that are used to assess the

rehabilitation progress of their patients. Nonetheless, the prosthetists were still informed

of what their physiotherapist colleagues were doing due to amputee rehabilitation being a

multi-disciplinary effort. The HCPs’ years of experience ranged from 2.5 years up to 11

years in their current position. When asked about the “typical” kind of ILLA they worked

with, most of the HCPs worked with archetypal ILLAs, meaning patients were typically

middle-aged (50 years or older) and required unilateral amputations as a result of vascular

diseases (Ahmad et al., 2014). HCP6 was the exception, who primarily worked with younger
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bilateral amputees (specifying a mean age of around 40) who lost their limbs in military-

related traumatic incidents. The interviewed HCPs were located with more diversity than

the interviewed ILLAs, though still primarily located in Scotland: 3 HCPs (HCP3, HCP4,

HCP7) were based in the Greater Glasgow area, while other HCPs were based in Dundee,

Fife, and Edinburgh (HCP1, HCP2, HCP8). 2 HCPs (HCP5 and HCP6) were based in

separate clinics in the Netherlands.

3.2.2 Rehabilitation of Lower Limb Amputees

3.2.2.1 Rehabilitative Process Structure

All HCPs used face-to-face interactions in their rehabilitation sessions. HCP5 & 6 both

utilised phone calls only in situations where they had no contact with their patient in a long

time, or if a face-to-face meeting would not be possible. There was a clear preference among

all interviewed HCPs that any important information related to their patient’s rehabilitation

progress should be discussed face-to-face. The frequency of the rehabilitation sessions led

by the HCPs trended from high frequency (multiple times per week) in the initial stages

of rehabilitation (stages 1-6 of the rehabilitative process as described in Section 3.2.2.1), to

low frequency (several times per year) in the later stages of rehabilitation (stages 7-9 of the

rehabilitative process). All HCPs claimed to keep in contact with their clients post-discharge

for an indefinite period; HCP8 explained their “open-door policy”, stating that rehabilitation

was a lifelong process, and they were always welcome to return to a clinic if they are having

issues with their prosthesis.

In stark contrast, none of the ILLAs interviewed had an active, on-going relationship

with a HCP, which would have given some interesting insight into how their relationship

with the HCP developed long-term. When asked why they had lost touch with their HCP, a

common theme in the responses was that any contact would only be made in response to an

emergency, for example if there was an issue with their prosthesis. This finding from the ILLA
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interviews align with how the HCPs interacted with their clients post-discharge; all ILLAs

were involved with a HCP up to the point of being discharged from a rehabilitation centre

or hospital with a prosthesis, after which contact became minimal. The period in which the

ILLAs underwent rehabilitation ranged from several weeks to over 2 years, and there was a

variety of experiences – ILLA6 was only trained and monitored until they reached K1 levels of

amputation and could “barely walk”, while the veteran amputee with traumatic amputation

(ILLA5) had to undergo intensive rehabilitation until they were at K4 levels of ambulation

and were fit to serve in the armed services again. All interactions with their HCPs were held

in-person, which aligns with the methodology employed by the interviewed HCPs. Post-

discharge, few ILLAs sought further rehabilitation by taking up specialist exercise classes at

local community/charity centres, while others just tried to resume their daily lives to the

best of their ability.

When discussing the ILLAs’ overall thoughts and feelings on their rehabilitative progress,

the overall language and tone used was framed in a positive manner. There was a clear lack of

specificity when recalling their rehabilitation experiences, which was natural given that their

primary rehabilitation was often many years or even decades ago. When asked about what

parts of the rehabilitative process they felt were good, most framed the entire experience as

useful. In fact, all members of the focus group members described their rehabilitative process

as being “all essential”, though repeated use of the word “essential” may have resulted from

social loafing (Pandeirot and Aseng, 2017). One of the interviewed amputees, ILLA1, also

independently brought up the word “essential” to describe their rehabilitation. While the

tone conveyed by the ILLAs was mostly neutral, the veteran amputee (ILLA5) was notably

more enthusiastic about the experience than their other cohorts. Their rehabilitation was

much more intensive due to still being a member of the armed forces at the time. They

further highlighted that the rehabilitation sessions minimized their leg pain. When asked

about negative experiences, ILLA2 was the only participant to describe one, citing hospital

ward-based physiotherapy (therapy with a group of patients) as being unhelpful due to the
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large number of participants. Overall, there was a clear theme of respect towards their

rehabilitation programs, which appeared to stem from the ILLA’s trust in their HCPs.

Given that the rehabilitation of their clients is their profession, the language used by the

HCP when describing the rehabilitative process was unsurprisingly overwhelmingly positive.

It was made clear that the rehabilitative process was a multidisciplinary process, and the

HCPs all described their unique roles in the process in great detail. It was made clear that the

prosthetist HCPs were heavily involved in the earliest stages of the rehabilitative cycle, when

the patient is first receiving their prosthesis and afterwards their involvement is reduced, with

subsequent interactions mostly dependent on whether there were some prosthetic issues. The

physiotherapists generally became involved in the rehabilitation process once the patients

began gait training with their new prosthesis. All HCPs seemed satisfied with how often they

held sessions with their patients and increasing the frequency of post-discharge interactions

outside of emergency situations would not be feasible due to the number of clients they had.

3.2.2.2 Outcome Measurements in Rehabilitation

Given the lack of specificity regarding their rehabilitative experiences, the ILLAs had expect-

edly forgotten or were non-descriptive regarding how they were assessed during their early

stages of rehabilitation. It should be noted however, in the case of the long-time ILLAs,

their rehabilitative processes likely preceded widespread implementation of outcome mea-

sures; this is indicated by the tested outcome measures listed in Resnik and Borgia (2011),

where most outcome measurement tests were developed in the 1990s and 2000s, with no

guarantee of these outcome measures being implemented in Scottish healthcare immediately

following publication of the sources. No ILLAs were assessed via any kind of wearable sensors

(e.g a fitness tracker). The 2 Minute Walk Test, Timed Up-and-Go test and questionnaires

with unspecified titles were brought up in discussion. These remarks align with the research

carried out in Chapter 2.7, where it was found that functional assessments and subjective

questionnaires were far more common for use in outcome measures. ILLA5, the veteran
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amputee, was required to undergo additional fitness tests to be allowed back into the armed

forces, however these assessments were a one-time event with only a pass/fail threshold to

describe the outcome.

Likewise, assessments used by the HCPs was comprised of either functional/fitness tests,

or subjective questioning. HCP8 explained that asking how a patient "was getting on"

was often the extent of depth of their evaluation. HCP4 described their clinic providing

microprocessor knees to some patients, which contained embedded step counting. However,

the step count was only assessed for validity by the physiotherapists, meaning that they

were primarily concerned with the accuracy of the step count measurement, rather than the

quantities of the measurement itself. However, the physiotherapists were mainly concerned

with he accuracy of the step count, and did not use the measurements to evaluate their

client’s activity. Outcome measures played a key role in some clinical decisions: HCP8

described how they could use functional assessments to compare how a microprocessor-based

prosthetic knee operated in comparison to a hydraulic knee by giving them both knees for

six weeks and comparing the outcome measures at the end of those weeks. By extension, no

HCPs had used wearable sensors as an assessment. When asked why, the reasoning fell into

one of three categories: prosthetists would argue that due to their involvement only being

in the preliminary stages of rehabilitation, wearable sensor monitoring was not relevant to

their profession. Others stated that due to a lack of financial resources, the logistics of

implementation for wearable sensors were too demanding. The remaining groups simply

remarked that it was not something they had investigated. While the opinion on wearable

sensors was optimistic but cautionary, there was some criticism on the usage of wearable

sensors. HCP8 cited the consistency of the device’s placement on the body could be an issue

regarding accuracy and precision of measurements. Another issue discussed was how the

activity monitoring device could be manipulated by the patient (for example by shaking it),

thus requiring robust detection algorithms.
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3.2.2.3 Setting goals and providing feedback

With both parties, there were no mentions of providing formal exercise targets as a baseline

for improving the patient’s physical activity. Primarily, the goals set out by HCPs were

deliberately designed to be simple, often binary-based outcomes (was goal met or not) that

were mutually agreed upon by the HCP and their client. HCP6 for example explained their

goal setting was termed as “aspirations”, where the client was responsible for setting their

own goals, and the HCP would document whether they had met their aspirations over time.

HCP6’s clinic was responsible for the recuperation of younger traumatic ILLAs based in the

military, and so setting these goals would be vital if they intended to continue to serve. In

contrast, a handful of HCPs did not utilise goal setting of any kind. HCP2 outright stated

that it was impractical to try and set goals for their clients due to overseeing around 300

patients at a time. They further stated that in the past, they had tried to track rehabilitation

progress by sending out questionnaires, but the idea failed due to low response rates. When

feedback was provided by the HCP, the format of delivery was always primarily verbal,

with occasional use of videos or diagrams to assist or enhance the quality of the feedback.

Feedback was carried out with lay terms that the patient could understand, but not too

simple to the point of being patronizing. Medical jargon was only used when the patient

was an experienced amputee, had scientific knowledge or directly requested a more detailed

explanation.

As rehabilitation progress was often subjectively judged by the ILLA themselves, the

HCPs were asked whether they felt that their clients would overestimate their rehabilitation

progress. All HCPs agreed to an extent that exaggeration in self-report assessments was an

issue, though some found it less problematic than others; for instance, while HCP6 stated

that:

“(Exaggerating patients)... is always the biggest problem and challenge (in my

line of work)”
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HCP8 on the other hand remarked:

“. . . most of the time any lies would just be (the patient) being economical with

the truth.”

The motivations behind self-exaggeration of progress were also discussed, for instance HCP1

stated their patients may lie if they perceive the possibility of having to change prosthesis

or to lose certain kinds of benefits. They also stated that motivation and pride can be

underlying factors. HCP7 also mentioned the patient might not want to let their HCP

down and so may exaggerate to seek approval subconsciously. In retrospect, this could be

considered a leading question, as the framing of the question implied that the interviewer

was looking for specific examples of clients exaggerating or lying. A more balanced question

would be framed as “do you feel you can rely on your patients to tell the truth when it comes

to their rehabilitation progress?”

As the interviewed ILLAs did not have an active relationship with their HCP, the topic

of goal setting was not discussed in detail. Any guidelines or recommendations that were set

out for them during initial rehabilitation were simplistic, mirroring how the HCPs discussed

goals with their clients. One ILLA for instance was told to try doing several exercises to

lose weight. It was inquired whether the feedback received from their HCP was framed as

positive or constructive, and whether they felt that the type of feedback motivated them.

On reflection this question should have been targeted at the HCPs, as the effect of the

type of feedback may not have been made readily apparent to the ILLA. Regardless, 5 of

the interviewed ILLAs had only experienced positive feedback, while one ILLA received

constructive feedback regarding their balance. Similar to their general experience with the

rehabilitative process, all interviewed ILLAs found the way in which feedback was framed

and handled as informative and motivating.
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3.2.2.4 The Lower Limb Amputee Activity Profile

All ILLAs were assessed for their K-Levels of mobility, first by asking directly whether they

knew or by summarizing the descriptions of the K-Levels (Medicare, n.d.) (via (Balk et al.,

2018)), and asking which K-Level they thought was most relatable. As this was not carried

out by a professional, these rankings should not be taken as their official levels of mobility.

1 ILLA considered themselves at K4, 4 at K3 (including the bilateral amputee; ILLA3) and

1 at K2. One of the K3 level participants, ILLA5, would have been at K4 levels in the past

but due to their age had experienced natural degradation in mobility. ILLA1 likewise was

at K3 levels of mobility in the past, but due to a recent stump injury had been reduced to

K2.

The physical activity profile of an ILLA was obtained by asking about what activities they

currently carry out, as well as any activities they desired to carry out in a realistic scenario.

From the other perspective, the HCPs were asked about the kinds of activities their clients

would carry out on a regular basis, additionally inquiring whether these activities would be

carried out with or without a prosthesis. The frequency of activities that were included in

responses are illustrated in the word cloud diagram in Fig. 3.1.
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Figure 3.1 Word cloud of activities carried out by ILLAs

The frequency of the activity mentioned in dialogue corresponds to the size of the word, so

for example "walking" was the most frequently mentioned activity. The frequency of walking

in the word cloud was partially due to asking if participants went out on walks, as walking

may not be considered by some to not be vigorous enough to be a physical activity. “Slopes”

and “stairs” were also included if there were mentions of hill walking or moving about floors

in their home. Swimming also appeared very frequently, but this is primarily due to asking

HCPs about activities carried out without a prosthesis, for which swimming was a popular

answer. Only 1 ILLA (ILLA5) mentioned they performed swimming, and another ILLA

(ILLA1) desired to go swimming once their physical health had improved. Yoga and Pilates

were often mentioned regarding maintaining stump mobility. For certain activities, the

ILLAs were pressed to give more details about the activity regarding the frequency in which

they would perform it and the difficulty of subsequent performance. There were a variety of

descriptions relating to the frequency and difficulty of walking; some were happy to go out on

walks every day, while others only walked if they needed to. Some ILLAs could go up slopes

without difficulty, while others tended to avoid them where possible. Walking up a slope was
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generally considered more difficult to do than downslope, citing the design of their prosthesis

as a limiting factor on their mobility during these movements. All ILLAs could climb upstairs

without any considerable issue. On the other hand, downstairs movement was described as

dangerous by a few of the ILLAs because of the higher probability of falling and greater

risk of severe injury. The design of the stairs can also have an impact on whether the ILLA

decides to traverse them: narrow stairs with irregular step height would be avoided in favour

of wider steps with consistent step height where possible. When comparing between slopes

and stairs, the general sentiment was that there is no clear-cut answer which was harder to

traverse. Many factors such as step width, slope angle and uneven terrain can impact on

how difficult it is to traverse them. The ILLAs were further quizzed on how often they wore

their prosthesis, and whether they used mobility aids (for example, a wheelchair) in place of

traversing with the prosthesis. All ILLAs wore their prosthesis as much as they could when

traversing outside, and avoided using mobility aids unless completely necessary. All ILLAs

except ILLA1 were also comfortable wearing the prosthesis at home; ILLA1 explained they

felt more comfortable not wearing the prosthesis when sitting about. The others would only

doff the prosthesis for certain situations like bathing, sleeping or if they felt pain in their

skin around the area of the prosthesis.

A common sentiment among the ILLAs was that, while some wanted to get back to

the fitness levels they were at prior to their amputation, none were interested in exceeding

beyond those levels. The interviewed ILLAs, ILLA1 and ILLA2, both independently felt

dissatisfied at their current activity levels and explained that their comorbidities and the

pain associated with these comorbidities were the primary factor limiting them from being

more active. ILLA3 and ILLA4, who had both had their amputations within the last 5 years,

also expressed a genuine desire to improve their fitness levels. ILLA3, who had bilateral

amputation, had expressed that they wanted to start running 10k races again. On the other

hand, not all interviewed ILLAs seemed interested in improving their fitness. ILLA5, who

was retired, did not want, or simply could not get back to their prior fitness levels and
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seemed at peace with the reality of their situation. To compensate, they took up hobbies

that are less stressful to the legs and hips by going cycling or swimming. ILLA6, who was

also retired, seemed content with their hobbies (walking and playing darts) and expressly

mentioned they were satisfied with their current lifestyle.

3.2.3 Activity Monitoring

In the final section of the interviews, the topic of the questions deviated between the two

groups of participants. HCPs were asked about what they would ideally want from an

activity monitoring system. The ILLAs on the other hand were asked if they carried out some

activity monitoring for their own personal gain. They were also gauged for their technological

literacy to determine whether an activity monitoring system that was accessible to the ILLA

demographic could effectively be utilized and understood by them, for example through an

app or website.

HCPs were first asked what was important for wearable activity monitoring sensors in

terms of its physical factor. Most HCPs did not have a particular preference, but two

common qualities that were sought were that it should be tamper-proof (i.e a patient could

not “shake” the device to simulate activity) and that it should be easily securable yet also

easily accessible for recharging. Within the confines of a wearable sensor, the HCPs were

also asked what kinds of physical activity would be useful to monitor. This question was

similar, but slightly different to the question in the previous section where participants were

asked about the kinds of activities they carry out. Some of the included activities, like

amputee football, golfing, and darts, would not be possible to measure without a multitude

of wearable sensors (Nguyen et al., 2015), and the sheer diversity of these activities relative

to the number of ILLAs actively participating in them would not make them practical to

monitor within the confines of the thesis. Thus, this question gives a more realistic take on

the practical useful outcome measures that an HCP could utilise to monitor their client’s

44



activity. The results of this question are visually represented in another word cloud diagram

in Fig. 3.2.

Figure 3.2 Word cloud of activities that are desirable as an outcome measure for
the purposes of assessing ILLA patient physical health

Step count of slopes and stairs were some of the most desired outcome measures. Other

desirable measurements were the ability to assess how long an ILLA wore their prosthesis

(the “wear time”), how fast the ILLA walked with a prosthesis and for how long could they

maintain that speed, how much time they were spending indoors as opposed to outdoors,

and whether they could walk on varied terrain like uneven grounds or over the camber of a

road. HCP4 gave valuable insight regarding the outcome measures that they could utilize

in an activity monitoring system:

“It is important that an amputee is capable of taking their prosthesis for a walk

upstairs or downstairs, on uneven ground, and outside when it is raining, and

the ground is slippery. But the amputee might never bother going outside when

it is raining, so they just never run into any issues with their prosthesis and will

not rate their prosthesis experience as problematic, and so the problem is that
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they just do not do any activity beyond basic home ambulation and are not giving

a proper assessment of their prosthesis. Another issue is that some amputees

can develop workarounds to doing certain tasks, for example going downhill they

might move sideways. While they are not walking correctly, because they are

doing the task, they might see themselves as not having issues with it, and we

have no way of knowing whether they’re doing that or not.”

By being able to provide a method of recognizing a physical activity, a wearable sensor can

address these concerns put forward by HCP4. Notably, if an ILLA traversed hills in an

unusual manner like the quote describes, they would likely not be recognized by an activity

monitoring system. This could then lead to the HCP and their client discussing how they

are moving during a downhill segment.

An important component of an activity monitoring system is how the information is

related back to the client, in this case the ILLA. While it was made clear that face-to-face

feedback was the preferred form of communication for the HCP, some conceded that being

able to relay simple and short messages through a mobile app or text could help supplement

their existing systems. Likewise, the majority of the ILLAs were open to the idea of receiving

feedback through texts or an app. HCPs were further asked, if the activity monitoring system

were providing feedback remotely, what would be the recommended period between feedback

sessions. There were lots of differing opinions, but the apparent general consensus was that

any kind of feedback should be spaced at least a week apart, with some recommending

months or even annual periods of feedback.

The interviewed ILLAs were asked how comfortable they were with operating certain

kinds of technology, the specific technologies mentioned were laptops, personal computers,

phones, tablets, smartwatches, and fitness trackers. Most were comfortable with operating

the devices that were described, which aligns with research that has shown an increased

uptake in technology with older adults (Mitzner et al., 2019). Only one amputee was un-
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comfortable with a using a smartphone or tablet and another was uncomfortable with using

a personal computer, while the remainder were very comfortable using both devices. Two

ILLAs used a fitness tracker (in the form of a smart watch) to monitor their fitness. In

contrast, when asked whether their patients could use PCs/Laptops and other kinds of tech-

nological devices, the HCPs were either unsure or believed most of their clients would not be

able to operate them well. Regardless, most HCPs conceded that there were an increasing

number of their elderly patients who could operate a mobile phone.

3.3 Recommendations and Suggestions

3.3.1 Intended Audience and Usage for an Activity Monitoring

System

From the discussions with both parties, it seemed clear that a novel activity monitoring

system would be best suited at targeting the HCP demographic as the primary user of

the system, through which they would be able to monitor their clients. Specifically, the

system would benefit physiotherapists whose primary interest will be in keeping their patients

physically active and healthy and may be especially useful for monitoring older dysvascular-

origin amputees who may not have a strong drive to improve on their fitness compared to

younger and traumatic-origin amputees. The information relayed by the physiotherapists

could help inform the prosthetists on certain clinical decisions, for example, if a certain group

of patients with one prosthetic fitting had significantly lower activity levels than another

group with a different prosthetic fitting, that could indicate an issue with that prosthetic

component. All the HCPs concur to an extent that they do not have a way of truly knowing

how active their patients are, and some of them directly mention how the use of activity

monitoring outcomes could be beneficial to them. HCP3 stated:

"If they have (physical activity) data to back up their claims that would be very
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helpful as we would be able to see if they’re lying or not without having to be

accusatory."

One of the physiotherapists, HCP1, further added:

“With this activity monitoring system, I like the idea of being able to view the

data and being able to do something with it. So, for example if I can see the

person is being inactive, I can call them in and do something about it or refer

them to a gym where they can do that activity. If a patient were claiming to be

very physically active and were ready to be discharged from myself, I could view

their data and see whether they were actually doing it.“

From this interview project, it is clear there is a genuine interest from HCPs to implement an

activity monitoring system into their line of work. Although there is some potential in the

future to provide an outlet through which the patient could additionally interact with the

data (e.g through a mobile or web application), a novel activity monitoring system would

be unlikely to be utilised by the average patient; though the majority of the interviewed

ILLAs had an active lifestyle as described in Section 3.2.2.4, and claimed no issue with

handling smart devices as described at the end of Section 3.2.3, they further went on to

show a lack of interest in having their activity monitored, and the two participants who were

interested (ILLA3 and ILLA4) already monitored their activity using a smartwatch. HCP8

succinctly described the dilemma of trying to create an activity monitoring system that

targeted patients as the end-user; an app directly designed for an ILLA would not be very

useful for the general population of ILLAs, who are primarily elderly seniors with dysvascular

disease background, and will be unlikely to have a desire to track their own activity. On the

other hand, the younger ILLAs who might have an interest in monitoring their health, would

probably already be using an app or a fitness tracker. Referring to Section 3.2.2.1, it was

found that all interviewed ILLAs did not have an active relationship with their healthcare

professionals. This is a significant finding because it means that, once the ILLA has been
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discharged from their initial rehabilitation setting (e.g a hospital or a clinic), their contact

frequency reduces significantly over time. If the activity monitoring system uses a wearable

device, these devices may end up being forgotten or lost. Thus, taking these arguments into

consideration, the framework should not be designed to target experienced amputees due

to a combination of a predicted lack of interest and practical limitations of communicating

monitoring data from patient to HCP (or vice versa) when interactions between the two

parties exceed several months.

A key finding from Section 3.2.2.1 was that most ILLAs did not feel like their rehabilita-

tion sessions could have been improved. When asked how their rehabilitation sessions in the

past could have been improved, none of the ILLAs could come up with any ideas. ILLA2

added that:

"to be honest I don’t like the idea of telling (their physiotherapist) how to do their

job better."

If these findings are generalizable to the sentiments of the ILLA population, then ILLAs

could see the methodology set out by their HCPs as being integral to their own rehabilitation

progress, and so if a HCP were to suggest to a client that they could monitor their activity

with an activity monitoring system, there is a reasonable chance the ILLA will abide by

these suggestions if they trust their HCP. Taking the findings from Section 3.2.2.1 into

account, the ideal use for an activity monitoring system appears to be when ILLAs are in

the earliest stages of their rehabilitation. At this stage, the healthcare professional maintains

a close relationship with their ILLA, meeting with them sometimes several times in a week.

The activity monitoring system could be introduced at this stage, and as Section 3.2.2.1

infers, most ILLAs will see this as an essential part of their rehabilitation. This could also

allow the HCP and their ILLA to maintain a more proactive relationship once the ILLA

has been discharged from the hospital or rehabilitation centre, as they would have more

interactions through discussing the findings from the system. If the system were targeted at
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discharged ILLAs who have spent months or even years without interacting with their HCP,

the reception would likely be much more negative as it would be forcing them to maintain

or rekindle a correspondence, which they may not want to have.

3.3.2 Key Activity Monitoring Outcomes

The key activity monitoring outcomes from the word cloud diagram in Fig. 3.2 were the

outcomes that could be optimistically collected from a wearable sensor. While ILLAs can

choose to perform activities that do not require a prosthetic leg, such as wheelchair sports,

given that prosthetists were one of the stakeholders of the research outcomes, the author de-

cided to focus on monitoring activities where use of a prosthesis would generally be required.

As the research progressed, there were limitations rooted in the chosen activity monitoring

sensor (the process of selecting an appropriate sensor is discussed in Chapter 4.3.3) as well as

some practical study limitations that prevented the monitoring of all outcomes listed in the

diagram. This is discussed further in Chapter 5.9.2. Future studies with different monitoring

sensors and less restrictive ethical limitations could theoretically measure more - if not all

- of the activity outcomes shown in Fig. 3.2. Additionally, some activities from the first

word cloud (Fig. 3.1) could also be collected in the future – specifically, those with repeti-

tive and homogeneous motions such as operating a rowing machine or doing yoga exercises

could theoretically be programmed to be recognizable in an activity monitoring system. The

collection of such activities however is outside the scope of the thesis.

3.3.3 Comparisons with Similar Research

The findings of this study are supported by other investigations in the field of research,

who have employed larger scale focus groups with higher numbers of participants and more

diverse healthcare professional backgrounds. Klute et al. (2009) conducted focus groups

with ILLAs, clinicians, researchers, and prosthetic device manufacturers to understand the

50



primary needs of ILLAs. One of the key findings was that there was a need to implement

“remote monitoring systems” to improve on the standards of care. Their methodology in

terms of how the focus group was conducted was also notable; they held an initial session

which consisted of all stakeholders in a single focus group, where they identified the desires

from each group relating to their technical goals, how each group communicated with each

other, how they would learn from each other, and how the healthcare of the ILLAs should be

handled. They then held separate sessions with each group individually where they would

discuss in a workshop-type format how they could come up with some solutions to their key

needs. In this research, if it were possible to combine the two groups in a single session, it is

likely the discussion sessions would have been more productive. To give a specific example,

it would have been interesting for the prosthetists and physiotherapists to learn why the

majority of the interviewed ILLAs no longer received physical therapy or contact from their

own HCPs, which could have led to some discussion on how their relationship could be

maintained for a longer period. A noteworthy point of discussion in Klute et al. (2009)’s work

is that when discussing a remote sensing platform, they include a shared number of concerns

for its implementation, that being the ethical concerns of sharing data with HCPs and how

the system would be automated regarding data being sent to the healthcare providers. These

ethical concerns are addressed in more detail in Chapter 9. They also expressed similar

concerns about the physical form of the wearable device, citing the reliability and power

requirements as two particularly important issues. These issues are discussed further when

describing the wearable sensor selection process in Chapter 5. Dekker et al. (2018) conducted

a focus group study on the needs of ILLAs via focus group sessions held with HCPs, and

likewise concluded that there should be improved remote monitoring of ILLAs, especially

younger dysvascular-origin amputees, in the early stages of rehabilitation. Unfortunately,

neither Klute et al. (2009) or Dekker et al. (2018), nor any other focus group study to the

author’s knowledge have specifically targeted interviewing ILLAs in the early stages of post-

amputation rehabilitation regarding which specific physical activities are carried out or are
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desired to be carried out by the demographic. Watters and Deans (2015) discussed activity

and barriers to physical activity in an ILLA focus group but did not specify the experience

of the ILLA group. Fogelberg et al. (2016) discussed physical activities carried out with

prosthetic foot users but excluded potential participators if they had K1 levels of mobility.

Van Den Akker et al. (2020) interviewed wheelchair users, of whom several of which had

lower limb amputation. However, none of the interviewed ILLAs mentioned a desire to use

a prosthesis or other upright walking aids. Whether this was due to a lack of functional or

voluntary capability was unclear, but as the primary focus of the study was on people with

spinal cord injuries, this would indicate it is the former. All ILLA volunteers in the focus

group of Day, Wadey, and Strike (2019), who discussed the daily challenges of performing

physical activity had at least one year of experience post-amputation.

By widening the scope of research to include focus group studies of physically vulnerable

populations (including ILLAs), there have been calls by these studies for the adoption of

activity monitoring systems in clinical care; Wu et al. (2019) used focus group sessions

to assess the practical feasibility of activity monitoring patients with Gastric cancer by

tracking their activity with a mobile health application and monitoring to see if they utilised

the application. Although the overall period of monitoring was short (1 month maximum),

86% of all participants used the device for all 4 weeks, indicating viability of an activity

monitoring systems for short to mid-term durations. Kononova et al. (2019) likewise found

in their activity monitoring focus groups that there was potential to promote physical activity

in elderly populations and explained that providing social support and motivation from the

HCP was key to ensuring that engagement would be maintained in the long term.

3.3.4 Study Limitations

The lack of volunteers for both for the ILLA and HCP demographics limited the gener-

alizability of the findings. In the future, follow-up focus group studies should discuss the
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conceptual activity monitoring system developed in this thesis to confirm whether there is

a genuine need and desire for the system in a clinical setting. This will require targeting

much greater volumes of volunteers from both demographics. As mentioned, there was some

location bias in the ILLA demographic, which could have been mitigated by increasing the

scope of recruitment outside of Glasgow. By providing reward incentives, it may have been

possible to entice lesser physically active ILLAs and gain a more diverse outlook on expe-

riences. There were considerably fewer recruitment limitations in the HCP demographic,

however it would have been beneficial to have recruited other stakeholders whose profession

closely relates to this research, such as occupational therapists, surgeons, gait analysts and

other researchers (Dekker et al., 2018).

A key issue to address regarding the focus group was that all the ILLA participants were

already involved in volunteering at the NCPO to assist with student prosthetist training

sessions, and the focus group was carried out in conjunction with one of these sessions. This

highlights a strong case of volunteering bias; these participants were willing to take part in

hour-long volunteering sessions, which implies that they are all physically fit to a large degree

relative to their condition and were all active community participators. Had participants

included ILLAs in the early stages of rehabilitation or those with adverse comorbidities (for

example, obesity or Chronic Obstructive Pulmonary Disease), the desire to improve or even

maintain a regular level of fitness may not have been as prevalent. Similarly, all interviewed

ILLAs preferred ambulation with prosthesis over the use of walking aids or wheelchairs, but

this may not be case for ILLAs in the early stages of rehabilitation, who may not have as

much confidence with their prosthesis. Being part of a series of volunteering sessions meant

that the volunteers were, at the very least, all acquainted with each other, and this would

have impacted positively on the focus group’s social dynamics: it is likely the case that the

volunteers felt more inclined to share information with people they were familiar with.

The interview and focus group sessions were also generally limited by the inexperience

of the interviewer; it was their first time conducting these sessions in a formal context. In
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the focus group session, they had likely missed out on some key facial expressions and body

language which could have given more insight into their true feelings. Future interview

sessions should use an assistant to note down any distinct facial expressions or use a video

recording so that visual information could be retroactively reviewed. The focus group session

and some of the interviews were also held at the end of the working day, and so the interviewer

occasionally felt pressure to press through the questions without expanding on some answers

so that their participants were not fatigued. Conducting these sessions during the day, while

providing refreshments where possible, would have helped improve the productivity of these

sessions.

3.3.5 Summary & Implications of the Interviews

From a qualitative analysis of the series of interviews that were carried out, the following

interpretations relating to the research were made:

• Physical activity monitoring is not currently employed in clinical practices, at least in

terms of application of clinical evaluation of ILLAs.

– The barriers to implementation include lack of resources, failed attempts in the

past (e.g through mail-out questionnaires) and concerns of validity of measuring

devices

• All interviewed HCPs expressed some interest in capability of employing physical ac-

tivity monitoring in their profession

• The interviewed ILLAs did not keep in touch with their HCPs outside of emergencies,

indicating that physical activity monitoring for the purpose of clinical evaluation only

has practical use in the early stages of the ILLA’s prosthetic rehabilitation, likely in

the prosthetic training phase.
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– Though some of the interviewed ILLAs used some form of activity tracking (e.g

through a smartwatch), they did so after their prosthetic training was complete

and no longer kept in regular contact with their HCPs.

• The interviewed ILLAs were positive about their experiences in the early stages of

prosthetic rehabilitation, understanding that the treatment and advice given by their

HCP was vital in accelerating the rehabilitative process, thereby indicating that em-

ployment of physical activity monitoring during the prosthetic training stage would be

met positively

• From a discussion of the activities with ILLAs and HCP perspectives, a collection of

physical activities performed by ILLAs were established. Through further discussion

of activities that would be beneficial to evaluate in an activity monitoring system for

HCPs, a list of clinically relevant outcome measures were established.

– These outcome measures were: stepping activity on slopes, stairs, camber (of a

road), uneven terrain, and indoor/outdoor stepping, as well as prosthetic wear,

cadence variations, walking speed variations and going cycling.

Modern day healthcare of ILLAs still has a long way to go before an activity monitoring

system can be implemented into current healthcare plans, which has been evidenced in this

Chapter. The literature review by Chadwell et al. (2020) of monitoring technology for lower

and upper limb prosthetic use supports this argument; in many countries, remote prosthetic

monitoring technology is often expensive, has low availability and limited battery life. It

is beyond the scope of the thesis to tackle the socioeconomic barriers that are throttling

its implementation. Instead, the research will focus on how the clinically relevant outcome

measures identified in this review can be recognized through sensory detection, while also

aiming to tackle the barriers to prosthetic monitoring identified in Chadwell et al. (2020).

These clinical outcome measures will them form the basis of a clinical activity monitoring
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system, the framework of which is proposed in Chapter 9 following an evaluation of the

reliability of the outcome measurements in Chapters 5 - 8.

With a list of clinical outcome measures of physical activity established, the next stage

was to establish a process of measuring these activities. From Chapter 2, it was determined

that subjective evaluation of physical activity, i.e through questionnaires, is an unreliable

method. Affordable commercial fitness tracking devices like the FitBit® offer limited ca-

pacity to monitor more detailed stepping activity, like measuring going up flights of stairs

(Fitbit, n.d.[a]), however these measurements have not been validated for their accuracy,

nor can they track downstairs movement. State-of-the-art fitness trackers like the Polar

Grit X (Polar Electro, Zug, Switzerland) can monitor changes in altitude while walking with

reportedly good accuracy (Polar-Electro, n.d.; DC-Rainmaker, n.d.), but relies on Global

Positioning System (GPS) co-ordinates (thereby cannot track indoor activity) and its ex-

pensive MSRP would inhibit implementation in clinical settings. These findings show that

no single device can measure the desired activity monitoring outcomes purely by extracting

information processed from the device. Therefore, it is essential to develop a new algorithm

from a sensory device that can acquire these outcomes. It would be extremely difficult to

create a purely logic-based algorithm to capture these different kinds of activities; it would

require a vast understanding of how the sensory parameters change with the different types

of outcomes, and would also need to be generalizable to ILLAs with varying levels of am-

putation and mobility. The most practical solution to creating an algorithm is to employ

artificial intelligence. Artificial intelligence, in the context of detecting activities carried

out by people (including ILLAs) is known as Human Activity Recognition (HAR). HAR is

the process of creating an automated system that can detect activities carried out by an

individual or group of individuals. A review of modern advancements in HAR is discussed

in Chapter 4, and through the review a novel HAR study of ILLA activity monitoring is

proposed that captures the clinical activity monitoring outcomes discussed in this chapter.
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3.4 Chapter Conclusion

This chapter has demonstrated the key qualities that would be sought in an activity monitor-

ing system for ILLAs. Primarily, the important activity monitoring outcome measurements

have been identified and the stage in the rehabilitation process for which this system would

be at its most effective was also deduced. To capture the identified activities in a reliable

manner, it was determined that no current off-the-shelf activity monitoring system was val-

idated to, or capable of, capturing the identified measuring outcomes, and a new activity

monitoring system would need to be designed. This was achieved through the application

of machine learning and human activity recognition, which is discussed more in the next

chapter.
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Chapter Four

Building Towards a Novel Solution: A

Review of Human Activity

Recognition

4.1 Introduction

In Chapter 3’s concluding pages, it was established that machine learning would be required

in order to reliably recognize the desirable activity monitoring outcomes for a clinical ac-

tivity monitoring system for ILLAs. The aims of this chapter are twofold. Primarily, the

chapter will give a detailed review of how machine learning is applied for the purposes of

HAR. Secondly, the chapter will summarize the review of the choices that can be made in

machine learning and based upon the established literature and the findings of the inter-

views from Chapter 3, model a novel HAR study for ILLAs. Should the HAR system be

validated with high accuracy, precision, and recall, the work could form the basis of a clinical

activity monitoring system and be implemented into a framework to facilitate the prosthetic

rehabilitation of newly-amputated individuals.
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4.1.1 Establishing the Review scope

Machine learning is an adaptable and versatile tools in modern day data sciences. It is a

branch of artificial intelligence, where a computing system ‘learns’ how to make predictions on

future events by being ‘trained’ by data from past events. A common example of application

of machine learning in ILLA rehabilitation is fall detection, which can be a serious risk for

elderly ILLAs (Daines et al., 2021; Engenheiro et al., 2020; Shawen et al., 2017). However as

an ILLA falling is not conducive to the rehabilitation of the ILLA, it is not within the scope

of this review to discuss fall detection in great detail, although some of the included papers

in this review have analysed fall detection as a secondary outcome. Additionally, collecting

data on fallers would not have been practical given the limitations of the data collection

process as discussed in Section 4.3.2.

Recognition of HAR can be divided into two broad categories: high-level and low-level

activities (Khowaja, Yahya, and Lee, 2020). A "low-level" activity is a simple action, usually

repetitive in nature and generally immutable - that is, changing how the activity is performed

would change the definition of the activity. These include activities like walking, cycling,

running and stretches. A "high-level" activity is generally comprised of a sequence of low-level

activities, and unlike with low-level activities there are numerous ways in which a high-level

activity can be performed. Such activities include cooking, cleaning, brushing teeth and

sports activities. As the activity monitoring outcomes identified in Chapter 3 are exclusively

low-level activities, they are the focus of the review, although some of the articles included

in this review have partially incorporated high-level activity recognition.

In regard to the sensory deployment used in HAR, the scope of the review is limited

exclusively to wearable sensors, meaning sensors that are attached or worn by the subject.

The two other typical modes of sensory deployment are on-object sensors and video monitor-

ing. On-object sensors refer to any sensors that are embedded into everyday objects, where

interaction with said objects triggers detection of a physical activity. On-object sensors
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can contain accelerometers, thermometers, barometers, magnetometers, GPS and Radio-

frequency Identification (RFID) readings. Relating to the clinical outcomes discussed in

Chapter 3, on-object sensors would have been impractical to deploy regarding monitoring of

walking activities. In a study by Logan et al. (2007) which used over 900 on-object sensors, it

was found there were high maintenance costs and significant problems with data asynchrony,

which would suggest that there are practical limitations to the number of sensors that can

be used. In video monitoring HAR, images from camera feeds can use properties in pixel

intensities to gather machine learning features and allow machine learning algorithms to

process human activities, even in real time (Htike et al., 2014; Leo, D’Orazio, and Spagnolo,

2004; Lin et al., 2008; Robertson and Reid, 2006). Once again regarding clinical activity

monitoring outcomes, the deployment of cameras for video monitoring of walking activities

would not have been practical; in the context of clinical applications, deployment of the

systems e.g for at-home monitoring would have serious ethical considerations for the privacy

of the individual.

Finally, due to the general lack of HAR studies specific to the ILLA populations, the

scope of the review is widened to include HAR studies of the general population as the

target audience, as it should be considered that the machine learning techniques used will

be fundamentally similar.

4.2 Part I: The Machine Learning Process for HAR

Activity data in the form of sensor information is initially acquired either first hand or

through a pre-existing dataset. From the sensors data, a set list of properties, known as

‘features’, are calculated, which will then be fed to a machine learning classifier to establish

a mapping function, which determines in a systematic fashion how an unknown point of data

is associated with a ’class’; in this context, a class generally means an activity carried out

by an individual. The overall performance of the classifier is assessed through validation,
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which typically involves splitting the data into ‘training’ and testing’ partitions. The trained

partition trains the machine learning classifier with ‘known’ data, as in the data whose labels

or class membership are known. The trained classifier will then predict the class of the testing

data, which can be compared to the ground-truth to assess whether it has made the correct

prediction.

One of the main challenges of HAR is that each step in the classification process involves

making choices which can greatly impact on the performance of the machine learning system.

The first part of this chapter will look at these steps and the choices made in these steps

in greater depth. It should be noted that the chapter does not discuss several design steps

which are very common in the HAR process: namely, the data annotation process, pre-

processing techniques, and segmentation of the data into discrete samples. Because the

suitability of these processes will change depending on the activity monitoring set-up, they

are discussed further in Chapter 5 following the establishment of core methodology of the

activity monitoring study in this chapter.

4.2.1 Data Sources

4.2.1.1 Public Datasets

Data collection is, by and large, an expensive and time-consuming endeavour. By using

publicly available datasets, the researcher can cut down on a considerable amount of time

and money expended on research. Additionally, machine learning studies that use the same

dataset can be conveniently compared for differences in machine learning techniques. These

pre-existing datasets and the research papers associated with them provide a solid foundation

on which future machine learning studies can compare, contrast, and improve. The UCI

repository contains a wealth of human activity recognition datasets that have formed the

basis of many machine learning investigations (UC-Irvine, n.d.).

Demrozi et al. (2020)’s survey on sensors used in HAR provides an up-to-date, compre-
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hensive list of datasets used in HAR; 30 publically available, 112 under restricted access.

To summarize their key findings: all datasets used inertial sensors. All datasets used an ac-

celerometer, occasionally accompanied by a gyroscope and less frequently a magnetometer.

The number of participants in HAR datasets varied from 563 participants in the WISDM v2

dataset to one participant in the Skoda dataset (Kwapisz, Weiss, and Moore, 2011; Zappi

et al., 2007). Datasets observed an average of 12 activities. In the majority of datasets,

the activities monitored included “low-level” activities. When research prioritizes the gen-

eral applicability of a machine learning technique (for example, testing a novel classifier),

datasets provide a simple and effective method of applying that technique in a wide variety

of scenarios.

4.2.1.2 Data Collection

A standard method of obtaining first-hand data for HAR is controlled data collection. The

participant will be placed in a constrained environment under supervision of the research

team and instructed to carry out sequences of physical activities while their movements are

captured by sensors. This approach gives the researcher the maximum amount of control

over their environment and usually makes the data annotation process straightforward. Due

to its consistency and reliability, many controlled data collection investigations have led to

publicly available datasets; over 75% of datasets in Demrozi et al. (2020) were carried out in

controlled environments. The drawback of this approach is that the collected data may not

generalize to activities carried out in real-life conditions. In fact, machine learning algorithms

that have been trained on lab-based datasets are at risk of performing poorly when applied

to naturalistic conditions (Schrader et al., 2020).

In naturalistic data collection, the subject performs physical activities in unconstrained

environments or free-living conditions (e.g their home, a park, community centres, gyms etc.)

with or without direct observation from the researcher team. While this approach can be seen

as the most realistic method of activity collection, naturalistic data collection comes with
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significant caveats. Manual annotation becomes a difficult task when activities can transition

erratically and ambiguously. The ground truth must come either through the researcher’s

observation of activities, self-annotation methods (e.g an activity diary) or video recordings

(Aloulou et al., 2017; Bao and Intille, 2004; Zhao et al., 2013). Each method of validation

has its own flaws: observation of activities by the researcher is not practical during long

term monitoring and scales poorly in large populations, self-annotation techniques can be

unreliable, and video recording is limited by the number of cameras available, their battery

life. Video recording further risks obfuscation of the camera lens (Woznowski et al., 2016).

Due to their price, camera recording also scales poorly as a validation technique with large

numbers of participants. Additionally, without observation and feedback from a researcher,

the participant is at risk of being interrupted or distracted from the task at hand, reducing

the volume of viable data.

4.2.2 Sensor Configuration

If the data is being collected first-hand, the next step in the decision process is to determine

which sensors are needed, and where they should be placed. Even when the data is being

obtained from a dataset, the information regarding the sensors play a key role in deciding

the appropriate feature selection and classification techniques, as the type of sensors and

their subsequent placements can have significant influence on the data.

Broadly speaking, a physical activity will produce some change in the monitoring sensor’s

values. This sensory data can then be passed to a processor, which will use algorithms to

translate the change in sensory values to a detection of some form of physical activity.

The advantage of adopting sensor-based monitoring is that quantitative data is inherently

generated from the process, which means that the end user (e.g the clinician and/or their

client) have a means of tracking physical activities over time. The evaluation also does

not have to rely on the ILLA’s memory or biases, which can easily influence outcomes in
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subjective based monitoring. This does not mean however, that sensor-based monitoring of

physical activities is functionally perfect and come with their own set of unique limitations.

This section will review the types of wearable sensors that are used in HAR studies.

4.2.2.1 Sensor Modality

All HAR studies use some combination of sensors in order to achieve their objective, therefore

the choice of sensor is often the most important stage in the entire design process. Common

types of sensors that are used in HAR are discussed in this section. In relation to wearable

sensors, there is some additional discussion on the importance of their placement on the

human body.

4.2.2.1.1 Mechanical Sensors Mechanical sensors detect some form of mechanical de-

formation (as generated by human motion) and translate the deformation into an electrical

signal. Of all mechanical sensors (and wearable sensors in general), accelerometers are the

most abundant method of measuring objective physical activity counts (Demrozi et al.,

2020). When the human body produces movement in proximity to the accelerometer, this

generates a force on the proof mass which generates a change in electrical signal through

a key mechanism: usually a piezoelectric/piezoresistive effect or a change in capacitance,

depending on the design.

Accelerometers are an extremely popular sensing modality for HAR applications. Khan,

Lee, and Kim (2008) created an algorithm using only a single chest worn tri-axial accelerome-

ter and was able to achieve near-perfect recognition accuracy (99% on all counts) to recognize

walking, sitting, standing, and lying. In Chen and Xue (2015), an algorithm with a single

smartphone sensor was able to distinguish 8 activities1 with an average accuracy of 93.8%.

When the accelerometer is the chosen sensor for HAR, some further considerations to the
1Activities monitored: falling, jumping, running, walking, step walking, walking quickly, downstairs,

upstairs

64



specific make of sensor must be made; Analogue to Digital (ADC) resolution in the ac-

celerometer for example, is often an overlooked aspect in accelerometer choice (Twomey et

al., 2018). Higher ADC resolution could lead to improved HAR performance, but at the cost

of dramatically reduced battery life which is unsuited for long-term monitoring. Khan et al.

(2016) discusses how accelerometer frequency should be optimized for HAR. They argue that,

although most human activities do not exceed 10Hz, sampling frequencies should exceed the

Nyquist 20Hz regardless. They explain that this is due to the lack of recurrence in accelerom-

etery signals which can make signals appear different at higher sampling frequencies. While

this would indicate higher frequency sampling is superior, much like ADC resolution, there

will be a trade-off in HAR performance and longevity of the sensing platform. Although the

choice of sampling frequency is problem-dependent, Khan et al. (2016) demonstrates that

the best frequency will likely range somewhere between 20 and 45Hz. Alongside accelerome-

ters, gyroscopes and magnetometers are utilised as complementary sensors. A common term

for the fusion of an accelerometer and a gyroscope is the Inertial Measurement Unit (IMU),

which monitors changes in motion with six degrees of freedom. This can be further combined

with a magnetometer to measure three additional degrees of freedom.

The function of a gyroscope is to measure the angular rotation rate around an axis, which

can be further applied to estimate the pitch angle (Sabatini et al., 2005), though this is also

achievable with just an accelerometer (Pedley, 2013). When combined with the accelerom-

eter, the IMU can detect both linear and rotational information. Successful applications

of an IMU in activity monitoring include detecting 19 different exercises2 and detecting

the transition between poses in a yoga movement, both with reliable accuracy (Altun and
2Activities monitored: sitting, standing, lying down on back and on right side,ascending and descending

stairs, standing in an elevator still, moving around in an elevator, walking in a parking lot, walking on a

treadmill with a speed of 4 km/hr (in flat and 15◦ inclined positions), running on a treadmill with a speed

of 8 km/hr, exercising on a stepper, exercising on a cross trainer, cycling on an exercise bike in horizontal

and vertical positions, rowing, jumping, playing basketball
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Barshan, 2010; Omkar, Mour, and Das, 2009). Unfortunately, gyroscope drift is a common

phenomenon in gyroscopic sensors generated from bias instabilities and angular random walk

which, due to integration factors, can produce large reading errors over long periods of time

(Beavers, 2017; Yi Wang and Yun Meng, 2017), though this can be corrected with readings

from the accelerometer (Li et al., 2019). Magnetometers measure relative changes in mag-

netic fields. Their insensitivity to acceleration makes magnetometers suitable for measuring

orientation in human activity monitoring (Lee et al., 2016). Combined with accelerometers

and gyroscopes, this gives an IMU 9 degrees of freedom. In the activity monitoring research

field, magnetic induction based wireless systems have been used to successfully recognize a

wide range of activities, whilst reducing power consumption compared other wireless network

systems (Golestani and Moghaddam, 2020). On the other hand, magnetometer readings can

easily be interfered by external magnetic sources (Wu et al., 2018). Introducing a Kalman

filter can help to mitigate this interference (Beravs et al., 2014), as well as correct for gyro-

scope drift (Zhu and Zhou, 2004), however the technique becomes ineffective with prolonged

magnetic interference and incurs additional financial, power and processing costs (Frick,

2015).

4.2.2.1.2 Physiological Sensors Physiological sensors use signals emanating from the

human body, such as heart rate, respiratory circulation, or Electroencephalography signals

to determine if the individual has undergone physical activity. For example, the SenseWear®

Armband (BodyMedia, PA, USA) is a physiological sensor that measures the energy expen-

diture of the user from a multisensory array based on tri-axial accelerations, temperature,

skin flux and galvanic skin response (English et al., 2016). Electromyography (EMG) signals

have been used in studies to accurately classify precise human movements (Biagetti et al.,

2018; Liu and Schultz, 2019; Zhang, Ling, and Li, 2019). Physiological sensors are used less

as the primary measurement of activity compared to accelerometer-based signals and are

more often used as a supplement (Chen et al., 2012; Qi et al., 2018). When EMG signals are
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utilized, they either have poor recognition performance or do not improve accuracy when

fused with accelerometer data (Abdallah, Abdulsadig, and Amien, 2019; Biagetti et al.,

2018). Heart rate signals likewise appear to have negligible impact on HAR performance

when fused with accelerometer data (Balli, Sağbaş, and Peker, 2019).

4.2.2.1.3 Environmental Sensors Environmental sensors typically do not measure hu-

man activity directly, but rather measure some change in the environmental property that

is generated by a human activity and uses the change in property to infer the action car-

ried out by the person. Broadly speaking, temperature, humidity and barometric pressure

are the main environmental sensors deployed in HAR (Demrozi et al., 2020), however their

applicability only extends to niche activity detections. In Muhammad Masum et al. (2018),

the only purpose of including temperature and humidity sensors alongside inertial sensors

was to be able to detect the difference between sitting and sitting in a toilet. In De et al.

(2015), “opening fridge doors” could not be recognized as the temperature sensor was too

slow to respond to the change in ambient temperature. De et al. (2015) further goes on

to show that barometer sensors were only useful as binary detection devices (e.g sitting on

couch, sitting on floor). Studies have rarely investigated how environmental sensor data

impacted on machine learning performance. In Kanjo, Younis, and Ang (2019), it was found

that data trained only on these signals had the poorest activity recognition performance,

with the maximum average recognition achieved at 60%. It is evident from Vaizman, Ellis,

and Lanckriet (2017)’s study that environmental sensors do not necessarily improve activ-

ity recognition rates, but rather can assist with the annotation process. In their study,

they used audio and GPS signals to help decipher the contextual environment where a PA

was being performed, which in turn made the annotation process less error prone. Further

evidence is shown in Md et al. (2016), which used heart rate and barometric sensors to “con-

text filter” activities primarily measured through accelerometer and gyroscope sensors. For

example, walking movement can be derived from rapid changes in accelerometer readings,
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then by further applying barometric readings to identify changes in altitude, this can help

to contextually distinguish between level walking, ascending and descending stairs.

4.2.2.2 Types of Wearable Sensors for HAR

Wearable sensors refer to any sensory device that is attached to or worn by humans while

performing physical activity. As such, all wearable sensors require compliance from the

user to ensure that the device is worn and placed correctly in order to obtain accurate

measurements.

4.2.2.2.1 Pedometers Pedometers were one of the first devices used to quantify physical

activity in humans. Originally envisioned by Leonardo da Vinci, the first pedometers were

said to be created in the late 18th century (McManus, 2015). These first pedometers were

mechanically operated and relied on a pendulum which swung with the motion of forward

gait. When triggered by the pendulum, a type of lever called an escapement would interact

with a gear wheel inside a clock which would increment the time spent walking. Nowadays,

most modern pedometers are entirely electronic and use an accelerometer to facilitate the

step counting process through algorithmic detection. Step counting is one of the simplest

ways of quantifying physical activity and is also a good indicator of health; a study carried

out by Schmidt et al. (2009) shown that a high step count was associated with lower risk

of adverse cardiometabolic effects. Step count can be derived into other clinically useful

measurements, for example "cadence" indicates how many steps have been taken over a

predefined epoch. Differences in cadences can give an indication of what the user is doing at

the time; low cadence indicates incidental stepping, while high cadence indicates purposeful

walking and thus a good indication of moderate physical activity. A clinical application

of utilising cadence measurements is to equate the cadence to walking speed to determine

older adults’ mortality risk (Studenski, 2011). An issue that plagues even modern pedometer

devices is their accuracy; dedicated step-tracking devices like the Omron™ have been found
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to consistently underreport step count even under controlled laboratory conditions, like

walking on a treadmill (Husted and Llewellyn, 2017), thus only give an estimation and not

an exact measurement of physical activity.

4.2.2.2.2 Smart Devices An increasingly popular method of measuring activity is by

using accelerometers or IMUs embedded in smartphones. This method of activity monitoring

is particularly advantageous from a practical and financial perspective due to the prevalence

and popularity of smartphones in the modern era. This in turn reduces research and devel-

opment costs as developers can focus entirely on their software implementation. Albert et al.

(2013) for instance created a mobile application which can monitor activity levels in ILLAs

and distinguish between inactivity, swaying, slow and fast walking. However, while many

people own smartphones, the elderly population, which represent a sizable proportion of

the ILLA population (Davie-Smith, Hebenton, and Scott, 2018), can be slow on technology

uptake, and can have difficulty operating mobile applications that track their fitness (Gor-

don et al., 2019). Consistency and user compliance are also significant issues; accelerations

captured by the mobile phone will be different depending on where the phone is placed (in

a pocket, hand- bag, carried by hand etc.). Wrist-worn smartwatches and fitness trackers

such as the Apple Watch®(Apple, CA, USA) and Fitbit® can mitigate this issue by having

a consistent orientation for acceleration measurement, making them an increasingly popular

way to track activity for ILLAs (Smith, Guerra, and Burkholder, 2019). Nonetheless, user

compliance can still be a major factor; if the user takes off the device for charging and forgets

to wear the device, a significant amount of physical activity data can be lost.

4.2.2.2.3 Insoles One method of increasing user compliance with activity monitoring is

by directly embedding sensors into the footwear that the user uses for walking. A common

location for embedding is the insole of the footwear, which has led to the development of

‘smart insoles’. Common sensor modalities found in smart insoles include accelerometers,
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pressure sensors and thermometers, which can be utilised to measure a diverse range of

physical activity-based measurements, and are even capable of physiological-based tracking

measurements like heart rate and muscle activity (Subramaniam et al., 2022). Activity mon-

itoring studies that have employed smart insoles have had consistently high accuracy in step

counting, measuring between 94.8 – 100% across a variety of studies (Ngueleu et al., 2019),

while also being found to be cheaper to manufacture compared to other popular wearable

activity monitoring devices like the Fitbit® (Lopez-Meyer, Fulk, and Sazonov, 2011). Spe-

cific to potential application of lower limb amputee evaluation, smart insoles are capable

of accurately measuring cadence and temporal gait characteristics in post-stroke patients,

indicating applicability in accurately measuring physical activity for those with asymmet-

rical gait (Lopez-Meyer, Fulk, and Sazonov, 2011). Though no studies were identified that

tracked amputee physical activity using smart insoles, they have shown capability of reliably

monitoring gait asymmetry in ILLAs in pilot study (Loiret et al., 2019), and by considering

their performance from Ngueleu et al. (2019), this would suggest they are still well suited

for that application.

While the literature shows strong support for the implementation of smart insole sensors

for activity monitoring, they are not without some drawbacks. Battery life may be of concern;

if the insole sensor does not send battery information to the user e.g through a smartphone

app, the user will not be aware of how many remaining hours of operation the insole sensor

has. Additionally, unless the insole sensor is custom fabricated for a specific set of footwear,

the insole risks slipping on the foot during walking (Lee, Hong, and Oh, 2018).

4.2.2.3 Embedded Sensors in Prosthetics

State-of-the-art prosthetic components have the ability to perform activity monitoring us-

ing embedded multi-sensor arrays, including accelerometers and goniometers. Research by

Maqbool et al. (2015) has shown that implementation of gyroscopes and footswitches can be

used for real time recognition of gait events (heel strike and toe-off) under flat and sloping
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conditions, which could then be further implemented into an alteration of prosthetic prop-

erties – for instance increasing friction at the prosthetic knee joint during downhill descent

to prevent high thigh flexion angles and causing a loss of balance. The Orion3™(Blatchford,

Basingstoke, UK) has an inbuilt algorithm that can accurately monitor step count during

dynamic forms of movement like stair and slope ambulation (Sykes et al., 2018). The em-

bedded microprocessor in modern iterations of the C-Leg™can measure and project step

count to smart devices via a companion app (Ottobock, Duderstadt, Germany), allowing

remote monitoring of activity (OttoBock, n.d.). Similar to smart insoles, the advantage of

these kinds of devices is that they facilitate compliance; if the user is wearing their prosthe-

sis, activity monitoring information can be automatically obtained without demanding the

user having to wear additional sensors. Likewise, this also provides an inherent method of

analysing prosthetic wear time, as a total lack of movement/physical activity indicates the

user has not worn their prosthesis. However, while compliance is facilitated, it is not guaran-

teed when the sensing unit needs to be recharged in order to function. Another drawback is

that the information currently gathered by these devices often give very limited information

relating to physical activity. Referring back to the C-Leg™ mobile app, users can only view

their daily step count or total step count and cannot track their step data across the span

of the day.

4.2.3 Number and Placement of Wearable Sensors

The number and location of the sensors in a wearable sensor HAR recording can play a

significant role both in terms of what activities are measurable, and the resulting classifier

performance. Typical body sensor placements include the head, upper limbs, chest, back,

hip, waist, lower limbs, and feet, as well as body peripheral placements like bags or pockets

where a smartphone would usually be located (Wang, Cang, and Yu, 2016). Huang et al.

(2017) compared the accuracy of IMU sensors placed on the left-wrist, right-wrist, and the
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waist in a dining activity. In their results, they found that although the combined values

from all three accelerometers had the highest accuracy (81%), readings from the dominant

hand sensor had comparable accuracy (80%). Likewise on a per-activity basis, no single

placement consistently outperformed the other placement. Bao and Intille (2004) compared

the difference in recognition accuracy of sensors placed at the hip, wrist, arm, ankle, and

thigh for a mixture of 20 low and high level activities3, and found that only using sensors

from 2 locations on the body was almost equally as effective as using all 5 locations. Given

this information, there is no optimal set-up for sensor configuration. Additionally, Huang

et al. (2017) and Bao and Intille (2004) have demonstrated that placing more sensors may

not necessarily significantly improve recognition accuracy. Another component to consider

for sensor numbers and placement is the comfort of the participant; in order for a sensor

set-up to be feasible in realistic conditions, the participant should not need to be encumbered

with sensors on a daily basis, and they should not be expected to wear sensors in the exact

same position and orientation for each instance of recording (Andreu, Baruah, and Angelov,

2011).

Finally, sensor placement must also consider the possibility of displacement, meaning

the ability of the sensor to change location and/or orientation from their intended position

overtime. Many machine learning algorithms are written based on the assumption that the

placement and orientation of the on-body sensor is fixed, but overtime small displacements

via clothing friction or loosening of the grip mechanism (e.g Fastners coming loose, adhesive

material dissipating) may induce displacement or disorientation (Kunze and Lukowicz, 2014).

In instances where sensor placement is expected to change, orientation detection or placement

independent algorithms need to be developed.
3Activities monitored: walking, sitting, standing, watching TV, running, stretching, scrubbing, folding

laundry, brushing teeth, riding elevator, walking while carrying items, working on computer, eating/drinking,

reading, cycling, strength-training, vacuuming, lying down, climbing stairs, riding an escalator

72



4.2.4 Feature Engineering

With feature engineering, the aim is to generate and select properties (called ‘features’) from

raw signal data. This section covers what hand-crafted features are typically selected for

HAR. Features can also be computed through a process called feature learning. However, as

feature learning is an integral component of deep learning neural networks, this process will

be described further in Section 4.2.6 instead.

4.2.4.1 Hand-Crafted Features

The process of selecting features manually (often referred to as the “hand-crafted” approach)

entails that the features are chosen based on the researcher’s experience of the domain. The

features obtained in this method can be understood in concept by human interpretation.

Because of the simplicity of the approach, the calculation of features is often computationally

inexpensive; linear calculations like the mean, root mean square, and zero-crossing rate,

can be calculated in a matter of 20µs with average processing speeds (Gao, Bourke, and

Nelson, 2014). This makes the approach ideal for low-cost or real-time HAR systems where

computational speed can be a decisive factor. However, despite being the simplest approach

to feature extraction, the choice of selecting appropriate hand-crafted features for a HAR

system can be very challenging task.

Although statistical components of the time domain are very frequently used, few inves-

tigations try to justify their inclusion. Espinilla et al. (2018) reflects this observation; when

testing 27 time-frequency domain features across different activity monitoring scenarios, less

than 50% (11/27) of features were found to be relevant across all scenarios after applying

dimensionality reduction. One of the included features; total energy, was irrelevant in all

scenarios. This demonstrates that a broad inclusion of features can actually be detrimental

to the performance of the system, and further highlights the importance of applying dimen-

sionality reduction methods. In contrast, Zheng (2015) took a more calculated approach
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to their selected features; to recognize their 6 measured activities (walking, jumping, run-

ning, standing, sitting sleeping), they state that because muscles produce different forces

during different states of activity (Cola, Vecchio, and Avvenuti, 2014; Cross, 1999; Hof, Van

Zandwijk, and Bobbert, 2002), these forces proportionately produce different accelerations

via Newton’s Second Law, this meant the mean magnitude of acceleration could be used

as a feature. They further justified including the tilt of the accelerometer and entropy as

additional features by reasoning that random walking could be represented by turning angles

(Wu et al., 2000), and that Shannon entropy was a measurement of signal uncertainty of

the accelerometer in the time domain. With a single accelerometer, they used these features

to achieve an average of 95.6% in HAR accuracy. This investigation showed that, with the

proper research and fundamental understanding of differences in their physical activity prop-

erties, high performances can be attained only using one sensor and a small but well-balanced

feature set.

Data is often translated from the time domain via Fast Fourier Transform (FFT) to

acquire an expanded range of features in the frequency domain. Chen et al. (2018) ar-

gues the importance of frequency domain features by reasoning those different activities

will have different base frequencies which are distinguishable in the frequency domain. Bao

and Intille (2004) concurs, explaining that frequency domain features like spectral entropy

and dominant frequency analysis can help to differentiate activities that have similar levels

of energy, with the example given being that cycling can be differentiated from running;

cycling will have a dominant frequency magnitude in the vertical direction compared to run-

ning, while running will have higher spectral entropy. Despite having more features to work

with, adding frequency-domain features may not necessarily result in improved performance.

Rosati, Balestra, and Knaflitz (2018) tested two feature sets: feature set A contained only

features from the time domain, while feature set B contained combined features from the

time-frequency domain. They found that using feature set A resulted in marginally better
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overall classification performance (97.1 vs. 96.7%)4, and when tested with certain classifiers,

feature set B had a significant 40% loss in accuracy. Rosati, Balestra, and Knaflitz (2018)

conceded however that feature set B gave better understanding of biomechanical behaviour

particularly in participants with pathological gait. Tangentially related to the frequency-

based features are Mel-Frequency Cepstral Coefficients (MFCCs), which were originally con-

ceived for audio processing applications (Logan, 2000). In short, these features are the

coefficients obtained from the cepstrum (a spectrum generated from the inverse of a Fourier

Transform) of a Mel-frequency scale (a logarithmic frequency scale centred around the fre-

quency region of interest). The benefit of acquiring these coefficients, in the context of HAR,

is that, because there is an increased resolution around the lower end of the frequency scale,

which is typically the base frequency of most human activities, the MFCCs can effectively

capture more detailed information about the activity as opposed to a standard frequency

scale. MFCCs have been applied in a handful of HAR papers using accelerometer data with

resounding success (Batool, Jalal, and Kim, 2019; San-Segundo et al., 2016; San-Segundo

et al., 2018; Takeuchi et al., 2009).

There are many other extractable features which do not necessarily pertain to time and

frequency domains. Preece et al. (2009) for instance utilised features in the Wavelet domain.

Signals in the wavelet domain are represented by wave-like oscillations (“wavelets”) that

begin with zero amplitude, temporarily oscillate, then reduce back to zero magnitude. The

coefficients used to describe the behaviour of these wavelets (or more specifically, statistics

relating to the wavelet coefficients) are occasionally used as features in some investigations

Mantyjarvi, Himberg, and Seppanen (2001), Najafi et al. (2003), Sekine et al. (2000), Sekine

et al. (2002), and Song and Wang (2005), however Preece et al. (2009) is one of few studies

to compare using exclusively wavelet domain features with time/frequency domain features.

The resulting wavelet feature set had lower sensitivity and specificity across all 8 tested
4Activities monitored: resting, standing, level walking, upstairs, downstairs, uphill, downhill
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activities5 compared to a feature set comprised of time and frequency features; however this

only suggests that exclusively using wavelet-domain features will not build a robust classifier,

and that wavelet features may still be viable as complementary components to the main

feature set. Discrete domain features (where data is represented as symbolic string data) were

briefly explored by Figo et al. (2010) using Dynamic Time Warp, Levenshtein Edit Distance

(Gusfield, 1997), and the Euclidean distance between symbolic string representations (Lin et

al., 2007). Unfortunately, these feature sets performed very poorly when recognizing between

just 3 activities (walking, running, and jumping), with the Levenshtein Edit Distance having

the highest accuracy of 52.5%, which would suggest discrete domain features are not well

suited to HAR problems.

4.2.5 Dimensionality Reduction

Dimensionality reduction is when features are “compressed” such that redundant features

are removed and/or combined with each other (depending on the approach) to form more

informative features. As more and more features (the "dimensions") are added to a machine

learning system, algorithms can begin to suffer from a phenomenon known as the “curse of

dimensionality” (Bellman, 1966). Having too many irrelevant features can lead to overfitting

and can impact adversely on the performance of a HAR classifier. By contrast, when the

dimensionality of data is adequate enough to be represented in 2 or 3-dimensions, the feature

data can be visualized, which allows for easier human interpretation of how different classes

(i.e human activities) behave; in turn this can be useful to determine cluster composition

in unsupervised learning approaches, which is discussed further in Section 4.2.6.2. Fig 4.1

demonstrates a simple example of dimensionality reduction. Two strongly correlated (and

thus redundant) features, x1 and x2, can be projected into a lower dimensional space and

represented by the transformed feature, z1 with minimal loss of information.
5Activities monitored: walking, walking upstairs/downstairs, jogging, running, hopping (left and right

leg), jumping
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Figure 4.1 Example of reducing two dimensions with redundant information into
a single dimension, recreated from Ng (n.d.).

In machine learning literature, “feature selection” and “dimensionality reduction” are

often used interchangeably. For full clarity in this thesis, “feature selection” is considered

to be a unique instance of “dimensionality reduction” in which the retained features are

unaltered, whereas “feature transformation” involves changing (transforming) the values of

the features to incorporate fewer dimensions whilst retaining as much valuable "information"

from the original dimensions as possible.

4.2.5.1 Feature Selection

Feature selection in HAR can be distilled into 2 approaches: the Wrapper method and the

Filter method. Fig. 4.2 presents a workflow diagram of the filter and wrapper methods. In

the filter method, filter algorithms will measure intrinsic properties that evaluate the rela-

tionships between variables, and based on these relationships it will establish the optimal

subset of features for the algorithm. Wrapper algorithms on the other hand will seek to add

or remove features (depending on the design of the wrapper) based entirely on the resulting

77



Figure 4.2 Top: flowchart of the filter feature selection approach. Bottom:
flowchart of the wrapper feature selection approach. Recreated from Kaushik (2016).

classifier performance. Both approaches have their strengths and limitations: filter methods

are not classifier dependent, while wrapper methods are, which can make the wrapper ap-

proach computationally expensive, especially if there are multiple classifier candidates being

investigated. This has led to some wrapper algorithms being called “greedy” and with care-

less implementation can be considered a sub-optimal approach (Manini and Sabatini, 2010).

This can especially be an important factor if the feature selection has real-time implemen-

tation (Karagiannaki, Panousopoulou, and Tsakalides, 2017). Conversely, as the wrapper

approach gets feedback from the classifier algorithm, it is more likely to find the true optimal

set of features than the filter approach.

Of particular note for this chapter are the Relief-F, chi-square and minimum redundancy

Maximum Relevancy (mrMR) filter feature selection methods, and the Sequential Feature

Selection (SFS) wrapper method. The Relief-F algorithm is a popular supervised filter-

based feature selection algorithm; To rank features, all feature weights are initially set to 0.

A random observation xr is selected and updates feature weights based on the observation’s

proximity to the k-nearest neighbours of other observations xq, the algorithm gives higher

weights towards features of xq that give different values to neighbours of different classes,

while giving lower weight to features of xq that give different values of the same class. This

is repeated for all observations, and once completed, the algorithm ranks features by their

highest combined weight across all observations.
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The chi-square algorithm is another supervised feature selection algorithm, it determines

whether a predictor variable and the output class are independent using statistical chi-square

tests. Therefore, it uses a small p-value that rejects the null hypothesis to determine whether

a response variable is independent on a predictor variable, with small p values indicating

strong features. However, the algorithm is limited in its ranking score, which is calculated

as −log(p). Therefore, strong features that have small p-values can get output as infinite

and if this happens to multiple features, it is impossible to compare their rank.

First described by Ding and Peng (2003), the mRMR feature selection process is a heuris-

tic iterative process that calculates a score for each feature f and iteration i, through a

relevance to redundancy ratio of the target variable (in this context, the activity class):

scorei (f) = relevance (f | target)
redundancy (f | features selected until i− 1) (4.1)

The method in which relevance and redundancy are calculated can vary depending on the

software (Zhao, Anand, and Wang, 2019). Matlab’s official documentation states that both

variables are calculated based on the Mutual Information between the feature data and the

associated class (Mathworks, n.d.[b]). As the process is heuristic, the top ranked features can

change when the dimensionality and the size of the dataset are both large. This variance can

be dealt with by applying cross-validation; wherein for each “training” partition, the mRMR

algorithm is ran and scores are retained for each iteration. After all iterations are complete,

the cumulative score for each feature across all iterations is calculated and the features with

the 1st – nth highest score (as set by the user) are chosen as the relevant features. This also

prevents the feature selection process from overfitting as it is not using the entire dataset to

try and formulate the optimal feature set.

Wrapper filter feature selection methods like the SFS are mechanically simple but com-

putationally expensive; a classifier function is applied to a feature set X that has a predictor

variable y. Depending on the configured mode of operation, the SFS algorithm either begins

with no features and sequential adds combinations of features that minimize the training
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loss as defined in the classifier function until a global minima is reached (forward SFS), or

begins with the full set of features and sequential removes features until the global minima

is reached (backward SFS). Regardless of the approach, the linear approach to optimization

can lead to long training times when using a complex dimensionality dataset, and do not

guarantee an optimal feature set will be reached regardless (Molina, Belanche, and Nebot,

n.d.).

The filter and wrapper methods have equal viability in HAR, which is reflected in the lit-

erature. In Nguyen et al. (2018), two filter methods (Laplacian and Relief-F) were compared

with a wrapper method (SFS) for activity recognition performance in multiple sensor posi-

tions on the body. In most sensor positions, the filter and wrapper methods both performed

equally well, and in others the filter methods only marginally outperformed the wrapper by

a 5% margin. Zhang and Sawchuk (2011) investigated how the number of features impacted

on the feature selection algorithms (Relief-F filter, forward SFS and Single Feature Classifi-

cation wrappers). While the Relief-F filter performed very poorly when only 5 features were

selected, it had the best performance when 50 features were selected. Both filter and wrap-

per methods performed equally well in intermediate ranges of features. Suto, Oniga, and

Sitar (2016)[1] and Suto, Oniga, and Pop Sitar (2016)[2] compared the same feature selection

approaches (1 wrapper, 8 filters) on different datasets. In Suto, Oniga, and Sitar (2016)[1],

the lone wrapper method had the best HAR performance, while in Suto, Oniga, and Pop

Sitar (2016)[2], the chi-square filter performed better in more classifier algorithms. These

examples demonstrate that, as with many other configurable options in machine learning,

the choice of feature selection approach will be problem dependent.

4.2.5.2 Feature Transformation

4.2.5.2.1 Principal Component Analysis In feature transformation processes of di-

mensionality reduction, the aim is to reduce the number of dimensions (features) by com-

bining the features into a lower dimensional space. The most well known and most widely

80



used transformation process is Principal Component Analysis (PCA). The function of PCA

is to represent the total variability of a feature dataset in a series of eigenvectors of a covari-

ance matrix, known as principal components, with the ideal PCA representation using as

few of these principal components as possible to capture almost all of the total systematic

variance. As PCA may create data compression by limiting the number of components fed

into a classifier (and thus reducing computational costs), it is a desirable technique in mo-

bile computing (Wang et al., 2005). Chen et al. (2017) combined PCA with a co-ordinate

transformation system which allowed a mobile phone to recognize activities regardless of its

position on the human body. The processing time for PCA was 0.4ms per sample, making it

suitable for real-time daily monitoring. PCA may not always benefit a HAR dataset. Walse,

Dharaskar, and Thakare (2016) for instance took 561 raw features and via PCA reduced the

number of components to 70. While the model building time was 500% faster using only

PCA components, the accuracy of the system actually decreased from 98% with all features

to 96% with PCA components. This could still be considered a very good performance but

does indicate a trade-off when implementing the technique if the components that are not

preserved still contain information relating to physical activity.

PCA is an unsupervised learning technique, which means that it does not require the

“class” (i.e the activity) to perform its calculations. The supervised equivalent of PCA

is called Local Discriminant Analysis (LDA). LDA performs dimensionality reduction in a

similar manner to PCA, but the key difference between the two techniques is that LDA

considers the class associated with each feature when obtaining linear relationships between

components. This also means that LDA in of itself can be used as a classifier (Balakrishnama

and Ganapathiraju, 1998). LDA has been proven to be superior to some standard feature

selection methods (Yang et al., 2007), and was found to be the best performing base classifier

in a study by Siirtola, Koskimäki, and Röning (2019) recognizing activities from a public

dataset constructed by Shoaib et al. (2014).6 However, Tao et al. (2016) demonstrates
6Activities monitored: walking, sitting, stand-ing, jogging, biking, walking upstairs and downstairs
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that LDA and PCA had very similar performances in 2 different datasets, with LDA only

marginally outperforming PCA by 0.003% overall. Further to this, as both LDA and PCA

assume linearity between components, LDA has performed poorly in some investigations such

as Khan et al. (2010), where non-linear discriminant analysis had a significant performance

increase (60% for LDA vs. 96% Kernel Discriminant Analysis respectively).

4.2.5.2.2 Non-Linear Dimensionality Reduction Techniques In non-linear varia-

tions of feature transformation, it is no longer assumed that variables have linear relationships

with each other. PCA has a non-linear variant which is commonly referred to as kernel PCA

(kPCA). While linear PCA aims to transform data from high dimensional space to an orthog-

onal lower dimensional space, kPCA will initially represent the data in a higher-dimensional

space which is defined by a kernel function. Fig. 4.3 demonstrates the effectiveness of kPCA

when handling non-linear distributions of data.

Figure 4.3 Example of kPCA projection with non-linear data. This image was
generated in Matlab using code originally written by Kitayama (2021)

In order to translate into a lower dimension, the kPCA must first map the features in

a higher dimension space. A kernel function mapped in the lower dimensional space is
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calculated such that it best fits a kernel matrix in the higher dimensional space, this process

is known as the kernel trick. Then, to map onto lower dimensional space, the first K vectors

are chosen to represent the transformed data, similar to choosing the number of principal

components to conserve in linear PCA. A significant disadvantage of kPCA is that it scales

poorly compared to PCA in large datasets; a kernel map requires (n ∗ n) dimensions where

n is the number of observations. Ergo, having high numbers of observations can consume a

considerable amount of RAM making it unviable when the memory of the processing device

is limited. kPCA has shown instances of performing very well in some datasets while also

underperforming in others. Hassan et al. (2018) demonstrated 89% mean accuracy in the

best classifier across 6 activities7 plus transitions between activities8 using the kPCA process.

kPCA also outperformed regular PCA in both El Moudden et al. (2018) and Wu et al.

(2019). In the latter, a reduced form of kPCA was also proposed which effectively cut down

on calculation time with minimal adverse impact on classification rate; thus, demonstrating

kPCA can be used in mobile applications. kPCA performed poorly in Kästner, Strickert,

and Villmann (2013), having similar projection output to regular PCA.

In addition to kPCA, there exist other non-linear dimensionality reduction techniques. t-

distributed Stochastic Neighbour Embedding (tSNE) and Uniform Manifold Approximation

and Rejection (UMAP) can bring greater separability of data clusters, making them a useful

technique for unsupervised learning and have been shown to operate well in HAR contexts

(Guo et al., 2016; Gupta, Mcclatchey, and Caleb-Solly, 2020). t-SNE was first conceptualized

in Maaten and Hinton (2008), as an evolution of the Stochastic Neighbour Process (Hinton

and Roweis, 2003). To give a simple overview, the t-SNE process iteratively reduces from

the original number of dimensions of the feature matrix to the desired number of dimensions

by first calculating the pairwise similarities of the points in the higher dimension. These

pairwise distances become joint probabilities by applying a gaussian distribution; points
7Activities monitored: standing, sitting, lying down, walking, stairs
8Transitions monitored: stand-to-sit, sit-to-stand, sit-to-lie, lie-to-sit, stand-to-lie, lie-to-stand
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that have high similarity in high dimensions will have higher joint probability. The points

are then randomly assigned into a lower dimensional space. Similarities are once again

calculated in the lower dimensional space but utilises a t-distribution to calculate the joint

probabilities. The similarity matrices of the higher and lower dimensions are compared, and

t-SNE undergoes a complex optimization process to try and match the similarity matrix

of the lower dimension to the higher dimension process. The process then repeats until it

reaches the desired dimensionality level. The t-SNE process can be superior at conserving

complex relationships between variables than linear dimensionality reduction processes like

PCA; however, its main drawbacks are the random initializations of the data points in lower

dimensions, this causes the cost function in the similarity optimization process to be non-

convex (there can be multiple optimal solutions), which can result in different t-SNE models

for consecutive executions of the t-SNE process despite using the same data.

UMAP is a state-of-the-art dimensionality reduction technique, first introduced by (McInnes,

Healy, and Melville, 2020). It operates with a similar fundamental objective to t-SNE, where

it tries to map data in higher dimensions to a lower dimension by optimizing their similari-

ties. The difference is that UMAP attempts to conserve the topology of higher dimensions

by constructing lower dimensional elements known as “simplexes”. The points which are

used to construct the simplexes are found through nearest-neighbour search radii, which will

vary depending on the local density of the higher dimensional clustering region. Like t-SNE

similarity calculations, points of a simplex object that are closer together in high dimensions

are given higher weights for connection probabilities. The UMAP process then begins to

map the dataset in lower dimensions by performing complex optimization processes to find

the lower dimensional layout that can best conserve the topological structure of the higher

layer. The mapping process exhibits “rotational symmetry”, which means that, like tSNE,

the resultant low dimensional space can appear different when repeatedly initializing the

algorithm on the same data.

A further drawback to both t-SNE and UMAP in their basic design iteration is that
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the mapping function is inherently non-parametric, meaning that unlike in PCA and kPCA,

there is not a direct way to map testing data for classification. While parametric map-

ping capabilities for both approaches exist (Maaten, 2009; Sainburg, McInnes, and Timothy,

2020), their caveat is that the mapping functions require training a neural network to cor-

rectly operate. As such, these techniques are currently better suited for data visualization

as opposed to being used for training classifiers.

4.2.6 Classifiers

This section covers the 3 main approaches of classification: supervised learners, unsupervised

learners, and neural networks. There exists a wide variety of variants and hybrid combina-

tions of classifiers (e.g semi-supervised learning, reinforcement learning, instance learning

etc.) and it is beyond the scope of the thesis to cover all of them, the purpose of this section

is simply to introduce the most common approaches of classification and their relevance to

HAR.

4.2.6.1 Supervised Learning Classifiers in HAR

4.2.6.1.1 Support Vector Machines Support Vector Machines (SVM) are a popular

choice for HAR classification. They are inherently binomial classifiers (can identify two

classes) that can be made multinomial (can identify three or more classes) via the appli-

cation of the one vs. all or one vs. one meta strategies. In one vs. all, each step in the

classification process compares one class to all other classes simultaneously and selects the

class i that maximises the value of the hypothesis function h
(i)
∅ (x). In one vs. one classi-

fication, each classification step involves a binomial classification calculation between every

binomial combination of each class. The class that “wins” the most across all steps is chosen

as the selected output class.

Fig. 4.4 gives a visualization of the SVM process on a low-dimensional sample dataset.
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Figure 4.4 Visualisation of SVM classification, recreated from mitosis (2020)

The SVM algorithm chooses a small handful of input samples that are placed close to each

other on a feature map and projects vectors from these samples through a process known

as quadratic optimization, where the direction of the vectors is designed such that the per-

pendicular distance between the vectors, which are termed the “support vectors”, have the

maximised margin length ρ. The intermediate distance between the support vectors dictates

the optimal hyper-plane, which is what ultimately provides the classification for new input

samples. In these cases, a soft margin SVM is applied. The key difference between soft and

hard margin SVM is that soft margin SVM introduces a slack variable which allows input

samples to exist within the margin space. By compromising some input sample misclassifica-

tions, the margin of the SVM does not need to decrease to accommodate for all input samples

and thus retains an intrinsic resilience to outliers. If the soft margin classification further

fails to give acceptable decision boundaries in a linearly separable fashion, then the kernel
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trick should be applied. Typically, the Gaussian kernel is used as the mapping function,

while linear, cubic, and polynomial kernels are also viable alternatives (Awasthi, 2020).

Due to its nonlinear surface mapping capabilities and soft margin component, the SVM

is a flexible classifier and as such has seen frequent use in HAR datasets. SVM has also

demonstrated powerful processing efficiency; Anguita et al. (2012) successfully employed an

SVM on a mobile device for HAR, achieving 89% recognition accuracy on a mobile-friendly

algorithm. Shdefat, Halimeh, and Kim (2018) compared a variety of SVM models (using

different Kernels) with a variety of k-Nearest Neighbour (kNN) models for a smartphone-

based dataset9, and it was found that the SVM models on average performed slightly better

than the kNN models, with Fine Gaussian SVM providing the highest accuracy out of all the

models. Finally, Yin, Yang, and Pan (2008) applied SVM to detect “abnormal” activities,

i.e activities that would not normally be expected during activities of daily living. These

included slipping on the ground and falling down. To mitigate the lack of abnormal training

data, they first trained the model on normal activities (walking / upstairs / downstairs

and running) so that it could filter out potential abnormal activities. When the SVM was

combined with a kernel non-linear regression model for abnormal activity filtering, it had a

very strong Area Under Curve (AUC) score of 0.985, indicating a good balance between the

sensitivity (true positive detection rate of abnormal activities) and specificity (true negative

detection rate of normal activities). These articles have demonstrated the diversity and

viability of the SVM algorithm.

4.2.6.1.2 K-Nearest Neighbour The k-Nearest Neighbour algorithm classifies an in-

put by placing the sample on a feature map. In Fig. 4.5, a green circle representing a

new unknown input is placed on a simple 2D feature map comprised of 2 classes, which are

termed “red” and “blue” classes.
9Activities monitored: Attach to Table, Cycling, Laying, Pushups, Running, Sitting, Stairs, Standing,

Walking, Jogging, Jumping
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Figure 4.5 Illustration of kNN classification, recreated from Ajanki (2007)

The kNN algorithm calculates the distance (usually Euclidean, though other metrics are

configurable) from the sample point to the other training features. The ‘k’ component of the

kNN classifier dictates how many of the closest training samples (or “nearest neighbours”)

are evaluated in order to classify the new input. The choice of ‘k’ can be derived empirically

or through analytical approaches such as the Elbow method (Yuan and Yang, 2019). Clas-

sifications are determined by the the class that has the largest representation in the trained

nearest-neighbours.

In HAR literature, kNN has been used in a variety of studies. Like SVM, kNN has been

used for smartphone-based activity monitoring (Kaghyan and Sarukhanyan, 2012). Further

support of kNN in mobile computing was found in Ignatov and Strijov (2016), where a kNN

classifier in combination with a novel segmentation technique had the lowest processing

rate relative to the size of the dataset, outperforming other commonly used classifiers such

as decision trees, SVM and logistic regression. Additionally, the kNN algorithm also had

very high recognition performance for low-level activities10, achieving an average of 96.6%.

Notably, the authors remark that kNN is not a naturally fast algorithm and was only able
10Activities monitored: walking, jogging, stair climbing, sitting, standing
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to achieve fast processing times through their segmentation process which generated short

time windows of 1 second, indicating that kNN should be applied carefully in realtime

HAR datasets. Sani et al. (2017), who in addition to using kNN as classification, also

used a kNN sampling approach. The centroid of labelled data from a user is placed on a

feature map containing all training instances. Instead of performing classification using all

training instances, the algorithm then selects a subset of the training instances using the

kNN algorithm (i.e it selects the K-nearest number of training samples), which are then

subsequently classified using a variety of classifiers (kNN again, SVM or a neural network).

The theory behind this approach is that since it takes a subset of samples based on a small

number of labelled inputs, the training samples included for each participant are personalised

to the user. This helped the classifier recognize different walking speeds (walk fast, walk

normal, walk slow) as each training subset would be dependent of the user.

4.2.6.1.3 Decision Trees and Random Forest A Decision Tree (DT) breaks up the

classification process into a series of comparative calculations (termed “decision nodes”) that

relate to the features of the input sample. The DT begins with a root decision node, and

then depending on the outcome of the decision, splits into different branches with more

decision nodes. The process repeats until the classifier reaches a leaf node, which indicates

that it has enough information to provide a classification for the input sample. As the

number of splits in the DT increases, the probability of the DT overfitting increases. Thus,

a commonly applied technique is to utilise a Random Forest (RF). These classifiers are an

extension of a DT classifier, consisting of randomly generated Decision Trees. Each DT will

have randomly selected variables which are used to construct its behaviour. These decision

trees will attempt to classify an input sample based on its tree construction, and once all

results from the trees have been aggregated, the class that is chosen the most times is the

decided class for the input sample. Fig. 4.6 visualizes the process.

As the decision trees of the RF utilise random variables, they are considerably less prone
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Figure 4.6 Illustration of RF classification, recreated from Sharma (2017)

to overfitting than standalone Decision Trees. However, because the process of variable

selection is unknown to the user, a RF classifier can be considered a black-box machine,

with the inner decision-making processes difficult to decipher.

RFs have been utilised numerous times in HAR. In Xu et al. (2017), RF classifiers out-

performed singular DT and Neural Network classifiers in recognizing low-level activities11.

They further noted that Random Forests were capable of cluster analysis and anomaly de-

tection, making them useful in unsupervised settings. Likewise, Manda, Devi, and Row

(2017) found RF classifiers had the lowest error rate of sport activity classification (various

sequences of dumbbell movements) compared to kNNs and Decision Trees. Based upon the

fundamental operations of the 2 classifiers, and the literature presented in this section, RF

classifiers should at very least be considered as a viable alternative to Decision Trees, if not
11Activities monitored: walking, up/down stairs, jumping, running, standing
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altogether replacing them as the classifier of choice provided that Computer Processing Unit

(CPU) memory usage and training time are not of vital concern.

4.2.6.1.4 Ensemble Classifiers RF classifiers belong to a meta-classifier group called

“Bagging Ensemble” classifiers. Ensemble classifiers describe any classification structure in

which multiple classifiers are utilised. Generally, they consist of smaller classifiers that emu-

late the behaviour of the decision node on a DT; such that on an individual basis the small

classifier might have high variance or high bias, which would lead to poor classification per-

formance. This gives them their term “weak learners”. The ensemble classifier combines a

weighted combination of the weak learners to form the “strong learner” ensemble classifier

(Rocca, 2019). The majority of ensemble classifiers can be categorized into the “bagging”

or “boosting” type. Bagging is a portmanteau of "Bootstrap Aggregation". The “bootstrap-

ping” component of bagging signifies that a random selection of training samples is chosen

with replacement (Efron, 1979). Meanwhile, the “aggregation” component of bagging sig-

nifies the output of each classifier is then evaluated and the overall classification is chosen.

Boosting ensemble classifiers on the other hand train their weak models in a sequential fash-

ion. After the first weak learner is constructed, the second weak learner builds on the first

model and aims to reduce the classification error compared to the first one – the method by

which it does this depends on the algorithm. The process repeats in a cycle until the boosting

ensemble either achieves perfect training accuracy or the model reaches its pre-determined

limit on the number of weak learners.

A popular example of a Boosting Ensemble classifier is the AdaBoost (AB) algorithm.

With AB, the error of a weak learner is ameliorated by choosing a succeeding weak learner

that minimizes the weighted sum error of the misclassification process. The overall weighted

sum of the weak learners provides the final classification output of the model. In recent

HAR literature, AB has demonstrated promising results. Subasi et al. (2018) investigated

how commonly used classifiers performed individually on a public dataset when utilised as a
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weak learner in the AB ensemble12. Most of the included classifiers had some improvement

in classification accuracy when implemented into AB, a notable combination was with a

RF, which achieved a near perfect 99.98% accuracy. However, it is important to note that

on an individual basis, the majority of classifiers already had very good performances –

7 out of the 9 classifiers had recognition accuracy of 98% or more. The only exceptional

classifier was the Multivariate Alternating Decision Tree, which scored 84% individually and

98.8% when used with AB. These results could imply that the strength in the algorithms

partially lay somewhere else - for instance, a strong feature selection – rather than strictly

the implementation of AB.

4.2.6.1.5 Bayesian Networks and Naive-Bayes Classifiers Bayesian Belief Net-

works, also known simply as Bayesian Networks (BN) are a Probabilistic Graphical Modelling

technique. That is to say, a BN can be represented by Directed Acyclic Graphs (DAGs).

In the DAG of a BN, each node represents a variable (or series of variables) that are linked

together through conditional probability – in other words the probability of an event B oc-

curring given event A has already occurred. In practice, BNs can be difficult to formulate;

they require the implementer to know or be able to derive the conditional relationships

between their variables, and in turn this may require large volumes of training data to suffi-

ciently derive a meaningful BN representation. A workaround is to use what is known as the

Naïve-Bayes (NB) classifier. The main difference in a NB classifier is that it assumes that

all variables are conditionally independent of each other. This assumption made by NB clas-

sifiers has resulted in inconsistent performance when implemented to solve HAR datasets.

The activity set analysed in Lustrek, Cvetkovic, and Kozina (2012) was tested with NB,

DT, RF and SVM. NB performed the worst out of the 4 classifiers regardless of the sensor’s

position, with classification accuracies ranging from 69.5 to 56.8%. By contrast, an NB clas-
12Activities monitored: working at computer, standing up, walking, stairs, standing, walking, walking and

talking (to someone else), talking while standing
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sifier used in Dengel et al. (2016) was the best performing classifier, outperforming SVM, DT

and kNN. From the theoretical limitations of the NB classifier, the algorithm appears to be

optimized when features are carefully chosen such that they have statistical independence.

This can be seen in the work by Gupta and Dallas (2014) which implemented the Relief-F

and SFS algorithms and compared performances when combined with NB and kNN. The

SFS algorithm, which selected just 11 out of the 31 original features gave the NB classifier

gave a much lower training set error and subsequently had very high mean classification rate

(97.8%) for low level activities and posture transitions13. The implementation of NB and

BN in HAR has therefore demonstrated that using NB can be unreliable without rigorous

feature selection, and the implementation of BN by itself can be a very demanding challenge.

4.2.6.2 Unsupervised Learning Algorithms

The core difference between supervised and unsupervised learning is that unsupervised clas-

sifiers do not require labelled instances of data for training. Since the data is no longer

labelled, an unsupervised classifier will instead classify an input sample as belonging to a

‘cluster’ of data. In the HAR domain, unsupervised learning is popular with vision and

smart home based HAR, as the range of potential activities can exceed a preconceived list

of prescribed activities (Ariza Colpas et al., 2020). However, there has also been plenty

of research relating to HAR with clustering analysis. Some popular types of clustering in

this field pertaining to HAR datasets include K-Means clustering, Hierarchical Clustering,

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) and Gaussian Mix-

ture Model (GMM)-based Distribution Clustering.

4.2.6.2.1 Centroid Clustering and the K-Means Clustering algorithm In cen-

troid clustering, data points are grouped according to the most mathematically represen-

tative data point for that cluster, which is known as the data centroid. Fig. 4.7 shows an
13Activities monitored: jumping, running, walking, sitting, sit-to-stand, stand-to-sit
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example of organizing data into 2 clusters based on centroids.

Figure 4.7 Illustrated example of centroid clustering

K-Means clustering is one of the most widely used clustering algorithms. It begins by ini-

tializing the data centroids in the feature space. The number of centroids, K, are determined

by the user, hence the name ‘K-Means Clustering’. There are several methods of initializa-

tion, but the most popular approach is the Forgy method (Peña, Lozano, and Larrañaga,

1999), which selects K training examples at random and uses their means as the initializa-

tion point in the feature space. The algorithm then undergoes an iterative procedure which

loops between a clustering step and a centroid displacement step. In the clustering step, the

algorithm assigns each data point in the feature space to the centroid with a distance metric.

In the centroid displacement step, the centroids of the resulting clusters from the previous

step are calculated, and the old centroids moves to these locations in the feature space. The

procedure repeats these two steps until the point of convergence when there is no longer any

displacement of the centroids and the within-cluster variance has been minimized, at which

point the K-Means clustering algorithm is trained. In the testing component, a new sample

point is distributed into the same space and is assigned to the nearest cluster by calculating

the distance from the point to each cluster, selecting the cluster with the smallest distance.

Choosing the number of clusters in K-Means clustering is comparable to selecting the K
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Figure 4.8 Visualization of hierarchical clustering. (A) represents the ‘closeness’
of data points. (B) is a dendrogram that represents how these data points would be
organized in hierarchical conglomerations. Recreated from Mathworks (n.d.[c]).

in k-NN algorithms; meaning that the number of clusters can be chosen empirically, or by

using methods such as the previously described Elbow method, or alternatives such as the

average silhouette method and gap statistic method (Rousseeuw, 1987; Tibshirani, Walther,

and Hastie, 2001; Yuan and Yang, 2019).

4.2.6.2.2 Hierarchical Clustering There are two main approaches to hierarchical clus-

tering: Agglomerative and Divisive. In agglomerative clustering, each data point is initially

treated as its own cluster. This starts an iterative process: in each step, proximity matrices

are calculated to determine which data points in the feature space are closest to each other.

Clusters with the highest proximity to each other are merged into a larger matrix. The pro-

cess repeats until all points in the feature spaces have been merged into a single cluster. The

Divisive approach is the opposite of the agglomerative approach, wherein a single cluster is

broken down into individual clusters. Hierarchical clustering is interpreted through dendro-

grams, which show the iterative merging procedure that occurs with each cluster. Fig. 4.8

shows a simple example of how a dendrogram would be formed from hierarchical clustering.

95



Figure 4.9 Illustration of DBSCAN algorithm identifying core, border and noise
points. Recreated from Amini, Wah, and Saboohi (2014).

4.2.6.2.3 Density Clustering and DBSCAN Clusters in density-based clustering are

created by dense formations of points in the feature space. This type of clustering is con-

sidered synonymous with the DBSCAN algorithm. It initializes by selecting a random data

point. A density cluster is either formed or not formed depending on two controllable pa-

rameters: the first criterion, ε, is the minimum distance between points in the feature space,

and the second criterion, MinPts, controls how many data points need to be in proximity

to each other to form a cluster. If a data point has surrounding data points that are greater

in magnitude than MinPts and have a distance less than ε, the data point becomes a “Core

point” and forms a cluster. If the data point fails to have neighbouring data points more

than MinPts and at a distance greater than ε, the point becomes a “Noise point” and is

treated as an outlier. Once a core cluster has been formed, the DBSCAN algorithm itera-

tively expands its cluster by continuing to look for more neighbouring data points. As the

cluster increases, it may encounter data points that are within the ε distance but do not

have neighbouring points greater than MinPts, these points are called the “Border points”.

The Border points can be used to create better spatial definitions of the clusters (Amini,

Wah, and Saboohi, 2014). Fig. 4.9 gives a demonstration of the identification process in

DBSCAN.

The algorithm will iteratively expand the clusters until all data points have been classified
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Figure 4.10 Visualization of DBSCAN clustering. A: Data points pre-clustering,
B: Data points post-DBSCAN clustering. Recreated from Ivan (2018).

as a Cluster, Border or Noise datapoint. In Fig. 4.10, it can be seen that DBSCAN can

be effective at handling non-linear distributions of data and discarding outlying data points.

On the left-hand side (A) is the non-clustered data distribution, and the right-hand side

(B) shows the data clustered under DBSCAN, with each unique cluster represented by a

different colour and the dark blue data points representing noise samples.

4.2.6.2.4 Distribution Clustering and Gaussian Mixture Models The clustering

approaches described so far have all incorporated some sort of distance or proximity metric to

determine whether a particular data point belongs to a data cluster. Distribution clustering

algorithms on the other hand incorporate a data point into a cluster based on its probability

of being in that cluster, as such the data points are not necessarily “hard-assigned” to

a cluster. The most well-known and widely used distribution clustering algorithm is the

Gaussian Mixture Model. GMMs are a type of mixture model, which means that the feature

space can be represented by multiple probability distribution functions. The clusters in

GMMs follow a Gaussian distribution behaviour from the centroid. A typical plot of a

GMM in a feature space will show probability ‘bands’, which indicate the confidence level of

a data point belong to that particular cluster. Fig. 4.11 shows a simple example of a feature

space under GMM distribution clustering. Three clusters are formed from 3 centroids, the

darker colours indicate a stronger confidence value that the data point within that space will
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belong to that cluster.

Figure 4.11 Illustration of GMM clustering from Google-Developers (2020). Image
has C.C 4.0 license allowing free re-use.

The behaviour of the GMM (in terms of its centroid placement and distribution bands)

can be derived through various methods, but the most commonly used is the Expectation-

Maximization (EM) algorithm. The EM algorithm has an initialisation step: for a chosen

value of K, the algorithm assigns random centroids µk with random variance σ2
k and a

random value for the mixture coefficients, π (Keng, 2016). To clarify, the value of π signifies

the proportions of the K neighbourhoods prior to beginning the EM algorithm. As with

all other clustering algorithms described thus far, the EM algorithm undergoes a 2-step

iterative process. The first step, "expectation", calculates the probability of each data point

belonging to one of the µk clusters based on the distribution of the GMMs from the initial

(or previous) step. The second step, "maximization", subsequently redistributes the GMMs

such that it maximises its log-likelihood (i.e the GMM is redrawn to best fit the datapoints

based on their probability of belonging to that cluster). The process repeats to the point of

convergence when the calculated log-likelihood no longer changes between iterations.

4.2.6.2.5 Unsupervised Classifiers and Human Activity Recognition Unsuper-

vised classifiers have found varying degrees of success in HAR investigations. K-Means

clustering in Machado et al. (2015) had near-perfect cluster and classification accuracies of
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99% each to recognize low level activities collected by a tri-axial accelerometer. Dinis (2018)

constructed a hierarchical clustering model to detect a wide range of low-level and high-level

activities14. Although the classifier was outperformed on average by an ensemble Decision

Tree/Naïve Bayes classifier, the hierarchical method had better recognition performance on

some of the included activities. Xia et al. (2020) was able to combine K-Means with DB-

SCAN to form a hybrid clustering model capable of recognizing specific motions in table

tennis and badminton sports15, attaining a prediction accuracy of 86.3%. Gani et al. (2019)

used a GMM for low level activities16, and acquired a perfect 100% recognition accuracy

using only the y-axis acceleration from an accelerometer, simultaneously outperforming the

included supervised models. When trialled on a public dataset (Anguita et al., 2013), the

accuracy fell to 90%, but nonetheless demonstrated the capability of clustering models in

the HAR field. Kwon, Kang, and Bae (2014) evaluated all 4 of the described clustering

methods on their self-created dataset using mobile smartphone accelerometer data. For the

parametric clustering methods (K-Means, Hierarchical and DBSCAN), GMM had perfect

accuracy for all activities17 for low values of k. However when k was increased to a maximum

value of 50, hierarchical clustering had a more resilient accuracy drop-off compared to the

other 2 methods, indicating potential to be able to correctly cluster when more activities

are considered. DBSCAN, which is non-parametric and cannot pre-determine the number of

clusters, was able to achieve greater than 90% clustering accuracy by optimizing its MinPts

and ε values. These results show that, even if a clustering model can obtain high accuracy,

it may not necessarily generalize well if subjected to different conditions.
14Activities monitored: sitting, standing, lying, walking, walking ascending stairs, descending stairs, run-

ning, cycling, nordic walking, watching TV, computer work, car driving, vacuum cleaning, ironing, folding

laundry, house cleaning, playing soccer, rope jumping
15Activities monitored: Walking, Table Tennis Service, Table Tennis Stroke, Table Tennis Spin, Table

Tennis Picking Up, Badminton Service, Badminton Drive, Badminton Smash, Badminton Picking Up
16Activities monitored: Walking, Stairs, Running, Standing, Sitting, Laying, Elevator Use and Driving
17Activities monitored: Walking, Running, Sitting, Standing and Lying Down
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One of the advantages of unsupervised learning is that it can potentially extract more

useful information than with supervised learning. As the data is no longer confined to

a defined activity label, a robust clustering algorithm may identify unique characteristics

which could belong to a previously unconsidered physical activity. They can also be further

combined with supervised learning classifiers; Garcia-Ceja et al. (2014) for instance used a

hierarchical clustering model to sub-class activities to counter intra-class fragmentation. To

elaborate, certain activities could have very different behaviours when carried out in different

contexts. Giving a simple example, say a researcher was interested in recognition of a person

using a computer. While most people use a computer sitting down, some people may have

access to standing computers which could change the acceleration behaviour of a worn sensor

– this would require two different sub-classes which would be difficult to account for when

constructing the study. When implemented, the hierarchical clustering technique should

theoretically capture these sub-classes by grouping them together in the hierarchical model.

This research demonstrates there is a lot of viability in employing unsupervised learning,

even if the overall system still sometimes requires supervised classification.

The unsupervised approach comes with an inherent drawback in that evaluation of the

clusters is more abstract than in supervised learning, where evaluation is linear. There are

two forms of evaluation in unsupervised learning; extrinsic and intrinsic evaluation. Extrinsic

evaluation of unsupervised clusters involves knowing the true label of the activity and to

evaluate clusters of data, similar to supervised learning evaluation. Such techniques include

Normalized Mutual Information (NMI) and the Adjusted Rand Index (ARI). This is directly

informative evaluation of the clustering quality, especially when a clear clustering objective

has been set (i.e clusters should correspond to activities), however unsupervised learning is

typically deployed when the cost of annotation is too high to carry out, so will not always

be a usable metric. Intrinsic evaluation methods on the other hand are always applicable to

any unsupervised learning problem, as they evaluate the quality of the clusters themselves.

Such metrics include the Silhouette score and the Dunn index.
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Figure 4.12 A: Topology of Feedforward Network. B: Topology of a Multilayer
Perceptron. Recreated from Alex (2020).

4.2.6.3 Artificial Neural Networks and Deep Learning

4.2.6.3.1 Feedforward Neural Networks and Multi-layer Perceptrons Neural

networks, formally known as Artificial Neural Networks (ANN) when applied in a machine

learning context, are a powerful tool for classification. Feedforward neural networks (FF) are

the simplest implementation of a neural network. In FF networks, information is only passed

in one direction, from the input nodes to the hidden layer(s) and finally to the output nodes.

As such, they can be represented graphically through DAGs much like Bayesian Networks.

A single layer perceptron connects all the input nodes in a neural network layer to the

output nodes. A Multi-Layer Perceptron (MLP) is both an extension of a single layer

perceptron and a special type of feedforward neural network, wherein every single node

connects to each node in the next subsequent layer. MLPs are further defined by having the

same hidden layer size for all hidden layers and have the same activation function. As they

are an extension of an FF network, they can also be represented through DAGs. Fig. 4.12

demonstrates the structural difference between FF and MLP networks:

In literature, MLPs were generally found to have more representation in HAR literature
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compared to their FF counterparts. They are capable of recognizing low-level activities with

high accuracy; the models constructed in Khan, Lee, and Kim (2008) had 99% accuracy for

lying, standing, walking, and running activities. Bayat, Pomplun, and Tran (2014) found

MLPs to be the strongest individual classifier compared to SVM, Decision Trees and Logistic

regression classifiers for recognizing a variety of dynamic physical activities. An instance of

MLPs performing poorly was seen in the work by Joshua and Varghese (2011), although

it performed the best out of the three tested classifiers (the others being NB and DT), the

MLP was still only able to achieve at best 80% accuracy for just 3 high-level builder activities

(fetch and spread mortar, fetch and lay brick, filling joints), these results seem to suggest

that the MLP works best when used for low level activity recognition.

4.2.6.3.2 Convolutional Neural Networks Convolutional Neural Networks (CNN)

are an evolution of MLPs. Fig. 4.13 demonstrates a typical CNN architecture from Lee,

Yoon, and Cho (2017) for classifying human activity based on 1 dimensional data from body

worn sensors.

Figure 4.13 Overview of a CNN design, adapted from Lee, Yoon, and Cho (2017),
© 2017 IEEE

CNNs contain at minimum 3 types of core layers: the convolutional layer, the pooling

layer and the fully-connected layer. In the convolutional layer, the input signal is mathe-

matically transformed via a convolutional kernel, with the transformation process varying

102



A B

Figure 4.14 A: Topology of a Fully Connected layer. B: Topology of a Convolu-
tional layer. Recreated from Despois (2018).

depending on the type of kernel used. Convolutional layers differ from the fully connected

layers seen in MLPs, as they utilize shared weights between neurons to cut down on the

number of parameters needed to construct the network, as illustrated in Fig. 4.14. This

makes them more computationally efficient and better at recognizing patterns than with a

MLP.

In Lee, Yoon, and Cho (2017)’s CNN, 128 kernels with varying window size of 3-5 gets

passed through the raw data, which is segmented into 10 second chunks, this process creates

3 new feature map vectors which are 6-8 units in length. This process is what is referred to

as “feature learning” and is what allows deep neural networks to perform recognition without

the requirement of hand-crafted features. In the pooling layer, the input feature data has its

spatial size reduced, which is done in order to cut down on the number of parameters and

hence reduce the overall computational time. A common pooling technique as shown by Lee,

Yoon, and Cho (2017) is the max-pooling process. The maximum value in each quadrant of

the feature vector is chosen as the representative value for that quadrant, thereby cutting

down all feature vectors in the example down to a length of 1. The resulting pooled vectors

may then undergo several more iterations of convolution and pooling which can be used

to generate further features for the classifier. Once the convolution and pooling processes

have been completed, they are passed to the Fully Connected layer. Because of the previous

convolution, this Fully Connected layer requires less parameters than would be required in an
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equivalent MLP design. Finally, most CNNs are classified in the output function typically via

a softmax classifier. The softmax classifier uses the softmax activation function to calculate

the cross-entropy, which determines the probability of the output belonging to each class,

and the class with the highest probability is chosen as the predicted output. CNNs are

traditionally designed for 2D image recognition processes, but their fundamentals are also

applicable to 1-3D accelerometer and other body worn sensor data time signals for human

activity recognition. CNNs are almost always referred to as a deep learning neural network

in modern literature as its structure inherently requires at least 3 hidden layers, and these

layers are what engineers the features for the classifier – thus the CNN only requires raw

data as the input signal.

In HAR datasets, CNNs have shown consistently effective implementation. From the

previously referenced paper, Lee, Yoon, and Cho (2017), they were able to discern between

running, walking, and standing still with 92.7% accuracy. This demonstrated CNNs work-

ing at a very basic conceptual level for HAR. Panwar et al. (2017) also used a dataset

which involved recognizing arm movements from various tasks and achieved a near perfect

99.8% recognition accuracy. Jiang and Yin (2015) took a unique approach to the input

configuration. While the previously discussed studies fed the data in as a series of 1D raw

accelerometer or other body worn sensor signals, Jiang and Yin (2015) transformed the raw

data into 2D activity images via a DFT transformation of the raw data. After the trans-

formation, the 2D image is fed into the CNN like a standard image recognition process to

build and test the model. The approach proved a success, scoring 95.18, 97.01 and 99.93%

accuracy on the UCI-HAR, USC and SHO datasets. As features are naturally learned in the

CNN architecture, this research has highlighted the importance of intelligent pre-processing

techniques to build a robust CNN classifier.

4.2.6.3.3 Recurrent Neural Networks and the Long-Short Term Memory Net-

work Recurrent Neural Networks (RNN) are among the most prominent deep learning
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Figure 4.15 Top: Illustration of a rolled RNN unit. Bottom: Illustration of an
unrolled RNN. Recreated from Olah (2015).

network designs. A RNN allows their hidden states to loop (or to “recur”). Fig. 4.15 (Top)

illustrates the recurrence of an activation unit ‘A’ in the hidden layer. The output of the

hidden state is looped back into the input of the hidden state, and so in the next iteration,

the hidden state calculates its activation function based on inputs from the previous and

current iteration, and the process repeats for the pre-determined number of loops. Fig. 4.15

(Bottom) shows how each recurrent loop can be symbolically unrolled into a linear sequence

of activation units for 0 . . . t iterations. At the end of the recurrence loop, the activation

unit considers both the input xt and all previous outputs h0 . . . h(t−1) to generate its final

output ht. As a result of this looping, RNNs have a property called sequential memory which

can be used to predict the “intent” of a sequential time-series input. The RNN is thusly

capable of classification through the fast sequential processing of the sequence data, and as

such does not require a formal feature extraction process as seen in supervised classifiers and

other neural networks (Chen et al., 2016; Inoue, Inoue, and Nishida, 2018). This is again

another example of “feature learning” as also seen in CNN architecture.

A disadvantage in standard RNN architecture is that when sequences in the loop are very
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long, the RNN has great difficulty making inferences of dependencies that are temporally

far apart in the sequence, in other words it means the RNN is poor at recognizing long-term

dependencies. This is known as the ‘vanishing gradient’ problem in RNN and is what led

to them falling out of favour for machine learning solutions (Bengio, Simard, and Frasconi,

1994). In most modern RNN architecture, a variant called the ‘Long-Short Term Memory’

(LSTM) is used instead. LSTMs are structurally very similar to RNNs, with main differ-

ence being that in the recurrence hidden layers, they contain a memory cell known as the

LSTM unit (Hochreiter and Schmidhuber, 1997). This LSTM unit has control over which

components from the previous state are kept (and if so, to what degree) and which compo-

nents are not included. This gives the classifier a much greater probability of recognizing

long-term dependencies and thus build a more robust classifier. Once the recurrence loops

are completed, the resulting loops are fed into the fully connected layer and passed to a

SoftMax activation function to calculate the cross-entropy. This determines the probability

of the output belonging to each class, and the class with the highest probability is chosen as

the predicted output. Another frequently featured layer in LSTM and other Deep Learning

networks is the Dropout layer. This layer controls the percentage of neurons from a preced-

ing layer that are to be removed or “dropped out” from the training process. This creates

a regularization factor for the network and prevents it from overfitting on data during the

training process.

LSTMs have shown some promising results for HAR datasets. Chen et al. (2016) found

an LSTM-based RNN network had 92% accuracy on the WISDM dataset. LSTM methods

further outperformed Decision Trees, RF and SVM in Inoue, Inoue, and Nishida (2018) for

the HASC and UCI-HAR datasets. Some research has presented less favourable results for

the RNN approach; Zebin et al. (2018) compared multiple variations of the LSTM model

on a self-collected dataset with six low-level activities18. Although the included models were

all able to achieve high recognition accuracies (minimum 88%), all included models were
18Activities monitored: level walking, up/down stairs, sitting, standing, lying
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outperformed by an SVM with standard feature extraction. They note in their discussion

that this was likely because the dataset did not necessarily contain long-term dependencies

which would have otherwise adversely impacted on the SVM. Milenkoski et al. (2018) found

the LSTM being outperformed by a MLP model on self-collected datasets using both lab

and field conditions and a mobile phone for accelerometer signals. While having very high

prediction accuracy on walking, jogging, sitting, and standing, the LSTM visibly struggled at

recognizing upstairs and downstairs activities (mean 97.2% recognition rate of jogging, sitting

and standing vs. 58.7% mean recognition rate of upstairs and downstairs), it further had

notably weak performance on a field collected dataset, with downstairs activities averaging

at just 21% accuracy. From these datasets, it seems clear that LSTM performs best when

using large datasets, and additionally works better when there are long-term dependencies

in movement that the LSTM can recognize.

4.3 Part II: Interpretation of the review to construct

a HAR study for ILLAs

The content of this chapter thus far has described the key design steps for a HAR study, and

the various choices that can be made for the machine learning classification. The second part

of this chapter is an extended conclusion that summarizes the key findings from the literature

discussed, along with discussion of additional HAR studies conducted on populations with

gait impairments (including lower limb amputations), to construct a novel HAR study.

4.3.1 The Data Source

At the beginning of the chapter, it was explained that public datasets can be a fast and cost-

efficient method of acquiring data for a machine learning study. Unfortunately, regardless of

how many activities are collected, the number of sensors used, or the number of participants
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recruited, publicly available datasets are not useful to the researcher if they do not contain

relevant data. In this thesis, ILLAs are required for study. None of the datasets included in

Demrozi et al. (2020)’s survey specifies inclusion of ILLAs and to the author’s knowledge, no

publicly available dataset exists which involves ILLA recruitments outside of a constrained

laboratory setting. Hood et al. (2020) has a publicly available file on 18 ILLAs walking on

a treadmill at different speeds, however this dataset is intended for gait analysis rather than

activity recognition. Hu et al. (2018) collected IMU-based data in a laboratory environment

using assistive robotics to emulate the movement patterns of an ILLA. Naturally, this is

not as realistic as collecting data from amputees themselves, and the laboratory conditions

further hamper the real-life applicability of the data. Thus, the study in this thesis acquired

data first-hand.

4.3.2 The Data Collection Process

It was established in Section 4.2.1.2 that data collection for HAR can be controlled (in

laboratory environments), naturalistic (free-living conditions), or a hybrid combination of

both. The naturalistic approach was chosen for the activity monitoring study out of necessity:

at the time of planning, the COVID-19 epidemic was present in the UK, and as a result

many laboratories at the author’s University (the University of Strathclyde) were closed

throughout most of 2020. By conducting research in naturalistic settings, not only would

the data collected be more representative of daily amputee movement, but it also meant

it was possible to continue the investigations without major delays. Further to this, there

are very few studies which actually conduct HAR with an amputee population in free-living

environments. Arch (Schrank) et al. (2018) conducted a free-living experiment with ILLAs

using a Fitbit® and StepWatch™, however their objective was to assess the accuracy of

step counts, and not to try and recognize new activities. Gardner et al. (2016) developed

an algorithm to differentiate sitting, standing and the donning/doffing of a prosthesis in
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free living conditions – this has limited scope in terms of capturable activities, and did not

utilise machine learning. The strongest evidence showing a lack of relevant studies came from

Labarrière et al. (2020)’s systematic review of HAR in amputee populations. They highlight

that of 58 included studies, only two were conducted outside of laboratory environments

(Zhang et al., 2019a; Zhang et al., 2019b). These studies both utilized visual information

from a mountable RGB camera as a key component in their terrain recognition process,

and as was emphasized at the beginning of the chapter (Section 4.1, including visual sensors

opens up issues of privacy invasion as well as poor cost scaling. These findings indicated that

this research would be one of the first studies to try and capture a wide range of activities

from ILLAs using only wearable inertial sensors.

In addition to an ILLA population, it was decided to include individuals with no gait

impairments in the study. This was done for several reasons: it was anticipated that, con-

sidering the low number of participants in the interviews of chapter 3 and the restrictions

with recruitment due to the coronavirus epidemic, the number of amputee participants that

could be recruited was expected to be small. Additionally, combinations of non-amputated

and ILLA populations in HAR studies is not unprecedented, as seen in the literature review

by Labarrière et al. (2020). By having a reasonably sized control population (estimate 6-10

people based on numbers listed in Labarrière et al. (2020)), it could be possible to investi-

gate the cross-subject reliability of ML algorithms. It opened the opportunity to investigate

whether training machine learning algorithms on non-amputated individuals could be used

to detect physical activity in ILLAs; similar research has been conducted in the past with

stroke patients with mixed results (O’Brien et al., 2017; Vageskar, 2017). If successful, this

would have significant clinical applications: it would signify that the training data for a ma-

chine learning algorithm would not need to be collected from vulnerable population, which

can be dangerous, time consuming and expensive (Yin, Yang, and Pan, 2008).
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4.3.3 The Sensor Configuration

To re-iterate the scope of the review, wearable sensors were the only considered method of

sensory deployment, as on-object and video monitoring methods of HAR can ethically only

be evaluated in laboratory conditions, but as just established in Section 4.3.2, laboratories

were inaccessible due to covid-19 restrictions. Section 4.2.2 listed a wide variety of wearable

sensors that have been used for application of HAR, including the various ways they can be

embedded in ’smart’ technology such that they do not have to be a standalone module. To

determine the most appropriate sensory mechanism, it was decided to use the most com-

mon and reliable method described in the literature, which fortunately had previously been

researched by Demrozi et al. (2020) and is summarized in Figs. 4.16-4.17. Accelerometers

are overwhelmingly the most popular sensor choice in HAR, and show consistently high per-

formance in terms of accuracy across almost 150 independent studies. Recall that the list

of outcomes that were desirable for clinical activity monitoring were identified as follows:

stepping activity on slopes, stairs, camber (of a road), uneven terrain, and indoor/outdoor

stepping, as well as prosthetic wear, cadence variations, walking speed variations and going

cycling. In essence, the outcomes are centralized on walking activities, with the exception

of cycling and prosthetic wear. This chapter has demonstrated that walking activities (and

cycling) are all capturable with an accelerometer, meanwhile prosthetic wear can be inferred

from a lack of acceleration over an extended period of time. This showed that an accelerom-

eter, even standalone, was a suitable device for recognizing the identified outcomes.

In Sections 4.2.2.1.2 & 4.2.2.1.3: it was argued that physiological and environmental sen-

sors were rarely used in activity monitoring due to their fundamental flaws, and the findings

of Demrozi et al. (2020) show that they are typically relegated to niche uses in HAR. Though

EMG and heart-rate sensors are listed as the most accurate sensors, the number of studies

that have used them are astronomically smaller than accelerometers, thus their validity as

sensing devices have yet to be proven. It is evident from Vaizman, Ellis, and Lanckriet
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(2017)’s study that environmental sensors do not necessarily improve activity recognition

rates, but rather can assist with the annotation process. In their study, they used audio

and GPS signals to help decipher the contextual environment where a physical activity was

being performed, which in turn made the annotation process less prone to errors. Further

evidence is shown in Md et al. (2016), which used heart rate and barometric sensors to

“context filter” activities primarily measured through accelerometer and gyroscope sensors.

However, even if these sensors were included for context filtering, one must consider that in a

clinical environment, requiring a client to wear an array of sensors would probably be phys-

ically uncomfortable for the client. Additionally, requiring more sensors would significantly

increase the level of compliance on the user-end (meaning more demands would be made of

the participant to ensure they were using all devices correctly at all time), which would not

translate well to clinical environments. It became the aim of the activity monitoring study

that a minimal amount of sensors and wiring should be needed to perform HAR. Therefore,

physiological and environmental sensors, as well as gyroscopes and magnetometers, could op-

tionally be included so long as they were incorporated with the accelerometer in a singular

embedded device.
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Figure 4.16 Barchart of most popular Sensors in HAR literature, as identified by
Demrozi et al. (2020). Recreated from Demrozi et al. (2020)

Figure 4.17 Barchart of the average accuracy of sensors in HAR literature, as
identified by Demrozi et al. (2020). Recreated from Demrozi et al. (2020)

With primary method of sensing established (accelerometry), the next decision was to
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choose the most suitable accelerometer, or a multi-sensory device embedded with an ac-

celerometer. Because it was impossible to directly oversee participants in the study, it was

important that the wearable sensors used for the investigation had a long battery life such

that they would endure operation for at least a week without needed maintenance from the

user. When battery life of the wearable sensor is short, there will inevitably be less com-

pliance from the participants, leading to the loss of large volumes of data (Sanders et al.,

2018). From these considerations, the ActivPAL IMU was chosen as the sensory device.

The ActivPAL has proven reliability in being able to distinguish between sitting, standing,

and walking (Grant et al., 2006), and has demonstrated ability to measure step counts re-

liably in ILLAs (Buis et al., 2014). The ActivPAL’s primary sensory instrument is a 12-bit

resolution accelerometer, which operates at 20Hz sampling rate and is considered a good

sampling frequency for HAR (Khan et al., 2016). Through dynamic data compression in

the absence of movement, the ActivPAL is capable of comfortably operating over the course

of a week without requiring charging; the long battery life of the ActivPAL also makes the

device suitable for clinical monitoring, as short battery life in sensory instrumentation was

one of the barriers to prosthetic monitoring identified by Chadwell et al. (2020). The device

is also tamper-resistant (a key quality needed in a monitoring device as indicated by HCPs

in Chapter 3.2.3), as recording can only be interrupted by connecting to specialised software.

Another important factor to disclose was that the PhD was carried out with sponsorship

from PAL Technologies, which meant their team members could provide the latest up-to-

date hardware revisions and software and assist with giving technical advice relating to the

ActivPAL. The ActivPAL unit additionally contains a magnetometer operating at 20Hz, and

a thermometer and barometer which operated at roughly 1Hz each. These modalities are

discussed further in Chapter 5.6.1. Another interesting detail about the ActivPAL is that

it is paired with proprietary software (PAL Analysis, PAL Technologies, Glasgow UK) that

uses readings from the ActivPAL to automatically process periods of sitting, standing and

walking bouts and can also record step count. The application of this software to validate
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step count and bouts of movement or standing is explored in Chapter 8.

4.3.4 Choosing number and placement of Sensors

The key findings of the literature review of number and placement sensors in Section 4.2.3

was that there generally is not an optimal location for placement of a wearable sensor,

however all wearable sensors should account for displacement of the sensor during movement

as a potential confounding factor on sensor readings. When placed on the anterior thigh, a

single ActivPAL can provide ample coverage of physical activity movement in the lower body.

By including more ActivPALs, there is a risk of reducing user compliance. Additionally, it

was desirable to try and keep the costs of the study low; by including more ActivPALs,

this would increase the price of replicating the investigation. The ActivPAL by design

has an optimised step-detection algorithm when the sensor is placed on the anterior thigh

(Edwardson et al., 2017). This was also why the ActivPAL was favoured over a smartphone:

by ensuring the location of the sensor’s placement was consistent, there would not be a

confounding disorientation factor in the ActivPAL sensor readings and would eliminate any

need to create an algorithm to correct for sensor displacements. The ActivPAL is a small

4x2cm device can also be worn under clothing, which assists with compliance as participants

are generally more likely to wear a sensor that is not noticeable (Bergmann and McGregor,

2011).

4.3.5 Feature Extraction

Section 4.2.4 detailed the various types of features that can be collected for wearable sensor

data. While the features that can be extracted are mechanically simple (for example, the

mean of a sample of data), it is generally impossible to determine beforehand whether those

features will benefit the classification performance or not. Features that may work well

in one HAR study may be completely irrelevant in another HAR study. The research by
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Labarrière et al. (2020) contained an exhaustive list of features used in ILLA HAR and they

are primarily a mix of common statistical features, suggesting there are currently no known

features that can be employed specifically relating to the detection of ILLA physical activity.

The feature list for the investigation was built through a combination of consideration

for popular features for HAR that were outlined in this chapter, and an exploratory data

analysis using the ActivPAL sensor data in timeseries plots. From this chapter, the relevant

features that were identified through the literature and Labarrière et al. (2020) were statis-

tical features including the mean, median, variance, root mean square, norm, mean absolute

deviation and the differentials of these signals, which appeared with abundant frequency.

As there have been no investigations to dispel the effectiveness of these features within a

HAR context, there was no compelling reason to not include them. These features are all

non-specific time-series based and can be applied to any sensor. The exploratory data anal-

ysis involved assessment of data collected after the HAR study was completed, and is thus

elaborated in Chapter 5.7.

When using deep learning neural networks, the need for feature engineering can be by-

passed entirely, as networks like the CNN and LSTM can automatically make inferences

about important features when given supervised (annotated) training data that can con-

sist of just the raw timeseries data from the sensor. However, the "relevant" features that

are chosen in deep learning are often far more abstract and may not be interpretable. For

the purposes of understanding the data and discussion of important features, especially in

comparison of non-amputated and ILLA populations, it would have been unfavourable to

disregard the feature engineering process together. The application of deep learning networks

for this human activity recognition study are further discussed in Section 4.3.7.1.
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4.3.6 Feature Selection

It is important to recognize when feature selection or feature transformation should be cho-

sen as the dimensionality reduction method. In the literature, there appears to be no papers

which have considered the best dimensionality reduction approach relevant to ILLA partic-

ipants. For the general population, neither approach has been shown to be consistently the

stronger method; in Rasekh, Chen, and Lu (2014), LDA had much better classification rate

over SFS approaches, whereas in Dehzangi and Sahu (2018) and Wang, Cang, and Yu (2016)

a wrapper and hybrid filter-wrapper approach respectively outperformed PCA and kPCA.

Throughout this chapter, the literature suggests that feature selection should be chosen when

the individual features are of importance (i.e are certain features calculated relevant or ir-

relevant), whereas feature transformation may be preferable if the only consideration is the

performance of the classifier system, as the relevant features are harder to interpret. Finally,

it should be noted that feature selection and feature transformation are not mutually exclu-

sive processes; hybrid approaches, such as those shown in Abo El-Maaty and Wassal (2018)

and Wei et al. (2018) demonstrate that it is possible to first perform feature selection to

remove redundant features, and then apply feature transformation to further compress the

relevant features into lower dimensions. Both trials shown promising results, obtaining 95%

accuracy with reasonably sized numbers (10-20) of PCA components. For the subsequent in-

vestigation, it was decided to investigate all three approaches: to apply feature selection and

dimensionality reduction separately, and to apply feature selection followed by dimensional-

ity reduction. For feature selection methods, chi-square, Relief-F and minimum redundancy

Maximum Relevancy are chosen due their pre-programmed availability in Matlab’s classifi-

cation package. Matlab was the chosen environment for data processing, which is elaborated

in Chapter 5.3. At first, only PCA was considered as the dimensionality reduction process

due to its high computational efficiency and ease of interpretability (regarding understanding

which features explain the systematic variance) compared to non-linear dimensionality reduc-
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tion processes (Karamizadeh et al., 2013). Non-linear dimensionality reduction approaches

like t-SNE and UMAP were initially not considered for implementation due to their output

inconsistency created by their non-convex cost functions, but were eventually included in

Chapter 7, in this chapter an unsupervised learning approach is taken (see Section 4.3.7)

and in that analysis it no longer became important to understand which features were chosen

to best represent the data in low dimensions, allowing for the incorporation of the non-linear

processes.

4.3.7 Classification Approach

In Labarrière et al. (2020)’s systematic review of human activity and intent recognition

studies, all of the studies conducted used supervised models or neural networks; none of the

identified studies used an unsupervised model approach. A literature search in PubMed,

Scopus, and Web of Science databases was then conducted using key search words: “unsu-

pervised”, “amputation”, “physical activity” (and numerous synonyms for each key term),

yet no studies were identified. Ariza Colpas et al. (2020) conducted a systematic review on

unsupervised learning studies for HAR, and none of the included studies used ILLA partic-

ipants. These findings all strongly indicate that an unsupervised learning study had never

been conducted with an ILLA population. While unsupervised models typically tend to

underperform in HAR contexts compared to supervised models (Ermes et al., 2008), the

unstructured approach to unsupervised learning can potentially lead to the identification of

new activities not defined by the researchers. In regard to the activity monitoring system

discussed in Chapter 3, the unsupervised approach could allow the system to evolve and

capture new types of activities. Recall that the number of ILLA participants recruited for

interview sessions were low, and so it is likely these interviews did not encapsulate the full

portfolio of activities for an ILLA. All unsupervised classification algorithms discussed in this

review were considered for analysis, as all had shown great capability of clustering activities
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under extrinsic evaluation techniques. As it was felt it was necessary to have ground truth

annotation of the dataset in order to give some concrete evidence of reliability of the algo-

rithms, extrinsic evaluation of unsupervised clustering algorithms would be possible within

the confines of this HAR study.

Supervised analysis of the dataset was also investigated; as previously mentioned, the

number of HAR investigations conducted on an ILLA population in free-living conditions

is very low, and none of the identified studies were conducted using only inertial wearable

sensors, so there was still novelty in applying a more traditional supervised approach. The

supervised classifiers chosen are those described in Section 4.2.6 - namely the SVM, kNN,

RF, AB, BN and the LDA approach, the latter of which was discussed as a possible fea-

ture selection and classification approach. This is due to their preconfigured integration

in Matlab’s classifier app, where hyperparameter tuning can be carried out with minimal

need for coding. Each of these classifiers were demonstrated in this review to outperform or

underperform each other in a multitude of HAR studies, therefore it seemed probable that

any one of these classifiers could perform the best in the constructed study. While there

was opportunity to add complexity to the classifier design, for example by combining the

classifiers into an ensemble, this would generate considerable increase in the research scope.

For example, if creating an ensemble, this creates multiple experimental scenarios that would

have to be addressed: what classifiers should be chosen? How would they integrate with each

other? Would multiple combinations be tested? Would classification be varied with different

structures of activity labels? These scenarios could not be completed to a satisfactory degree

within the timeframe of the PhD, and as such only looks at preconfigured classifier models.

4.3.7.1 Considerations for Neural Networks

In addition to the supervised classifiers, neural networks were further considered as an al-

ternative supervised classification method. As previously stated, they have been used before

to classify walking activities carried out by ILLAs (Labarrière et al., 2020). By incorpo-
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rating neural networks, this could provide an interesting discussion of feature engineering

versus automated feature learning in regards to recognizing walking activities from wearable

sensors. Neural networks would be implemented only on the condition that the collected

dataset was of an appropriate size. It is a misconception that neural networks and deep

learning require large dataset sizes (> 10000 samples for example) to adequately construct

a classifier. If the number of samples collected in the investigation was comparable to num-

bers collected by other studies that have used deep learning for HAR, then a neural network

approach would be deemed viable. Of the neural networks discussed in this review, only the

LSTM classifier was considered for implementation, the reason why only LSTM was chosen

was due to the general design complexity of neural network processes; it would consume a

considerable amount of time to design multiple Neural Networks while also finding suitable

hyperparameters. In Matlab deep network design interfaces, CNNs require input signals to

be converted to an image format before being processed, and by considering the potential

size of the dataset, this would require an exponential increase in the required data memory.

The results of this are discussed further in Chapter 5.9.3.

4.4 Chapter Conclusion

This chapter has been a concise review of the concept of machine learning and human activity

recognition. Through analysis of the literature, it was identified that in regard to the ILLA

population, very few HAR studies are conducted in free-living conditions, and no research

appears to have attempted to formulate a HAR system using an unsupervised model. These

research gaps led to the formulation of a HAR study on ILLAs which will be described

in detail in the next chapter. In regard to the activity monitoring system, a robust HAR

classifier built with a single low-cost wearable sensor on the data of ILLAs could be utilised

by healthcare professionals to monitor their activity.
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Chapter Five

Collection of Detailed Physical

Activity Data from Non-Amputated

Individuals and Individuals with

Lower Limb Amputation in Free

Living Settings

5.1 Introduction

In Chapter 4, it was established that there are gaps in the research field relating to the HAR of

ILLAs in free-living conditions. By conducting an investigation and acquiring a robust HAR

system in these conditions, this research could lay the groundwork for a low-cost activity

monitoring system that can capture relevant physical activities for healthcare professionals to

analyse. In this chapter, the challenges of capturing the data in an environment where there

were strict limitations due to the coronavirus epidemic are discussed. The data captured by

the wearable sensor, the necessary pre-processing procedures and the quality of data gained

from the investigation will also be analysed in detail.
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5.2 Formation of the Data Collection Study

In order to conduct the investigation, ethical approval had to be sought from Strathclyde

University. Ethical approval was sought separately for the two main populations of the in-

vestigation: ILLAs and non-amputated individuals with no known gait impairment. Ethical

approval was granted for the non-amputated population (reference BioMed/2020/293) and

for the ILLA population (reference UEC20/55).

University ethics dictated that under coronavirus restrictions, physical contact between

the researchers and the participants would be minimized. This meant that face-to-face

interactions were limited to delivering and returning equipment for the study, thus in order

to acquire Ground Truth Annotation (GTA) for our data, the participant would need to be

responsible for recording themselves.

5.2.1 Acquiring the Ground Truth

The GTA process is when raw data points are given labels (in this context, a physical

activity) which indicates the true identity (the “ground truth”) of the data point. As the

ground truth must be determined through human inspection or analytical processes, the

ground truth is not always the “absolute truth”, meaning the activity that has actually

been carried out. In supervised machine learning scenarios, labelled data is a necessity as it

trains a classifier to associate the values of features with classes, in this context activities.

GTA also provides a method of evaluating the classifier’s performance. There are various

means through which a ground truth can be obtained, and each method has their strengths

and weakness as discussed in the “Data Collection” section of Chapter 4.2.1.2. The final

method chosen for GTA was to utilise a body-worn camera video recording set-up. Other

methods simply could not provide accurate timestamps to detect activities. While there is

risk of camera obfuscation, by instructing participants to wear a hands-free body camera

worn over clothes, the risk of loss of data would be minimized. Unfortunately, using a
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camera came with some strict limitations from the ethics committees; it was not possible to

allow recordings to be carried out in the participant’s homes, and only recordings of public

areas were allowed. To adapt to this limitation, the study was structured such that data

collection would only take place when the participant went for a walk in their local vicinity.

To protect visual identities of the public, the camera also had to be angled approximately

45 degrees downwards from the horizontal. This would have some impact on the difficulty

of annotation, as will be discussed in Section 5.5.

5.2.2 Acquiring GPS data

From Chapter 3.2, one of the key activities to be established by an activity monitoring sys-

tem is the identification of uphill and downhill movements. In a laboratory environment,

sloping movement can be easily distinguished through the use of ramps. In a free-living en-

vironment however, slopes are much more difficult to define and measure due to the sporadic

nature of terrain in external environments. In order to keep costs low, slope information

was tracked using elevation data from the fitness-tracking Strava™ application (Strava Inc.,

CA USA) installed on a second-hand iPhone® 6 (Apple Inc., CA, USA) device. If the op-

erating smartphone contains a barometer or altimeter, then Strava’s elevation readings are

directly extracted from the smartphone (Meg, 2021), hence the accuracy and precision of

the Elevation readings were determined by the smartphone’s sensors. The iPhone 6 contains

a BMP280 barometer (Bosch, Gerlingen, Germany) which can measure changes in altitude

with a precision of ±0.12hPa (or ±1m equivalent), operating at a sample frequency of ap-

proximately 1Hz (Bosch, n.d.; Hintz, Vedel, and Kaas, 2019). While the elevation precision

of the sensor was poor, this was not a large concern as the exact elevation reading was

not necessary to determine the presence of a slope, as will be elaborated in Section 5.5.1.

Moreover, the altimeter included in the iPhone 6 has been found to have the highest eleva-

tion accuracies among consumer grade GPS devices, especially when using Strava (Barberi,

122



2017), so this appeared to be the most cost-effective method of obtaining accurate GPS

readings.

5.2.3 Study Requirements

Of notable inclusion criteria, participants from both demographics were required to be able

to carry out physical activity for a sustained period of time. In order to try and accommodate

for older participants, it was determined that over the course of a week, (the approximate

maximum operating period of the ActivPAL) participants should be able to collect 20 min-

utes of walking data per day, totalling 140 minutes of data per participant. The low threshold

of 20 minutes was chosen to ensure that all ILLAs, whom statistically have less fitness and

endurance than the general population (Chin et al., 2002), would avoid fatigue. All par-

ticipants were given flexibility over the recording period; for instance, they could complete

recording in 2x70 minute sessions provided they were comfortable with doing so. To ad-

here to the free-living component of the study, participants were not instructed to take a

particular route prescribed by the researcher; each participant was given the opportunity

for the researcher to recommend a particular route devised from Google Maps™ (Google,

CA, USA), however all participants declined the offer. As terrain variation was one of the

identified ideal outcome measures of an activity monitoring system (from Chapter 3.2), par-

ticipants were encouraged to walk on as many a variety of terrains as they were comfortable

with, including sloping variations of terrains and up and down stairs. Given that the target

population was ILLAs and recording was to be held in exterior environments during the Au-

tumnal and Winter seasons, participants also had to be instructed to not perform vigorous

activities (for example jogging) for risk of slipping and falling during wet or icy weather. As

technology was an important part of complying with the study, all participants who con-

sented to participate were given a brief survey through e-mail communication to ensure they

would be able to operate all technological components without issue.
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In summation, the study would be conducted with participants recording themselves

walking only in external environments for approximately 140 minutes over the course of

a week. There would be 3 recording devices used: the ActivPAL, which would capture

IMU data, a body-worn camera, to provide GTA relating to activities and terrains, and

a Strava recording running on an iPhone 6 device to capture elevation data. Participants

were instructed to place the iPhone in a pocket or jacket away from the ActivPAL worn on

the thigh, such that it would not interfere with the ActivPAL’s magnetometer sensor. An

example of the recording set-up is shown in Fig. 5.1. As the ActivPAL and the smartphone

would be worn under clothing, their approximate locations are illustrated. The smartphone’s

placement was arbitrary, so long as it was not placed in a pocket next to the ActivPAL device,

which could potentially create noisy accelerations if the two devices bumped into each other.

Figure 5.1 Photograph of recording setup for the data collection study (AP =
ActivPAL).
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5.2.4 Recruitment of Participants

As university campuses were closed throughout 2020 due to Covid restrictions and there

was no foreseeable reopening in 2021, it was not feasible to recruit on campus. As a result,

most participants were recruited through convenience sampling; non-amputated participants

were recruited by advertising on the author’s social media. ILLA participants were recruited

through a combination of contacting participants from the previous interviews of Chapter 3

(who had given consent to be contacted again for future studies) and through a virtual poster

displayed on a local amputee charity’s social media page. This led to some volunteering and

location bias in the participant demographics. All participants had to be at least 18 years

of age, be comfortable performing moderate vigorous activity and not be at risk of life-

threatening conditions if infected with the coronavirus. The ILLA volunteers were further

required to be able to ambulate with a prosthesis without the use of walking aids and not

have any comorbidities or musculoskeletal conditions which could potentially impact on their

ability to ambulate for sustained periods of time.

5.2.4.1 Participant Characteristics

A total of 8 non-amputated participants and 4 participants with lower limb amputation

were recruited for the study. Their primary characteristics are listed in tables 5.1-5.2. From

this point onwards, specific subjects are referred to using a letter-number rule. For exam-

ple, non-amputated subject #8 is referred to simply as “H8”, and amputee subject #2 is

referred to as “A2”. All participants who consented to participate in the study were able

to carry out their recording successfully, with zero dropouts. However, it should be noted

that two of the recordings from subject H1, and one recording each from subjects H4 and

H5 had to be discarded from analysis due to improper camera positioning or recording at

nighttime, making video data poor and analysis of those recordings subsequently infeasible.

The demographics match in terms of height and weight, however there were large gender
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biases in both demographics with the vast majority of participants being male. Additionally,

there was a noticeable age bias between non-amputee and amputee demographics; most of

the non-amputated volunteers were in their mid-20s, while the mean age of the ILLAs is

approximately 50. While this is undoubtedly could have had adverse impact on machine

learning testing accuracies, for research purposes it would be useful to determine if training

data on a younger non-amputated population could still result in the detection of activity

for an older population with gait impairments. Despite the relatively small sample size of

amputee subjects, there was some interesting variation in the amputation time with 2 long-

term experienced amputees and 2 comparatively inexperienced amputees, and there was a

bilateral amputee to provide a comparison point to unilateral amputees.

Table 5.1 Characteristics of the non-amputated participants

Subject Height (m) Weight (kg) Age (years) Gender

Non-amputated Subject #1 1.80 84 24 Male

Non-amputated Subject #2 1.65 63 51 Female

Non-amputated Subject #3 1.62 65 18 Female

Non-amputated Subject #4 1.97 99 25 Male

Non-amputated Subject #5 1.92 102 25 Male

Non-amputated Subject #6 1.83 89 24 Male

Non-amputated Subject #7 1.84 88 25 Male

Non-amputated Subject #8 1.78 98 25 Male

Table 5.2 Characteristics of the ILLA participants

Subject Height (m) Weight (kg) Age (years) Gender Type of Amputation Amputation Time (years)

Amputee Subject #1 1.79 95 55 Male Unilateral transtibial 3

Amputee Subject #2 1.70 86 57 Male Unilateral transtibial 32

Amputee Subject #3 1.72 110 40 Male Unilateral transtibial 33

Amputee Subject #4 1.52 61 48 Female Bilateral transtibial 4
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5.3 Computing Environment

All data processing in this chapter and all chapters following are performed in the Matlab

environment (Matlab r2021a, Mathworks, MA USA). Matlab was chosen due its ease of

use - all function packages can be downloaded from a centralized secure server - and was a

useful tool for debugging via the variable explorer and informative documentation for each

of its functions. Matlab also allows for integration of community-built packages, which can

be reviewed by other users to check whether the implementation of the package works as

intended. All calculations were locally performed on the author’s personal computer; the

processor used for calculations was an i5-8600 Intel® CPU with 3.10GHz clock speed and

had 16GB of RAM available.

5.4 Data Synchronization

Synchronization of the ActivPAL, camera and Strava timestamps were necessary in order

to ensure that the annotated labels would be associated to the correct timestamps in the

ActivPAL sensory data, and to ensure that the uphill and downhill annotation data would

be accurate. Each source obtains a “time” using a different process: the camera time is

manually set using in-built software and uses an internal clock to track the time. The Strava

GPS timestamps are acquired directly from the operating smartphone, and the ActivPAL’s

internal clock is synchronized to the computer which initiates the device’s recording process.

Through some experimentation it was discovered that there was significant drifting in both

the camera and the ActivPAL’s internal clocks. By using points in video recordings where

the participant was standing still and comparing this to acceleration readings in the raw

ActivPAL data, it was determined that the ActivPAL’s internal clock drifted at a constant

rate of 16 seconds per day relative to the time of the camera’s clock. This information was

used to adjust the correct time of the ActivPAL’s internal clock. Further, as the drift factor
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was approximately 0.5 seconds per hour (relative to the camera time), longer recording

sessions adjusted the time of the ActivPAL an additional 0.5 seconds for each additional

hour of recording. In order to correct for the camera’s drifting factor relative to the GPS

timestamps, the participants were instructed to use the camera to record the clock on the

iPhone’s display screen at the start of each recording, and this determined that the camera

drift factor relative to the GPS time was approximately 3 seconds per day.

5.5 Data Annotation

After data had been collected from all participants and synchronized, the first stage of data

analysis was to perform data annotation. Annotation was performed with Visual object

Tagging Tool (VoTT) software (Microsoft, WA, USA). While the software’s primary function

is for image recognition training, VoTT contains the ability to playback any video in real

time and quickly annotate scenes. It also contains a useful function which allows the user to

cycle through each annotated scene, such that it allows easy review of the annotated tags for

each video. The program can export the timestamps of each annotation in a “.csv” format,

which can then be used to associate sensory data with the labels in other software. Fig. 5.2

shows an example of the VoTT annotation process for one user.

Approximately 1,680 minutes of video data was collected (12 participants * 140 minutes of

data). The time required to complete annotation for a single video was roughly equal to the

length of the video itself; when there is a change in activity or terrain - for example going from

a grassy uphill terrain to a concrete uphill terrain - the video had to be paused to assign the

label. However, the video playback speed could also be fast-forwarded up to five times, which

was advantageous when it was clear there was no change in terrain, which roughly balanced

the time of annotation to be equal to that of the recorded time. To mitigate fatigue and

error in the labelling process, the author would take a 10-minute break after completing an

hour of annotation. While multiple rounds of annotation process were considered (meaning
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Figure 5.2 Screenshot of VoTT user interface

perform annotation process multiple times then obtain an ’average’ annotation label), the

full round of annotation required 4 full-time working days to complete, making it impractical

and fatiguing to repeat the process again. The impact of only performing a single round

of annotation is explored in Chapter 6.4.4, where it was speculated there were potentially

numerous instances where the ground truth annotation acquired in this process did not

necessarily match the absolute truth of the activity label.

Activities were labelled first by the type of terrain that was being traversed (e.g concrete,

grass, sand etc.) and then by the condition of the terrain (flat, uphill, or downhill). On

certain roads that physically resemble the example in Fig. 5.3, additional information was

added whether the subject was crossing the road (“Concrete, Camber, Perpendicular”) or

walking in parallel to the direction of the road (“Concrete, Camber, Parallel”) as both

activities can make slight alterations of the gait: in perpendicular camber movement, there

is a slight rise followed by a slight fall in elevation as they cross the “crown” of the road,

while in parallel camber movement one leg is positioned slightly higher than the other.
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Figure 5.3 Diagram of the key components of a camber road, recreated from
SketchUP3DConstruction (n.d.).

In addition to labelling the timeseries data with walking activities, the "Null" tag was

used in a variety of situations whenever there was an event that could lead to misclassification

in the HAR algorithms. There were a handful of conditions in which scenes would be given

a null tag:

1. During any stationary activity. Given the ActivPAL’s reliability in being able to distin-

guish between sitting, standing, and moving through its proprietary VANE algorithm

(Grant et al., 2006), it was decided to exclude all stationary movement from HAR

recognition. In Chapter 8.3, there is some discussion on how the ActivPAL’s VANE al-

gorithm could be combined with machine learning to automatically discard stationary

activities from machine learning analysis.

2. Any recorded video that was taken in or near the participant’s homes.

3. Anytime the camera footage was obscured for a sustained period of time.

4. Any niche instances of movement (e.g walking backwards, shuffle of feet) as there would

be no feasible way of training and recognizing these activities given the small sample

size.

5. Whenever the terrain could not be confidently identified by the researcher

6. Slope angles within an ambiguous threshold range (see Section 5.5.1).
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5.5.1 Annotation of Slopes

Slopes were notably difficult to annotate, in part this was due to the required downward

angle of the camera making uphill and flat sections indistinguishable in certain recordings.

Thus, in order to identify uphill and downhill segments of a walk, the elevation data from

Strava was utilised. The angle of slope being traversed as a function of time, Θ(t), was

calculated by approximating the slope as a straight line (see Fig. 5.4), and then calculating

the inverse tangent of the elevation change, ∆Y (t), divided by the distance change, ∆X(t):

Θ(t) = arctan( ∆Y (t)
∆X(t)) (5.1)

Figure 5.4 Diagram of slope angle approximation

All angle calculations were performed using a MATLAB script and Strava GPS data.

∆Y was obtained from elevation readings, while ∆X was calculated using WGS84 ellipsoid

distance of latitude and longitude co-ordinates. Since elevation readings were dependent

on the accuracy of GPS readings, whose accuracy can fluctuate depending on the strength

of the GPS signal, the angular values were given a smoothing average over a heuristically

determined 10 samples, which gave a reasonable trade-off between “stability” of the angular

values plotted over time and the peak magnitude of the angle readings. A failsafe counter-

measure was put in place where if there were more than 15 seconds between two successive

Strava readings, the angle would not be calculated and all unclear movement within that

timeframe would be given a null label. An exemplary angle plot is demonstrated in Fig. 5.5.
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As annotation of the video progressed, the annotator would periodically check for whenever

the thresholds in the angular data were crossed, using the intersecting “*” points for precise

guidance on when the threshold cross occurred. There were four key angular thresholds in

the annotation process: a slope would be determined as uphill when the angle of the slope

exceeded +2.9°, or -2.9° for downhill. This threshold was referenced from the American Dis-

ability Association’s minimum slope angle requirement for construction of a sloped handrail

in a public access building (DoJ, 2010) 1. Due to the imprecision of elevation and ellipsoid

distance readings, an “inconfident” threshold was also constructed between +1.45 to +2.9°

and -1.45 to -2.9°. Any data that fell within this threshold would be given a null label, the

exception being when a participant was traversing stairs. This led to unavoidable loss of

data, but as it could not be confidently ascertained whether readings within this threshold

were uphill, downhill, or flat, it would have led to numerous mislabelling instances.

5.5.2 Activities Collected

A total of 24 unique activities were obtained from data analysis. Table 5.3 compiles all

activities collected from the study from a 40 sample or 2 second segmentation window, the

choice of sampling length is explained in Section 5.6.3. Null labels were excluded from

analysis. These activities use “full terrain resolution”, meaning that as well as including

the slope of the activity (flat, uphill, or downhill), the type of terrain that was crossed

was also included. In later chapters, these labels undergo a “label consolidation” process,

where similar activities are grouped together as a single, consolidated label. An example of

the consolidation process for flat terrain activities is presented in Fig. 5.6. This hierarchy

also applied to uphill and downhill activities. Stair data was considered to be “terrain-

independent”, as all steps traversed in outdoor conditions can be said to be formed from

concrete or stone, and so all stair activities did not specify terrain.
1Ramp standards differ between countries, but given physical disability is a universal condition, the choice

of standards is arbitrary
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Figure 5.5 Plot of slope angle against time for one recording of a participant.
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Table 5.3 Total sample counts of each activity with 40 sample window length

Activity Label Total Sample Count

Concrete, Camber, Downhill, Parallel 572

Concrete, Camber, Downhill, Perpendicular 93

Concrete, Camber, Parallel 3923

Concrete, Camber, Perpendicular 877

Concrete, Camber, Uphill, Parallel 540

Concrete, Camber, Uphill, Perpendicular 93

Concrete, Downhill 2549

Concrete, Flat 12200

Concrete, Uphill 2427

Downstairs 656

Grass, Downhill 151

Grass, Flat 1346

Grass, Uphill 78

Gravel, Downhill 46

Gravel, Flat 32

Gravel, Uphill 3

Red Ash, Flat 26

Sand, Downhill 12

Sand, Flat 232

Sand, Uphill 31

Stone, Downhill 80

Stone, Flat 496

Stone, Uphill 176
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Upstairs 691

Figure 5.6 Label hierarchy for "flat" terrain activities

5.6 ActivPAL Sensor Usage and Pre-Processing

5.6.1 Sensor Usage

As previously discussed in Chapter 4.3.3, the only sensor used for HAR was a thigh worn Ac-

tivPAL, pictured in Fig. 5.7, which comes equipped with an accelerometer, magnetometer,

barometer, and thermometer. The Accelerometer and barometer both operated at 20Hz,

while the barometer and thermometer operated at approximately 1Hz. Due to their low

sampling frequencies, information from the barometer and thermometer was discarded from
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further analysis. The accelerometer data from the ActivPAL was used for HAR. As previ-

ously established in Chapter 4.3.3 by Grant et al. (2006), the ActivPAL’s accelerometer is

considered a gold standard device for distinguishing sedentary and active behaviour.

Figure 5.7 Photograph of the ActivPAL unit with ruler for scale. The adjacent
axes represent the directions of accelerations when worn on the anterior thigh

The accelerometer readings were calibrated through PAL Technologies’ proprietary “STAC”

algorithm. Provided that there is a sufficient amount of data collected from the ActivPAL

recording, the STAC algorithm will calibrate accelerometer readings with a precision of 95%

or greater at ±0.02g, as Fig. 5.8 demonstrates. The left sphere represents sample readings

taken by the accelerometer, with precision represented in a colour heatmap. High precision

readings are indicated by green voxels, while lower precision readings are indicated by red

voxels. On the right post-calibration sphere, all readings are in green indicating that all

accelerometer readings have high precision. In a clinical environment, these devices would

be calibrated and tested in-house thus not require this procedure.

The ActivPAL’s magnetometer was at first intended to be used alongside the accelerom-

eter. Offering an additional 3 DOFs and the ability to acquire North-East-Down (NED)

orientation data via accelerometer and magnetometer sensor fusion could have provided

useful features to distinguish physical activities (Silva, Paiva, and Carvalho, 2021). Unfor-

tunately, the magnetometer data suffered from technical issues. During some recordings,

the magnetometer readings underwent saturation; Fig. 5.9 demonstrates an example of one
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Figure 5.8 (Caption on next page)
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Figure 5.8 ActivPAL reading precision pre-calibration and post-calibration, repre-
sented by colour-mapped voxel spheres. Red voxels in a particular direction indicate
the accelerometer readings in that region are imprecise, while green voxels indicate
higher precision bands of ± 0.1g or smaller

recording of a participant where the saturated readings were consistent throughout the entire

duration of the recording, while Fig. 5.10 shows a different recording from the same partic-

ipant where the magnetometer readings are not saturated. While it would be reasonable to

discard such readings if they were only present for small periods at a time, discarding entire

recording sessions was undesirable. When discussing this issue with the manufacturers of the

ActivPAL, PAL Technologies, they warned that because the magnetometer implementation

was still in a prototype phase, the magnetometer readings were not calibrated, and spec-

ulated that the saturated readings resulted from an incorrectly calibrated magnetometer,

creating unstable gain in magnitude. At the time, they were working on creating an auto-

mated calibration algorithm, equivalent to the STAC algorithm for their accelerometer, but

unfortunately this was not completed within the timeframe of the PhD. For these reasons,

the magnetometer readings were ultimately discarded from the main analysis. Thus, only

the accelerometer readings from the ActivPAL were utilised for HAR. However, the stable

magnetometer readings were later used in an experiment detailed in Chapter 8.4.

5.6.2 Filtering and Denoising

When handling sensor data, a common technique is to apply a frequency-based filter to re-

move unwanted artifacts and preserve only the components of interest, in this context, this

is the thigh movement of a human during walking. The configuration chosen for filtering the

ActivPAL accelerometer was a band-pass filter with a lower cut-off frequency of 0.3Hz and an

upper cut-off frequency of 4Hz. The lower cut-off was designed to remove the gravitational

constant (Van Hees et al., 2013), but does not remove the effect of gravity altogether from the

signal, particularly during high frequency movements (Chaurasia and Reddy, 2018). Consis-
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Figure 5.9 (Caption on next page)
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Figure 5.9 Top: Unstable magnetometer readings of the ActivPAL recorded by
participant A4. Bottom: Corresponding accelerometer data.

tent and complete removal of the effect of gravity would require installation of a gyroscope,

whose readings are unaffected by gravitational forces (Nistler and Selekwa, 2011). However,

this was not practical to do in a short time frame and could impact on the form factor and

cost of the ActivPAL device. As all considered activities fall within the low frequency range

(0.1-2Hz), the effect of gravity in the signal would have been overall negligible. The upper

cut-off frequency meanwhile helps to remove high frequency noise generated through muscle

movements in the thigh (Frølich and Dowding, 2018). As the ActivPAL is directly adhered

to the skin, these forces would very much be present in the ActivPAL’s readings. The chosen

cut-off frequency provided a good balance between removal of unwanted noise and distortion

of the original signal’s values. Fig. 5.11 demonstrates a sample of the X-axis accleration

(which is primarily the axis that is most influenced by gravity) from one non-amputated par-

ticipant when no filtering, highpass filtering and bandpass filtering is applied. Noticeably,

the highpass and no filter plots are almost identical save for the removal of the constant

(making the mean acceleration approximately zero), while the bandpass filter removes some

of the high frequency noise.

The bandpass signal was further analysed to determine whether or not additional denois-

ing operations were required. De-noising conceptually has the same principles as filtering,

as it is the process of removing unwanted (noisy) signals from the data. In HAR problems,

de-noising is not always performed due to the risk of removing or distorting informative com-

ponents of the signal. Erdaş et al. (2016) found no significant impact on HAR performance

regardless of the type of filter applied. Some investigations have made a point to not carry

out any de-noising and are still able to achieve respectable HAR performance (Ravi et al.,

2005; Bayat, Pomplun, and Tran, 2014). To determine the viability of denoising techniques,

random 10 second samples of accelerometer data in the X axis (approximately representing
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Figure 5.10 (Caption on next page)
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Figure 5.10 Top: Stable magnetometer readings from participant A4, recorded on
a separate day from Fig. 5.9. Bottom: Corresponding accelerometer data.

vertical accelerations when worn on the thigh) from one non-amputated participant with no

amputation were extracted and analysed in Matlab’s Signal Analyzer companion applica-

tion. A moving average filter, Wavelet Denoiser and a Total Variation (TV) denoiser were

all trialled after heuristically obtaining suitable parameters for each filtering approach, and

these example plots can be seen in Fig. 5.12. From various samples that were explored,

the wavelet denoised and smoothing average signals appeared to have minimal differences

compared to standard application of a bandpass filter. TV Denoising distorted the signal by

“squaring” the peaks, making accelerations appear unnatural. Thus, it was deemed unnec-

essary to apply additional denoising. To gain valuable qualitative assessment of the signal,

a comparative paper with a similar methodological set-up would have been beneficial, but

unfortunately to the author’s knowledge no paper has used the ActivPAL’s accelerometer

data for human activity recognition. This is evidenced in Edwardson et al. (2017)’s review

of ActivPAL studies, in which no included study explicitly uses the accelerometer data for

analysis; researchers primarily utilize the ActivPAL’s proprietary VANE algorithm to auto-

matically process sitting, standing and walking behaviour. The closest comparitive study

is the work by Huan et al. (2019), who utilised a smartphone accelerometer operating at

100Hz worn in a front trouser pocket, a location functionally identical to the ActivPAL’s

placement, to gather acceleration signals for gait analysis and extraction of gait features. A

sample of their vertical acceleration after application of a smoothing component can be seen

in Fig. 5.12.

By comparing the bandpass filter signal in Fig. 5.12 (Top) with no denoising applied,

and the signal acquired in Huan et al. (2019) (Fig. 5.13) which was used for gait analysis, it

can be seen that the bandpass signal is comparable and ‘clean’ enough to be used for Human

Activity Recognition. The cleanliness of the ActivPAL’s accelerometer signal is assisted by
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Figure 5.11 (Caption on next page)
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Figure 5.11 Unfiltered (Top), Highpass (Middle) and Bandpass (Bottom) readings
for a 10-second sample of X-axis accelerometer data from one participant.

its comparatively low sampling frequency, which helps mitigate high frequency artifacts.

5.6.3 Window Segmentation

Another important component in pre-processing is to separate data into smaller chunks of

data known as ‘windows’, where each window can be represented by an identifiable activity.

This process is known as data or window segmentation. The three most common approaches

to data segmentation are Activity-defined windows, Event-defined windows and Sliding win-

dows (Banos et al., 2014). In Activity defined windows, windows are defined by a change in

activity. Hong et al. (2010) triggered windows in triaxial accelerometers when an RFID sig-

nal was detected. For instance, if the user picked up a toothbrush, an RFID signal from the

toothbrush would be detected by a glove-worn RFID reader, triggering a sampling window.

Sensor readings from body-worn triaxial accelerometers would then be used to determine

whether the user actually brushed their teeth or simply picked up the brush. Event-based

windows are conceptually similar, as windows are defined by the detection of an event. In

Zijlstra (2004) for example, external observers marked the start and end of an activity by

pushing a button which triggered a signal in a portable measurement system which concur-

rently read the accelerometer data. The most common segmentation approach is the Sliding

window (Banos et al., 2014). In this approach, the data is segmented into windows with fixed

sample sizes. The windows can overlap with each other such that some data samples are

shared between two windows (Gjoreski and Gams, 2011; Nam and Park, 2013). Dehghani

et al. (2019) reviewed studies that included both approaches and found neither segmenta-

tion technique was more favourable than the other; overlapping was only found to be the

superior technique when the cross-validation of the machine learner was subject-dependent.

The number of samples in a window define the window length. In HAR, this window length
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Figure 5.12 (Caption on next page)
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Figure 5.12 Excerpt of X axis accelerometer signal after bandpass filtering over 10
second period for one participant. From Top to Bottom: Bandpass signal | Moving
average Filter with 2 samples averaging width | Wavelet Denoising of Accelerometer
signal. Parameters: Symlet 4, Minimax denoising, Hard Threshold | TV Denoising
of Accelerometer signal with lambda = 0.9 and Number of Iterations = 50

Figure 5.13 Sample of vertical acceleration of thigh-mounted smartphone from
Huan et al. (2019). Copyright © 2019 Zhan Huan et al. The original source is
licensed with C.C 4.0 granting reuse of images.

should typically range from 1 to 10s (Preece et al., 2009), although it can be difficult to

determine an optimal length prior to obtaining results. If the window length is too short,

there is the aforementioned risk of splicing activities carried out over longer periods of time,

and if it is too long, then it risks containing an overlap of different activities.

In this investigation, activity-defined windows were briefly trialled as a potential ap-

proach. The ActivPAL software PAL Analysis contains the option to export “Event Data”,

in which the cumulative step count of the individual is tracked over time via the VANE

algorithm’s analysis of the accelerometer data. By utilising the timestamp at which these

steps occurred, there was potential to sequester data as a function of steps. After some brief
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experimentation, it was found that the VANE algorithm was not reliable when it came to

counting steps that were traversed on stairs; in the event data, there would occasionally be

no steps counted during the stair movement, and the subject would appear to be standing

still for the entire period. There is further investigation of VANE’s stepping count in chapter

8.2. Instead, it was opted to use sliding windows. In regard to the window length, a sam-

pling window of 2 seconds (40 samples) with no overlap was chosen. A two second window

length would be adequate to capture at least one step, and the choice of no overlap was

due to being non-consequential compared to other design choices in the machine learning

process (Dehghani et al., 2019). Longer sampling windows not only decreased the number

of samples available for training, but also caused one activity label (“gravel, uphill”) to be

removed entirely.

Each individual sample of accelerometer data contained an associated annotation label

that was determined by timestamps generated by the VoTT software. As a consequence of

segmentation, within a single segment window it was possible to have more than one activity.

To deal with this scenario, a function was written such that within each segment window,

all activities are identified and tallied. If the largest class constituted 80% or greater of the

total samples within the window (Kwon, Abowd, and Plötz, 2019), that window would be

annotated with the majority class; if the largest class constituted less than 80% on the other

hand, the segment would be discarded from analysis. Further, any segmentation samples

that contained even a single instance of a “null” class were automatically discarded from

analysis.

5.7 Building towards a Feature Extraction Matrix

Features were conceived from two processes: the first process was to use the relevant features

that were discussed in Chapter 4.2.4. The second process was an exploratory data analysis of

the accelerometer’s time series signals, which takes inspiration from Khan, Siddiqi, and Lee
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(2013)’s HAR paper. Since each segment had its corresponding annotation, it was possible to

directly acquire the accelerometer signals corresponding to each activity, visually analyse the

differences in the signal, and then translate those differences into features that could capture

these differences in an objective, numerical form. Naturally, with over 25,000 samples of raw

data, it was not feasible to look at every single sample and try and draw inferences. There

was a brief attempt to amalgamate all data for a particular activity class into a single figure

using an overlay plot. To try to normalize the signal relative to the gait cycle, the window

length was dynamically varied using ActivPAL’s VANE algorithm, using the data points

corresponding to the start and end of a step as the limits of the window. Unfortunately, as

Fig. 5.14 demonstrates, this experimentation proved the method as unsuccessful; there were

unacceptable levels of temporal variance in the acceleration values to try and appropriate

all acceleration behaviour in one class into one figure.
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Figure 5.14 (Caption on next page)
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Figure 5.14 Overlay plot of the X axis of acceleration for all occurrences of the
activity "Concrete, Downhill" for subject H3. The vertical axis represents raw ac-
celerometer values, while the horizontal axis represents the sample window index.
The bold plot indicates the average value relative to the sample window index.

The compromise was to acquire five randomly selected samples from each activity class.

For each sample, a figure consisting of three sub-figures was generated, with each sub-figure

corresponding to each axis of the accelerometer. They were then stored in a notetaking

software (Microsoft OneNote™, Microsoft, WA, USA), which was beneficial for creating

collages of images with no restrictions on space. Through this collage, it was possible to

visually analyse intra-activity variability, and perform pairwise comparisons of the different

activity classes. Finally, the scope of data collected was limited viewing data from the

amputee subjects, as the “priority” of the machine learning system was to model features

based on differences in movement for the amputee population.

5.7.1 Features acquired through Literature

Starting with the features mentioned in Labarrière et al. (2020) as well as the features dis-

cussed in Chapter 4.2.5.1, statistical features like themean, median, variance, root mean

square, norm, mean absolute deviation and jerk (the differential of the accelerometer

signal) appear with abundant frequency. As there have been no investigations to dispel the

effectiveness of these features within a HAR context, there is no compelling reason to not

include them.

From Rosati, Balestra, and Knaflitz (2018), the use of “integral features” relating to

the forward movement of gait were adopted. These features are comprised of: “Mean of

integral of Superior-Inferior (SI) acceleration”, “Mean of double integral of SI

acceleration”, “Mean of integral of Anterior-Posterior (AP) acceleration”, “Root

Mean Square of integral of AP acceleration”, “Root Mean Square of double in-

tegral of AP acceleration”. Using the axes of the ActivPAL during gait, SI and AP
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directions can be approximated as the X and Z axis respectively. As integrations of ac-

celeration, these features relate to the participant’s velocity and displacement. Since the

integration process introduces an unavoidable integration error (which is magnified under

double integration), the resulting values cannot be used to dictate the subject’s exact ve-

locity or displacement. Rather, these features provide a rough estimation of velocity and

displacement which should be particularly noticeable during stair movements when there

will be a change in walking speed and walking direction.

In a similar vein of thought to the inclusion of integral features, the “eigenvalues of

dominant direction”, as described in Zhang and Sawchuk (2011) were included in the

feature matrix, applying to both the acceleration and the jerk. These features are acquired

by extracting a covariance of the input signal in a triaxial matrix format, then decomposing

into a 3x1 eigenvector. The “dominant” eigenvalues are the second and third values from this

eigenvector. The theory of applying these features is that, as a person ascends or descends

a hill or flight of stairs, these values should change as a result of the subject altering their

vertical trajectory.

The final set of features acquired through literature are the Mel Frequency Cepstral

Coefficients (MFCCs). Using San-Segundo et al. (2016) and various MFCC tutorials for

guidance on parameters, the Mel-spectrogram is formed from an inverse Short-Term Fourier

Transform of the input signal. The resulting spectrogram is given absolute values to avoid

introducing complex numbers, after which the first 13 cepstral coefficients are extracted.

This applied to each axis separately, and each coefficient acts as its own feature, resulting

in 39 new features total.

5.7.2 Features acquired through Exploratory Data Analysis

The first set of features acquired through the exploratory process are derived by inspecting

the figures of amputee subject A4’s typical acceleration behaviour on flat, uphill and downhill
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terrain. As concrete is by far the most commonly traverse type of terrain and the only one

universally traversed across all participants, inspections were initially made using concrete

terrain as a common denominator. The triaxial plots for each type of movement are detailed

in Figs. 5.15-5.17.

By inspecting the magnitude and peak values of accelerations, particularly in the X

and Z axis, some notable differences can be observed. For instance, in downhill movement

(Fig. 5.17), the troughs in the X axis typically have larger negative values than in flat and

uphill movement. As the subject’s foot must travel further to reach the ground in downhill

movement, this results in a greater applied force by the foot, and by using Newton’s Third and

Second Laws, this dictates a greater deceleration as experienced by the ActivPAL. To avoid

tripping during downhill movement, the subject must also have greater control over their

forward leg thrusts in order to maintain a steady walking pace, which results in the smaller

magnitude of accelerations in the Z axis. In contrast, uphill movement (Fig. 5.16) requires

similar biomechanical demand to an increase in walking speed; the trailing ankle requires

more push-off force to clear the raised surface, and the leading leg requires greater rotational

moments in the knee and hip extensor resulting in greater values of peaks and troughs in

the Z axis and troughs in the X axis. These implications are supported by Orendurff (2016),

who further note that these effects will be especially present in subjects with lower limb

amputation. Thus, features relating to the peaks and magnitudes of movement are included.

These features are the: Maximum, Minimum, Range, Energy, Entropy, Power,

Quartile values, Interquartile Range, Crest Factor and Signal Magnitude Area.

Additional features were devised from comparing concrete, flat movement to upstairs

and downstairs movement in amputee subjects, again using subject A4 for illustration; their

plots are shown in Figs. 5.18-5.19.

During stair movement, it can be expected that there will be significant changes in hip

and knee moments, ankle flexion angles, and ankle dorsiflexion angles comparing upstairs

to downstairs and ground movement (Protopapadaki et al., 2007; Riener, Rabuffetti, and
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Figure 5.15 Sample of Triaxial data of "Concrete, Flat" activity for participant A4
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Figure 5.16 Sample of Triaxial data of "Concrete, Uphill" activity for participant
A4 154



Figure 5.17 Sample of Triaxial data of "Concrete, Downhill" activity for participant
A4 155



Figure 5.18 Sample of Triaxial data of "Downstairs" activity for participant A4
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Figure 5.19 Sample of Triaxial data of "Upstairs" activity for participant A4
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Frigo, 2002). These findings, which are based on non-amputated population data, should

extend to ILLAs, especially in the unilateral amputees where there will be inherent asym-

metry between sound and prosthetic legs (Clark, 2018; Powers et al., 1997; Powers, Rao,

and Perry, 1998). These findings implicate changes in acceleration regularity, as well as a

change in relationship primarily between the X and Z axes of the ActivPAL. These findings

can therefore be quantified using Kurtosis and Interaxis Correlation Coefficients. In-

teraxis relationships with the Y axis were also included based on a thought that during stair

movement, there may be some subtle lateral movement in the leg to help raise the foot over

a step during ascent (Harper, Wilken, and Neptune, 2017). Moreover, during stair move-

ment, there will be a natural decrease in walking speed as the subject must adjust their gait

pattern to traverse the stairs in a safe manner. As a result, the sampling window will tend

to capture only one or one-and-a-half steps compared to two in ordinary gait. This leads

to a change in temporal regularity in the signal, which can be quantified through Skew-

ness. Because of the expected change in walking frequency, these changes can be reflected

in the frequency spectrum via the application of spectral energy, spectral entropy, and

spectral centroids.

The final set of features were devised from analysis of level ground walking on concrete

and grass, with the intention of finding features suitable for distinguishing hard and soft

terrains. An exemplary timeseries plot of the accelerometer signal under grassy terrain for

subject A4 is included in Fig. 5.20.

Distinguishing activities on different terrains when the inclination is equal proved to be a

much more challenging task. Unless the terrain is actively impeding movement (for example

through uneven ground (Gates et al., 2012; Voloshina et al., 2013)), changes in biomechanics

will be minimal. The author posits that the most consistently identifiable change in gait

on softer terrain is a reduction in the Ground Reaction Force (GRF), due to the ground

absorbing more of the impact from the foot at initial contact, and subsequently requiring

slightly more power in the ankle to propel the foot during toe off. A change in the GRF
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Figure 5.20 Sample of Triaxial accelerometer data of "Grass, Flat" activity for
participant A4 159



should lead to subtle alterations in the oscillatory accelerometer behaviour during these

events, which can be best analysed in a domain that considers both time and frequency: the

wavelet domain. Unfortunately, there is currently no papers which have investigated wavelet

features in the context of distinguishing different terrains during gait, and so the closest

approximation was to utilize the wavelet features described in Preece et al. (2009). When it

came to deciding which set of wavelet features was most suitable for the investigation, it was

decided to include all sets of features. None of the wavelet feature sets used in Preece et al.

(2009) had a standout performance, and it was desirable to capture as much detail as possible

regarding the subtle changes in terrain variation via the wavelet domain. Furthermore, it was

undesirable to have experimentation of the wavelet features inclusion or exclusion become a

distraction from the focus of the thesis. Thus, all 76 wavelet coefficients as described in

table 1 of Preece et al. (2009) were adopted for use. The reader is encouraged to refer to

Preece et al. (2009) for an explanation of each set of wavelet features.

Finally, no new features were conceptualized when comparing one hard terrain to another

hard terrain, and likewise one soft terrain to another soft terrain. There were no consistently

identifiable metrics that could translate differences between the terrains, and the intra-terrain

variety created additional caveats. It was simply hoped that the introduction of the afore-

mentioned features would be enough to try and form some level of distinguishment through

some complex feature interactions not perceptible by human interpretation. Examples of

stone and sandy terrain are included in Figs. 5.21-5.22 for reference.

5.8 Feature Acquisition Results

A condensed list of statistical, frequency and wavelet domain features calculated in each

segment of the accelerometer data and their associated formulas are detailed in Table 5.4.

A total of 243 features are calculated. While the dimensionality of the dataset may at

first appear alarmingly high, the dimensionality is comparable to some studies like Rosati,
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Figure 5.21 Sample of Triaxial data of "Stone, Flat" activity for participant A4
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Figure 5.22 Sample of Triaxial data of "Sand, Flat" activity for participant A4
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Balestra, and Knaflitz (2018) who were able to still achieve 98% average recognition accuracy

in their HAR dataset with around 220 features. In most listed features, there are unique

instances of the feature in each axis. For instance, the mean value of acceleration in the X

axis is a separate feature from the mean value of acceleration in the Y axis, but both are

listed in Table 5.4 as simply “mean”. Further, a dozen of the statistical feature calculation

processes utilise the differential of the signal (i.e the “Jerk”) and the magnitude of the signal

as additional features. In certain cases, the definitions of the features are too complex to

include within the table, and instead are pointed to the literature for more information.

A full list of the features can be found in the author’s PURE repository for this thesis

(Jamieson, 2021).
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Table 5.4 List of machine learning features used in the investigation.

Feature Explanation

Statistical & Time Domain Features

Mean X̄ =
∑n

i=1 Xi

n

Median Med (X) = (X[ n−1
2 ]+X[ n+1

2 ])
2

Variance σ2 =
∑n

i = 1 (Xi − X̄)2

n−1

Root Mean Square RMS(X) =
√

1
n
(X̄)2

Crest Factor c(X) = |Xpeak|
RMS(X)

L1 Norm L1(X) = ∑n
i = 1X

L2 Norm L2(X) =
√∑n

i =1 |X|
2

Variance of the sample-wise Norma σ2
norm = σ2(L2(Xi, Yi, Zi)) ; i = 1, 2 · · · n

Skewness SV (X) =
∑n

i=1 (Xi − X̄)3

(N−1)∗σ3

Kurtosis KV (X) =
∑n

i=1 (Xi − X̄)4

(N−1)∗σ4

25th Quartile Q25(X) = X[ 1
4(n+1) ]

75th Quartile Q75(X) = X[ 3
4(n+1) ]

Interquartile Range IQR(X) = Q75(X) − Q25(X)

Maximum Max(X)

Minimum Min(X)

Range Max(X) − Min(X)

Mean Absolute Deviation MAD = 1
n

∑n
i = 1

∣∣∣Xi − X̄
∣∣∣

Signal Magnitude Area SMA = 1
n
(∑n

i = 1 |Xi| + ∑n
i = 1 |Yi| + ∑n

i = 1 |Zi| )

Energy E(X) = ∑n
i = 1 |Xi|2

Power P (X) =
√∑n

i=1|Xi|2

n

Entropy H(X) = ∑n
i = 1 (Pi) log2 (Pi) where Pi =

Xi
Max(Xi)∑n

i=1 ( Xi
Max(Xi) )

Integral Featuresb Rosati, Balestra, and Knaflitz (2018)
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Inter-axis Correlation Coefficients r =
∑n

i=1 (Xi − X̄)(Yi−Ȳ )√∑n

i=1 (Xi − X̄)2(Yi−Ȳ )2

Eigenvalues of Dominant Direction Zhang and Sawchuk (2011)

Frequency Features

Spectral Energy E(FFT(X))

Spectral Centroid SC =
∑n

k−1 |X(i,k)|∗f(k)∑n

k−1 ||X(i,k)|

Spectral Entropy H(FFT(X))

Cepstral Coefficients San-Segundo et al. (2016)

Wavelet Featuresc

Tamura Coefficients Tamura et al. (1997)

Nyan Coefficients Nyan et al. (2006)

Sekine Coefficients Sekine et al. (2000)

Wang Coefficients Wang et al. (2007)

Fractal Dimension Sekine et al. (2002)

Preece Coefficients Preece et al. (2009)

Abbreviations: X – one dimensional time series input signal of acceleration. || n – number of
samples within a segment || σ – standard deviation of time series signal || |Xpeak| - the magnitude
of an identified peak within a time series signal || Y – a secondary time series input signal of
acceleration that is not the same as the primary input signal (X) || Z - a tertiary time series input
signal of acceleration that is not the same as the primary input signal (X) or the secondary input
signal (Y) ||

∫ T

0 |X| dt – trapezoidal integration of time series signal over sampling period T where
T is the inverse of the sampling frequency || FFT(X) – Fast Fourier Transformation of signal X ||
k – frequency bin from a FFT || f(k) – frequency of bin k in Hz
a - to elaborate, the variance of the sample-wise norm is calculated by acquiring the L2 norm of
the X,Y and Z axis for each sample of the input signal from 1 to n. σ2

norm is the variance of the
calculated norms across the entire segment.
b - The integral features used from Rosati, Balestra, and Knaflitz (2018) are: “Mean of integral of
Superior-Inferior (SI) acceleration”, “Mean of double integral of SI acceleration”, “Mean of integral
of Anterio-Posterior (AP) acceleration”, “Root Mean Square of integral of AP acceleration”, “Root
Mean Square of double integral of AP acceleration”. Using the axes of the ActivPAL during gait,
SI and AP directions are approximated as the X and Z axis respectively.
c - All Wavelet Features are utilised from Table 1 of Preece et al. (2009) and is the recommended
starting point for understanding the wavelet features used.
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The time that is required to extract this list of features bears mentioning. The features are

extracted in a Matlab script after filter and segmentation pre-processing. The computation

specs for the feature extraction process were previously established in Section 5.3. Fig. 5.23

demonstrates the processing time required to extract all features relative to the size of the

dataset, which is controlled by the number of seconds contained within a single window

segment. The processing time was not ideal with the chosen window sample size of two

seconds, requiring around 15 minutes to perform calculations. Boosting the sample size

window to 10 seconds still required 3 minutes to perform the extraction process, as illustrated

in Fig. 5.23. On the other hand, as the system did not require Realtime processing, the slow

processing speeds was not of vital concern.

Figure 5.23 Processing time for feature extraction relative to the length of the
sampling window

To understand which features are the most processing intensive, Matlab has additional

functionality which allows the user to time the calculation of each process. The functions
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Table 5.5 List of the 10 longest feature extraction processes

MATLAB Feature Extraction Function Time for Calculation (s)

wavedec 335

dwt 197

cepstral_feature_function 192

wfilters 145

prctile 118

stft 102

wavemngr 85

stftParser 74

AutoCorr_Features_function 71

appcoef 69

which required the most processing time are listed in the Table 5.5. The total time for

the feature calculation process is 833.5s for 2 second sampling windows, requiring approx-

imately 0.03s of calculation time per sample window. The most time-consuming feature

calculations revolve around features in the wavelet domain (as evidenced by “wavedec”,

“dwt”, “wfilters”, “wavemngr”, “appcoef”) and the frequency domain (“stft”, “stftParser”,

“cepstral_feature_function”), though some statistical processes also consume a considerable

amount of time (“prctile”, “Autocorr_features_function”). For a full explanation of what

these functions are, refer to Appendix B.

5.8.1 Feature Scaling

It is common practice in machine learning to scale the magnitudes of features. Some clas-

sifiers utilize a distance metric in deriving classifier boundaries, and so it is important to

ensure that these distances are normalized respective to their magnitude (scikit-learn, n.d.).

167



There are various accepted methods of feature scaling, and the one chosen in this investiga-

tion is standardization. Each value of the feature f, xf , is replaced by its standardized (Z)

value xf ′ by subtracting the mean µf and dividing by the standard deviation σf :

xf
′ =

xf − µf
σf

(5.2)

This ensures that all features have a zero mean and standard deviation of one. In practice

during the subsequent investigations, standardization is applied separately to the training

and testing sets of feature data to ensure values from the testing set do not influence the

values in the training set.

5.9 Discussion

5.9.1 The transition from “Ideal” Activity Monitoring Outcomes

to Practical Activity Monitoring Outcomes

Recalling back to Chapter 3.2, a list of ideal activity monitoring outcomes was devised. Due

to the nature of the study, it became unfortunately impractical to measure all of the listed

outcomes. The outcome measures that were not practical for analysis within the confines of

the dataset were:

1. Indoor/Outdoor movement: As the study was not permitted to film indoors, it would

be very difficult to provide ground truth. Other methods of providing validation,

such as an activity diary written by the subject, or using GPS information would

have privacy and ethical concerns and would very likely be disallowed by the ethics

committee. Previously, the author carried out some rudimentary trials of different

types of steps in a laboratory environment with non-amputee volunteers, writing down

timestamps as activities were started and finished. However, this proved to be a

demanding task as timestamps had to be repeatedly written down for every single

activity transition, leading to imprecision in the timestamps.
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2. Cycling: This would require having to ensure that all participants owned and could

ride a bike and would create additional safety concerns about using the bike e.g on

public roads.

Noticeably, there are three additional outcome measures which have not been discussed

yet: Walking speed, Wear Time, and Cadence. As these are not conventional activities

to be “recognized”, they are not included in the machine learning process. Cadence is a

derivative measurement of the Step Count over a period of time (typically steps/minute);

thus, cadence can be assessed by the step count, which is discussed further in Chapter 8.2.

While there was scope to calculate walking speed using only the accelerometer data (Baroudi

et al., 2020; Byun et al., 2019; Yang and Li, 2012), a lack of a criterion comparison method

meant validation of walking speed was impractical. However, walking speed can be inferred

in a clinical setting by acquiring the patient’s average stride length and multiplying by ½

of the subject’s cadence (Dale, 2012; Perry and Burnfield, 2010). Likewise, being unable to

film inside the patient’s home for ethical considerations made assessing wear time impossible.

Instead, in Chapter 8.3 there is an exercise conducted to determine the accuracy of stationary

movement and from this exercise proposes a simple unverified algorithm to detect wear time.

5.9.2 Limitations of the Dataset

Throughout this chapter, there have been some references to the limitations of the dataset;

namely that it was not allowed to record indoor activities or to record in unsafe weather

conditions. There was also some location bias with the volunteers, and in the case of the

ILLA group, there is some volunteer bias mandating that the participants in the study would

have a somewhat healthy lifestyle, potentially impacting on gait dynamics during terrain

movement (Su et al., 2008). Noticeably, all amputees used a Step-over-Step approach when

traversing stairs (each step traverses a single stair), while less fit or experienced amputees

may adopt a Step-To approach (places both feet on one stair before moving to the next
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one), which can result in completely different gait patterns (Lura et al., 2017; Narang et al.,

1984). All amputee participants were also transtibial, which inhibits the generalizability

of the findings to transfemoral amputees who will have different biomechanical responses

during stair ambulation (Schmalz, Blumentritt, and Marx, 2007). Moreover, transfemoral

amputees who perform step ambulation with Step-over-Step are less frequent compared to

Step-To adopters (Hobara et al., 2011).

An unfortunate situation that arose when analysing activities was that there was a dis-

parity in the type of activities collected between the two groups of participants. Fig 5.24

demonstrates word clouds of activities collected by ILLAs and non-amputated individuals.

In the case of non-amputated individuals, there was significantly less variety in terrains

traversed compared to the ILLA population. This discrepancy arose mainly due to the loca-

tions of the non-amputated individuals; most lived in urban areas where access to places like

parks or football fields would require travelling long distances. In contrast, the ILLAs were

situated outside of the main City of Glasgow where they had convenient and easy access

to parks, beaches, and golf courses. Reflecting on the methodology, it was a poor idea to

only “encourage” participants to walk on a variety of terrains, instead it should have been a

minimal requirement to at least traverse on grassy terrain to try and provide some contrast

of softer terrain data.

Finally, there was some issues regarding the synchronization process between the camera

data and the GPS timestamps. As previously stated in Section 5.4, the camera used in the

recording contained an internal clock which had a drifting factor of approximately 3 seconds

per day relative to the time of the GPS. It was eventually realized that the timestamps of the

GPS readings could also be unreliable; the GPS timestamps are acquired from the recording

smartphone, which in turn automatically acquires the time through its local mobile network.

After some experimentation, it appeared that the camera time relative to the GPS time at

the start of a recording would be different from the end of recording, even accounting for

clock drift. The design methodology did not anticipate the fact that network clock timing
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Figure 5.24 Top: Word cloud of activities collected by ILLA participants. Bottom:
Word cloud of activities collected by non-amputated participants. Dominant activ-
ities are highlighted in green and blue for ILLA and non-amputated participants
respectively
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is prone to wandering errors and imprecision (Grayson, Shatzkamer, and Wainner, 2009).

While this may have led to some mistiming regarding the identification of uphill and downhill

data, the error of timing is unlikely to be greater than a handful of seconds, and the “null”

angle threshold employed in hill annotation would have further prevented misclassification

of uphill, downhill, and flat terrain. In future, this issue should be resolved by turning off

the recording smartphone’s option to acquire time automatically via network signals and

instead use its internal clock.

5.9.3 Construction of Machine Learning Investigations

Referring to 4.3.7.1, the decision to implement a neural network would depend on the total

size of the dataset collected. After collecting all data, the total dataset size was counted using

10 seconds per window segmentation, giving a total of approximately 5,000 samples. This

number is comparable to other deep learning studies that have collected their own data, as

seen in Table 5.6. Thus, it was decided to try and employ an LSTM network as a comparison

point to other supervised classifiers. The LSTM uses the same segmentation and sampling

processes as discussed in Section 5.6.3. In Chapter 6, the post-filtered timeseries data from

the accelerometer is used as an alternative input method to the LSTM; in those scenarios, a

segmented input to the LSTM classifier is 40 consecutive samples of the accelerometer in the

X, Y, Z axis or a euclidean vector of the combined axes. The segment is given its label using

the same majority rule procedure as before: if a particular activity label populates 85% or

more of a 40 sample input, the segment is given that activity label, if not, then the segment

is labelled "null" and is discarded from analysis.

In the second half of Chapter 4.3.7, it was discovered that no known investigations have

carried out HAR on an amputee population using an unsupervised learning approach. Due

to the disparity between the supervised and unsupervised approaches, they were not directly

compared to each other, and instead two parallel investigations were conducted. The first
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Table 5.6 Table of comparable research that have utilized neural networks and
their total data sample sizes

Reference Neural Network Archetype Given/Estimated Sample Count for 10 second window

Zebin et al. (2018) LSTM 2625

Sani et al. (2017) CNN 4650

Lee, Yoon, and Cho (2017) CNN 7026

Milenkoski et al. (2018) LSTM 8250

This Thesis LSTM 4940

investigation compared various supervised learners and an LSTM network to determine which

model was the best at predicting activities in ILLAs and non-amputated individuals. The

second investigation meanwhile looked at the activities when represented in low dimensional

feature space and looks at various cluster algorithms’ ability to correctly characterize clusters

as activities. Common to both papers, there was also investigations into the appropriate

dimensionality reduction techniques. Additionally, there was an analysis of the trade-off

between terrain label “resolution” and performance of the systems.

On a final note, it may be noticed that the filter approach was handled in a qualitative

analytical manner, rather than an experimental manner. This is because, as Fig. 5.23

illustrates, the feature extraction process consumes a considerable amount of processing

time, even if the sampling window increases. As the filtering and segmentation process has

to be carried out prior to feature extraction, it is not practical to use these parameters as

dynamic variables, whereas any process calculated post-feature extraction (e.g dimensionality

reduction or training a classifier) can be experimented with by simply saving the calculated

feature matrix in a .csv format and loading in the data when needed. Fullerton, Heller,

and Munoz-Organero (2017) compared various filter approaches (Chebyshev vs. Elliptical

vs. Unfiltered) across various classifiers and found no significant changes in the average

recognition accuracy, implying that the choice of filter will typically have minimized impact.
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5.10 Chapter Conclusion

This chapter documented the “backbone” of the HAR process: that is, to explain the pro-

cesses and challenges involved in the data collection, annotation of the data, handling the

sensor information, then applying pre-processing techniques. Finally, the features extracted

from the dataset are engineered based on findings from Chapter 4 and exploratory data

analysis of some of the collected timeseries samples. The following chapters will detail the

“investigative” components of HAR by analysing which features are important to the HAR

process, which supervised classifiers can best achieve high recognition accuracy, precision

and recall, and which unsupervised approach can best create informative clusters of activity

data.
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Chapter Six

Supervised Learning of Human

Activity Recognition for

Non-Amputated Individuals and

Individuals with Lower Limb

Amputation in Free-Living Conditions

6.1 Introduction

This chapter covers a supervised learning approach to HAR of walking activities carried out

by ILLAs and non-amputee individuals using a single thigh-worn accelerometer. The purpose

of performing classification of different walking activities was to establish the basis of a

reliable activity monitoring system, in which HCPs can track how their ILLA patients remain

active over long periods of time and in free-living conditions. There are publicly available

datasets of individuals in free-living conditions (Cruciani et al., 2019), but as outlined in

Chapter 4.3, there are currently very few studies which have carried out a HAR study in

free-living conditions with an ILLA population (Labarrière et al., 2020). Zhang et al. (2019a)
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and Zhang et al. (2019b) are currently one of the very few studies that are known to have

done so; however, their sensor configuration utilised RGB data from a camera as one of the

inputs for terrain recognition process, which can have serious ethical implications if applied

in a clinical monitoring context (for example, having the camera capture the faces of other

people without their consent) (Jung, 2020). Additionally, while locomotion activities are very

commonly analysed in ILLA HAR studies, these are typically limited only to walking on level

ground, ramps, and stairs (Labarrière et al., 2020). This investigation is, to the author’s

knowledge at the time of writing, the first to investigate the potential for terrain “resolution”

in HAR, at least for an ILLA population (Hashmi et al., 2019; Hu et al., 2018; Russell et al.,

2021). The investigations carried out for this chapter are divided into four experiments:

the first experiment is a continuation of the investigations carried out in Chapter 5, where

it was determined whether feature selection, dimensionality reduction or a combination of

both would provide the best method of preparing the feature data for classification. The

second experiment took an assortment of classifiers and a deep learning network and used

hyperparameter tuning to determine which classifiers were the most suited for recognizing

walking activities. Subsequently, the best classifiers from the second experiment were then

used in the third experiment to investigate how the terrain “resolution” impacts on classifier

performance, and in the fourth experiment, there is an investigation as to whether the data

trained on a group of subjects (either ILLAs or non-amputee individuals) could recognize

activity carried out by an ILLA.

6.2 Methodology

The methodology for data collection, annotation and pre-processing was already described

in detail in Chapter 5. The remainder of this section will describe the methodology around

balancing data, configuring the classifiers and how the main experiments were conducted.
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6.2.1 Balancing Data

In Chapter 5, activities are given what is referred to as “full terrain resolution”, such that

each sample is described with its terrain and the condition of the terrain. However, at such a

level of detail, this results in 24 activities, thus will adversely impact on the machine learning

system due to similarities in features between subsets of similar activities. In experiments

conducted in this chapter, the classes are processed with “label consolidation”, where similar

activities are given the same label. For the first two experiments, the annotated labels were

given no terrain resolution, this meant that there were only five classes for potential classi-

fication: flat walking, uphill walking, downhill walking, upstairs movement, and downstairs

movement. This was designed to give an idea of how the classifiers would perform at the

simplest level of classification and is comparable to the labels used in other studies with

ILLAs (Labarrière et al., 2020). However, even at the simplest level of terrain resolution,

there is a disproportionate balance in activity classes as seen in Fig. 6.1:
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Figure 6.1 Pie chart of frequency and distribution of activities at level 1 of label
resolution (5 classes)

In order to avoid having a biased classifier that favours prediction of the majority class

(Guo et al., 2008), classes were rebalanced using a sampling technique called Synthetic Mi-

nority Oversampling Technique (SMOTE) (Chawla et al., 2002). SMOTE is a variant of

oversampling, where feature data attributed to minority classes are synthesized by interpo-

lating the feature data of “nearest neighbour” instances of the same class. The technique is

applied to the training partition of the data after the training/validation split of the dataset.

If SMOTE is applied prior to the split, the dataset will overfit because the testing partition

of the data will contain synthetic samples that are a close approximation of samples rele-

gated to the training partition (Altini, 2015). In other words, the classifier will be testing

data that is extremely similar to the data it was trained with, increasing the probability of a
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successful classification thereby giving an artificial boost in performance. Moreover, SMOTE

is not applied separately to balance the testing data because the testing accuracy should be

indicative of how the classifier would perform with entirely new data, which should follow

similar unbalanced distributions in classes. Regarding the application of dimensionality re-

duction before or after SMOTE, there is no scientific consensus on the correct order, and

it appears that the choice will have minimal impact either way (Blagus and Lusa, 2013).

In all experiments of this Chapter, SMOTE was applied prior to any feature extraction or

selection processes.

6.2.2 Construction of the LSTM Network

The LSTM model constructed for this investigation was a simple Sequence-to-Label network

demonstrated in Fig. 6.2. While there was potential to build a more sophisticated LSTM

network with more layers, a simple model helped keep the number of hyperparameters needed

for the network to a manageable level and allowed for quick optimization processes in the

second experiment. Following guidance from Bengio (2012) and some heuristic experimen-

tation, the most suitable (constant) parameters defined for the network were to perform

ADAM Optimization (Kingma and Ba, 2015), set mini batch size to 256, set the initial learn

rate to 0.005 with a decrease in the learn rate by a factor of 10 every 2 training epochs, and

set the maximum number of epochs to 15.
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Figure 6.2 Layers of the LSTM Network

In the LSTM classifier, raw training data is also balanced via the application of SMOTE.

After completion of the procedures, there was some concern that applying SMOTE to the

raw data may have created nonsensical signals, as the SMOTE process will generate new

data based on sample index of the timeseries signal. For example, the first element of a

SMOTE generated signal for stair movement is generated by random interpolation between

all other first element values of the original non-synthetic stair samples. Upon investigation

of the raw timeseries signals however, the synthetic signals appeared to have reasonable data

points compared to the original samples. Examples of these signals for stair activities are

demonstrated in Fig.6.3. In future studies however, the SMOTE process should be replaced

with a more appropriate synthetization technique for raw timeseries data. For example, a

synthetic signal could be formed by replicating one sample and adding a small percentage

of noise relative to the magnitude of the signal to each point in the timeseries.
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A B

C D

Figure 6.3 Timeseries comparison of timeseries and SMOTE triaxial accelerometer
signals. A and C represent random samples of unmodified downstairs and upstairs
activity respectively, while B and D represent randomly selected SMOTE-generated
samples of downstairs and upstairs activity respectively.
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6.2.3 Validation and Terrain Resolution

A number of different validation techniques are carried out in this chapter. In general,

most experiments are validated using stratified 5-fold cross validation using all participants

activity combined, meaning that the data is randomly partitioned into training and testing

datasets, repeated 5 times with different combinations of training and testing data. The

stratification ensures that there are proportional balances of classes in both the training and

testing partitions. Though 10 is generally the standard value of the K in cross validation

in standard HAR papers, it was found that training times exceeded 10 minutes of training

time per fold, and therefore would have consumed double the amount of time should 10-fold

have been used. 5-Fold is generally considered to be the minimal acceptable level of K for

machine learning validation (Marcot and Hanea, 2021). By extension, Leave-One-Subject-

Out (LOSO) validation was impractical for most of the experiments (Fushiki, 2011). LOSO

validation involves training a classifier on all but one of the participants, test the classifier

on the data from the remaining participant, and repeat the process for the next participant

until all participants have been separately tested. This validation is used in Experiment #4

where the training and testing sets are reduced.

In hyperparameter tuning (Experiment # 2), there is an additional 5-fold nested cross

validation (Fearn, 2010). An illustration of the process is depicted in Fig. 6.4. For outer ko

folds, the data is split into training and testing. The training data is further split into an

inner sub-fold ki to tune hyperparameters via k-fold cross validation, with both the inner

and outer loop values for k set to five. Thus, for each ko fold, a set of optimal parameters

are obtained, and the classifier is trained with these parameters. The classifier is validated

with the test-set data to get an accuracy, and the overall reported accuracy is the aggregated

mean value of test accuracy across the ko folds. While LSTM used 5-folds in the outer cross

validation, due to long training times, the internal validation process for parameter tuning

in the LSTM instead used a holdout of 25% of the training data. Nested cross-validation is
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Figure 6.4 Diagram of nested cross-validation, created by (Raschka, n.d.). The
image has a CC-BY 4.0 license allowing free distribution of the image.

not used in other experiments, as it significantly increased the computational costs and from

some initial experimentation was found that have minimal impact on performances.

In general, most validation metrics used are the mean testing accuracies in percentages,

using the proportion of correctly guessed observations to the total amount of observations,

to give summative evaluation of the various classification techniques and allows for intuitive

cross-comparisons. However, classification accuracies do not always give a truly represen-

tative value of the classifiers performance, especially if there is an imbalance in the testing

performance; for example, if a binary classifier was trained to only predict class X, and was

tested on data that contained 99 X classes and 1 Y class, the classifier would be 99% accurate.

In Experiment #2, F1 scores of the individual scores are also calculated for discussion. The

F1 score is an alternative metric that evaluates performance based on its balance between
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the precision and recall, and is defined as follows:

F1 = Precision× Recall
Precision + Recall (6.1)

Experiments in this chapter also adhere to levels of terrain resolution, as previously

indicated in Chapter 5.5.2. The stages are described as follows:

• Level 1: No Terrain Resolution (5 classes) - All labels are converged into five

activities: Flat walking, Uphill movement, Downhill movement, Upstairs movement,

and Downstairs movement.

• Level 2: Hard/Soft Terrain Resolution (8 classes) - Terrains are resolved into

whether the terrain involved is hard or soft. Hard terrains included concrete, stone

and gravel, while Soft terrains included grass, sand and red ash (a type of clay pitch).

• Level 3: Full Resolution (24 classes) - All labels use their full terrain resolution.

Experiments #1, 2 and 4 are all carried out at level 1 of terrain resolution (no terrain

used in labels), which has the fastest training times and the terrain resolution is not the

focus of those experiments. Experiment #3 uses all 3 levels.

6.2.4 Experiment 1: Feature Selection Process

The first experiment attempted to find which method of feature selection or dimensional-

ity reduction was the most appropriate method of condensing the number of hand-crafted

features. This experiment is conducted at Level 1 of Terrain resolution, with a total of five

activities (see 6.2.3). With 243 dimensions, it was important that the dimensionality of the

dataset would need to be reduced to cut down on processing time in subsequent experi-

ments. The most practical and method of validating the feature selection method is through

analysing classification performance, which in turn requires passing the modified dataset to

a classifier. This created an additional layer of complexity to the optimization process, as
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the classifiers themselves require their own tuning. A potential solution to this approach was

via a wrapper-based feature selection approach, however the wrapper approach is exhaus-

tive and requires considerable numbers of training and validation iterations to reach global

minimization of the classifier’s training loss function. This drawback became apparent when

employing the SFS wrapper feature selection on the dataset; even with undersampling and

holdout cross-validation to try and reduce computation costs, the size and dimensionality of

the dataset was too large such that SFS was unable to reach a solution for a single classifier

after 8 hours of calculation with 16GB of RAM and 3.10GHz processing frequency - irregard-

less of whether Forward or Backward SFS were used. Thus, it was considered impractical to

try and use a wrapper-based approach.

Instead, the experiment used a heuristic approach where for each tested classifier, the

default hyperparameters generated by Matlab in their “Classification” companion app were

used as the basis for the feature selection validation process. The default parameters are

described in Table 6.1. Through these classifiers, various dimensionality reduction and fea-

ture selection processes were employed. To reduce the complexity of the results, only one

filter and dimensionality reduction technique were chosen for analysis. The preliminary

experiments detailed next document how the feature selection processes were chosen.

As explained in Chapter 4.3.6 there are three inbuilt filter-based feature selection methods

for classification: the chi-squared feature selection process, the Relief-F selection process, and

the mrMR selection process. To pick the most appropriate filter method, a small experiment

was conducted: the full dimensionality dataset was reduced to the top 50 features as ranked

by each of the filter feature selection methods. Each of the six supervised classifiers (as

chosen in Chapter 4.3.7) were configured with the default parameters from Table 6.1 and then

validated using 5-fold cross validation of the entire dataset. The resulting mean accuracies

are shown in Table 6.2, demonstrating that mrMR was the most consistent filter selection

method in terms of the average classifier performance. The other filter methods were also

problematic: Relief-F required very long calculation times (approximately 800 seconds per
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iteration) and the chi-square score of feature importance generated infinite values, thus

features that have infinite feature scores could not be ranked against each other. For the

experiment, it was decided to investigate how the classifiers performed with different numbers

of top “n” features as ranked by mrMR: 10, 20, 50, 75 and 100.

Table 6.1 Classifier training parameters used in experiment #1 (Level 1 Terrain
Resolution)

Classifier Classification App Preset Parameters Used

SVM Linear SVM Kernel: Linear | Kernel Size: automatic | Box Size: 1 | Coding: One vs. One

kNN Medium KNN Distance Metric: Euclidean | Number of Neighbours: 10 | Distance Weight: Equal

RF Ensemble (Bagged Trees) Maximum Number of Splits: (total number of observations – 1) | Number of Learners: 30

AB Ensemble (Boosted Trees) Maximum Number of Splits: 20 | Number of Learners: 30 | Learning Rate: 0.1

NB Gaussian Naïve Bayes Distribution for numeric predictors: Gaussian

Discriminant Analysis Linear Discriminant None

SVM is trained as a series of binary classifiers, while all other classifiers are trained
as multi-class classifiers, see 6.2.5 for further explanation

Table 6.2 Comparison of different filter feature selection methods for top 50 chosen
features (Level 1 Terrain Resolution)

Classifiers SVM kNN RF AB NB LDA Mean

Chi-square 69.16 69.75 68.63 60.96 48.95 67.82 64.21

mrMR 70.37 72.80 70.00 60.10 62.35 68.68 67.38

Relief-F 67.95 73.48 69.06 55.93 60.20 66.32 65.49

In addition to the previously listed feature selection processes, PCA was also considered.

To recap the PCA operation (described in detail in Chapter 4.2.5.2.1), the PCA process

transforms the dataset into a series of eigenvectors in descending order of the proportion of

systematic variance. The resulting output is a square coefficient matrix of size (nf ∗ nf ),

nf being the number of features. Like mRMR, there are no rules on how many principal

components are conserved; if the total variance of the chosen principal components is less
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than 50% of the total systematic variance, then the compressed dataset will have lost some

information on the variance between the classes. Generally, the upper accepted limit to the

percentage of variance allowed is 95%, beyond which any further principal components are

likely to be modelled on noisy factors (Bro and Smilde, 2014). When PCA was applied to

the entire dataset, the first component comprised only 28% of the total systematic variance,

and the number of components needed to describe 95% of the total variance was 68 as

seen in Fig.6.5. Thus, 2 strategies for PCA were investigated; the first was to keep 68

components to explain 95% of the variability, while the second was to keep all components

that explained more than 1% of the variance (around 20 components, conserving 42% of

the total variance). Validation was obtained as the mean classification accuracy from 5-fold

cross validation applied to the entire dataset. The result is shown in Table 6.3. Evidently,

conserving components equivalent to 95% of the variance resulted in significantly better

classifier performance, with the exception of the RF classifier. This first approach was used

in all subsequent experiments.
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Figure 6.5 Plot of number of PCA components versus the percentage of the total
systematic variance each principal component (in descending order) contains188



Table 6.3 Comparison of PCA component preservation methods

Classifier SVM kNN RF AB NB LDA Mean

PCA Method #1

(conserve sum of components >95%

total systematic variance)

73.70 78.06 68.62 59.11 67.06 71.53 69.68

PCA Method #2

(conserve all components >1%

total systematic variance)

66.50 72.89 69.13 58.45 63.04 65.13 65.85

While Chapter 4.2.5.2.2 explained other non-linear dimensionality reduction process such

as kPCA, tSNE and UMAP, these were not considered for this investigation. This is because

they are parametric processes and so would require additional optimization of their param-

eters, whereas with PCA the only parameter to consider are the number of components to

conserve. The non-linear dimensionality reduction processes are analysed in Chapter 7.

In addition, this experiment looked at how the combination of mRMR and PCA had an

impact on classifier performance. This was varied for different numbers of mRMR-selected

features (10 – 100) using PCA method #1 (conserve the sum of components that total 95% of

the total systematic variance). Applying no dimensionality reduction or feature selection was

used as a baseline measurement. Using the LSTM and its inherent feature learning process,

the experiment also investigated how using only the raw data from the accelerometer had an

impact on performance. Two separate models were trialled: the first used One-Dimensional

data acquired from the magnitude of the triaxial accelerometer readings, while the second

used each axis of the accelerometer as a separate channel input. For the sake of parity, the

standard feature selection and/or dimensionality reduction processes of the 243-dimension

feature set are also applied to the LSTM. The two LSTM hyperparameters analysed in this

investigation: dropout factor and number of hidden units, were given values of 0.5 and 225

respectively for fast training times. All classifiers were validated using 5-Fold cross validation
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of the entire dataset.

6.2.5 Experiment 2: Classifier Optimization

The objective of experiment #2 was to identify the best classifier for supervised classifica-

tion of walking activities. Once the ideal feature selection process was found in the previous

experiment, the six tested supervised classifiers and LSTM network underwent hyperparam-

eter tuning to determine the best classifier. The list of eligible hyperparameters for tuning

are listed in Table 6.4. In SVM optimization, the Kernel Scale and One vs. All parameters

in SVM models were excluded from analysis as inclusion of those parameters as variables

resulted in training times exceeding an hour per optimization iteration. The SVM thus

trains through the One vs. One strategy, performing binary classification in pairs of classes

then selecting the class with the most amount of "votes" from all decision rounds. All other

classifiers are trained as multi-class classifiers.

Table 6.4 Parameters tuned in experiment #2

Classifier Parameters Tuned

SVM Kernel Type, Box Size

KNN Number of neighbours, Distance Metric, Distance Weight

RF Maximum number of learners, maximum number of splits

AB Maximum number of learners, maximum number of splits, learning rate

NB Type of distribution, Type of kernel (for kernel distribution)

Discriminant Analysis Type of discriminant analysis (Linear, Quadratic)

LSTM Dropout factor, Number of Hidden Units

For the supervised classifiers, the nested tuning process (see Section 6.2.3) was handled via

Matlab’s Classification companion app. The procedure utilised a Random Search algorithm

with 20 maximum iterations (this excludes NB and LDA classifiers which had less than
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20 possible input combinations)(Bergstra and Bengio, 2012). A Random Search algorithm

will, for each iteration, select hyperparameter values at random until the training error

decreases, making the training process less exhaustive and time consuming compared to

grid search. Bayesian optimization was the other available option for tuning, and while

it can reach optimization in fewer numbers of training iterations compared to grid and

random search (Shahriari et al., 2016; Wu et al., 2019), the process is not recommended

when the dimensionality of the dataset is greater than 50, thus was not viable for the

high dimensionality dataset (Mathworks, n.d.[a]). After the best parameters have been

determined, they are relayed to the input of the classifier a final time and validated on

the untouched test partition of data, the mean accuracy is saved and the entire process is

repeated a further 4 times.

The LSTM network, due to its long training times, used a simple grid-search approach

with discrete values for the dropout factor (0.1 to 0.5) and the number of hidden units (175

to 350). The hidden unit scale was determined using a crude formula recommended on the

Stack Exchange forums (Hobs, n.d.):

Nh = Ns

(α ∗ (Ni + No))
(6.2)

The number of hidden neurons, Nh, can be roughly determined through dividing the

number of input samples Ns by the sum of the number of input and output units Ni and

No, and multiplied by a scalar factor α, which is recommended to range between 5 and 10.

Thus, the scale was determined by changing the value of α in units of 1 and recording the

corresponding number of hidden units. As stated in Section 6.2.3, the LSTM uses a holdout

of data for grid-search optimization, the best parameters are then configured to the LSTM

and validated with another holdout not used for optimization to obtain the mean accuracy,

which is stored and the process repeats a further 4 times.

For a sanity check, this experiment is repeated with all classifiers using a single fold

191



of validation (essentially holdout validation) to ensure that the resulting validation metrics

obtained were consistent, but is not aggregated into the main results. The experiment is

conducted at Level 1 of terrain resolution, and is validated with mean recognition accuracies

to reflect the overall performance of each classifier.

6.2.6 Experiment 3: Label Terrain Resolution

In this experiment, the appropriate level of terrain resolution for supervised HAR is deter-

mined. As previously speculated in Chapter 5.5.2, there was an expected trade-off between

the resolution of detail in the activity and the corresponding classifier performance. This

experiment aimed to show at what specific label of terrain resolution can an acceptable level

of classifier accuracy be obtained. Using the best performing classifiers from experiment

2 alongside their best performing hyperparameters, the terrain resolution was increased in

stages (see Section 6.2.3 for reference). Each level of resolution is once again tested using

5-fold cross validation of the entire dataset.

6.2.7 Experiment 4: Subject Cross-Validation

In the three preceding experiments, all validation used 5-fold cross validation of the entire

dataset, meaning all twelve subjects’ feature data is combined into a single matrix and then

split for training and testing. In the final experiment of this chapter, the objective was to

determine whether a classifier trained exclusively on non-amputated or amputee subjects

would be robust enough to detect physical activities in a single amputee subject. Hence,

this experiment uses Leave One Subject Out (LOSO) validation. There were two methods

of training the classifier:

• Method 1: Non-Amputee Subject Training For the best performing classifiers,

train data on the 8 non-amputated subjects, then use LOSO validation to test the

classification accuracy for each of the 4 ILLA subjects individually.
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• Method 2: ILLA Subject Training All data from non-amputated subjects are

ignored. Leave-One-Subject-Out validation is again performed with the best classifiers,

this time training the data on 3 amputee subjects and testing on the remaining amputee

subject, repeating the process for each amputee.

In this experiment, the terrain resolution is kept at level 1.

6.3 Results

6.3.1 Experiment 1: Feature Selection Process

Table 6.5 demonstrates the accuracies of the classifiers through various feature selection and

dimensionality reduction methods. Four out of the six supervised classifiers performed best

when no feature selection was applied, however the LDA classifier failed to function, with

accuracy equivalent to a random guess. Two of the other classifiers performed best with

just PCA applied. The LSTM demonstrated good classification performance regardless of

whether the input to the classifier was the feature set or raw data under various dimensional-

ity reduction processes. With 3 dimensions of raw triaxial data, the LSTM had comparable

performance to the best overall performing classifier (kNN with no feature selection), and so

all subsequent experiments with the LSTM utilised 3D timeseries data. Although mrMR-

based feature selection with 75 features had the highest overall performance, it was decided to

proceed with using PCA as the dimensionality reduction method for the other six supervised

classifiers. The LDA and NB classifiers both performed the best under PCA dimensionality

reduction, while no classifier performed the best with the mrMR filter feature selection. The

combination of filter and PCA methods generally appeared to underperform, with only the

selection of 100 features followed by PCA being the only method to exceed 70% classifica-

tion accuracy. The most reasonable explanation for this is that as the supervised feature

selection directly chooses features that benefit classification, the PCA effectively filters out
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Table 6.5 Mean accuracy of supervised classifiers (%) under various dimensionality
reduction methods. (Level 1 Terrain Resolution)

Classifier SVM kNN RF AB NB LDA LSTM Mean

No Dimensionality Reduction 76.28 78.43 74.03 64.16 57.81 22.35 72.76 63.69

Filter (10) 57.74 53.62 56.12 54.34 56.03 56.57 51.80 55.17

Filter (20) 64.94 65.66 63.73 56.75 61.07 63.17 60.86 62.31

Filter (50) 70.67 74.41 70.90 61.49 63.62 67.52 67.43 68.01

Filter (75) 73.52 76.91 72.59 62.68 62.86 71.15 75.73 70.78

Filter (100) 73.57 76.23 72.41 62.71 61.87 19.05 76.08 63.13

PCA 73.70 78.06 68.62 59.11 67.06 71.53 76.73 70.69

Filter (10) + PCA 54.73 52.25 52.36 48.67 53.41 54.15 50.25 52.26

Filter (20) + PCA 64.67 64.14 63.00 57.74 61.87 63.30 62.87 62.51

Filter (50) + PCA 69.43 72.91 66.82 62.05 64.98 67.74 70.58 67.79

Filter (75) + PCA 71.33 75.82 67.98 61.81 65.78 69.10 73.39 69.32

Filter (100) + PCA 71.92 76.64 68.75 61.77 65.23 70.50 75.61 70.06

Accelerometer magnitude timeseries data (1D) N/A N/A N/A N/A N/A N/A 72.16 N/A

Accelerometer triaxial timeseries data (3D) N/A N/A N/A N/A N/A N/A 78.00 N/A

"Filter (n)" indicates top n features as chosen by mrMR are preserved || N/A = not applicable ||
1D = one dimensional data || 3D = 3 dimensional data

low variance aspects of the feature set that could potentially benefit the classifier, thereby

causing a reduction in classification accuracy. When 100 features are chosen through feature

selection, most of these features are likely to be noisy features with minimal variance, which

become compressed with PCA giving it comparable performance to standalone application

of PCA.

To highlight the main findings: the six non-LSTM classifiers would use PCA as the

dimensionality reduction process in Experiment #2 onwards, while the LSTM would use

the triaxial timeseries accelerometer data, using feature learning to automatically derive the

features in the timeseries signal for classification.
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6.3.2 Experiment 2: Classifier Optimization

Excluding the LSTM model, which used 3D raw data, each of the six classifiers had PCA

applied on the training dataset, the coefficients of which were applied to the testing dataset

to transform into eigenvalues. The results are shown in Table 6.6, and from these the “best”

classifiers were identified as the SVM and LSTM models. Neither classifier statistically

significantly improved mean classification accuracy over the third-best performing classifier

(kNN); t-test values demonstrated the SVM and LSTM had statistically insignificant dif-

ference in means with p = 0.2 comparing the SVM to kNN and p = 0.14 for the LSTM

to the kNN. However the kNN and the remaining 4 classifiers were not used in subsequent

experiments as some preliminary implementations of those classifiers were found to have

negligible or weaker classification performance than the SVM. The tuning time for the inner

cross-validation processes are also included in the table, with some contrasting tuning times;

for example the RF tuning process is 45 times faster than the SVM process. The differences

are explained by how the hyperparameters affect the classification performance; in the SVM,

difference of the kernel and box constraint likely has negligible difference on performance,

therefore it takes the random search algorithm longer to find the right set of parameter

combinations to boost performance. The LSTM had the longest tuning time, requiring 50

minutes of optimization for a single iteration; this further highlighted the inability to per-

form 10-fold validation, as this would require 8.45 hours of tuning with the potential risk of

the application crashing and losing all results.

While the LSTM classifier had slightly higher recognition accuracies, the SVM was con-

sidered a comparable classifier due to its lower standard deviations in the testing folds. The

best parameters indicate the hyperparameters that were present in the highest scoring fold

of the outer cross validation.
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Table 6.6 Comparisons of supervised classifiers under 5-fold cross validation, the
time required for tuning the classifier (per iteration) and the best suited hyperpa-
rameters for each (Level 1 Terrain Resolution)

Classifier 5-Fold Accuracy (%) Fold Std. (±%) Mean hyperparameter tuning time (s) Best Parameters

SVM 77.22 0.54 1667.6 Kernel: Gaussian | Box Constraint: 193

kNN 75.76 2.26 632.3
Num. Neighbours: 12 | Distance Metric: Correlation |

Distance Weight: Squared Inverse

RF 71.84 0.69 37.0 Num. Learners: 188 | Num. Splits: 4392

AB 69.23 3.18 948.5 Num. Learners: 211 | Num. Splits: 910 | Learn Rate: 0.07

NB 64.40 0.95 1145.1 Gaussian Kernel Distribution

LDA 73.91 0.93 18.15 Quadratic

LSTM 78.46 2.89 3042.7† Dropout Factor: 0.2 | Num. Hidden Units: 190
† Different tuning methodology: tuning time represents total time to optimize LSTM classifier
through grid search for a single hold-out partition of the data

Overall, hyperparameter tuning appeared to have minimal impact on improving classifier

performance, compared to accuracies reported in Table 6.5 where default parameters were

used. In fact, the accuracy of the kNN and NB models decreased compared to their results

in experiment 2 when PCA was performed. There are two factors which explain this: as the

cross-validation process did not use the same indexes for partitioning training and testing

data between the experiments, the partitions in the first experiment may have given the

classifiers a more favourable performance due to chance. The second explanation is, since

the hyperparameter tuning must be performed in a sub-fold of the partition, the classifier is

working with a smaller subset of the data than they are in the first experiment. Thus, the

parameters which best satisfy the inner validation process may not generalize to the outer

validation process. This also likely means that the choice of hyperparameters in these models

are inconsequential in terms of their ability to improve classification performance. Naturally,

the hyperparameters could still make an adverse impact on classification performance if

chosen poorly.
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6.3.3 Label Terrain Resolution

All subsequent experiments used SVM and LSTM models with their best parameters from

Table 6.6, and no further hyperparameter tuning was performed. An exception to this was

the number of hidden units used in the LSTM model: as the training set size increased or

decreased due to performing SMOTE on the new classes, the number of hidden units was

dynamically changed using the approximation formula from Eq. 6.2.5 with the α scaling

factor set to 9, which corresponded the optimal number of hidden units in the LSTM. While

the accuracies reported in experiments 3 & 4 may be theoretically lower that what was

possible with hyperparameter tuning, the results in experiment 2 demonstrated that these

would be unlikely to have a significant impact.

The mean classification accuracy results from varying terrain resolution can be seen in

Table 6.7, which is accompanied with F1 scores for each activity in Tables 6.8-6.10. In

the base terrain resolution, flat and stair data had notably greater F1 scores compared

to hill data, which is to be expected due to stair movement having significantly different

kinematic behaviour from standard walking (Park et al., 2019). Uphill movement typically

had less confusion than downhill movement, which is supported by Kimel-Naor, Gottlieb,

and Plotnik (2017) whose findings suggest that downhill movement and flat movement are

often very similar due to minimal required changes in gait kinematics for downhill movement.

Table 6.7 Comparison of mean classification accuracy in SVM and LSTM classifiers
for varying resolutions of activity label, using 5-fold cross-validation

Label Resolution Level 1 2 3

No. of Classes 5 7 24

SVM accuracy(%) 77.22±0.54 62.60±2.73 32.74±2.46

LSTM accuracy(%) 78.46±2.89 73.77±1.83 41.85±4.19
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The mean accuracy of both classifiers decreased as terrain resolution (therefore the number

of activities) increased. While the drop-off in mean classification accuracy for the LSTM

model was less than in the SVM model, the F1 scores at each stage of terrain resolution

(Tables 6.9-6.10) reveal that that many of the individual classes for Levels 2 and 3 have poor

F1 scores, and the SVM model had larger F1 scores in many class-by-class comparisons. By

viewing the confusion matrices of the LSTM model (Figs. 6.6-6.11), the higher accuracies

are a result of having high recall for the majority class (“Flat”, “Hard, Flat”, “Concrete,

Flat” or “Concrete”), indicating that despite balancing the classes with SMOTE, the LSTM

model has high model complexity and has overfit, as it has statistical tendency to simply

predict the majority class (Allamy, 2014). The SVM models, while having moderately poor

performance, had less underfitting and better precision in the minority classes.

Table 6.8 Mean F1 Scores for Level 1 Label Resolution

Level 1 (No Terrain)

Activity # of Test Samples LSTM F1 Scores SVM F1 Scores

Downstairs 131 0.800 0.746

Upstairs 138 0.801 0.757

Flat 3826 0.838 0.842

Uphill 670 0.687 0.699

Downhill 701 0.628 0.617
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Table 6.9 Mean F1 Scores for Level 2 Label Resolution

Level 2 (Hard/Soft Terrains)

Activity # of Test Samples LSTM F1 Scores SVM F1 Scores

Downstairs 131 0.803 0.758

Upstairs 138 0.774 0.751

Hard, Flat 3506 0.802 0.823

Hard, Uphill 647 0.699 0.708

Hard, Downhill 668 0.631 0.615

Soft, Flat 321 0.571 0.613

Soft, Uphill 22 0.271 0.362

Soft, Downhill 33 0.276 0.367
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Table 6.10 Mean F1 Scores for Level 3 Label Resolution

Level 3 (All terrains)

Activity # of Test Samples LSTM F1 Scores SVM F1 Scores

Concrete, Camber, Downhill, Parallel 114 0.348 0.380

Concrete, Camber, Downhill, Perpendicular 19 0.037 0.0

Concrete, Camber, Parallel 784 0.508 0.623

Concrete, Camber, Perpendicular 176 0.089 0.044

Concrete, Camber, Uphill, Parallel 108 0.393 0.505

Concrete, Camber, Uphill, Perpendicular 18 0.032 0.0

Concrete, Downhill 510 0.481 0.583

Concrete, Flat 2440 0.424 0.725

Concrete, Uphill 485 0.555 0.695

Downstairs 132 0.715 0.749

Grass, Downhill 30 0.315 0.371

Grass, Flat 269 0.510 0.626

Grass, Uphill 16 0.251 0.291

Gravel, Downhill 9 0.178 0.242

Gravel, Flat 6 0.074 0.0

Gravel, Uphill 1 0.0 0.0

Red Ash, Flat 5 0.174 0.250

Sand, Downhill 2 0.0 0.0

Sand, Flat 47 0.333 0.520

Sand, uphill 6 0.186 0.270

Stone, Downhill 16 0.159 0.094

Stone, Flat 99 0.184 0.194

Stone, Uphill 35 0.383 0.413

Upstairs 139 0.694 0.734
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Figure 6.6 Confusion chart of LSTM classifier at level 1 label resolution
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Figure 6.7 Confusion chart of SVM classifier at level 1 label resolution
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Figure 6.8 Confusion chart of LSTM classifier at level 2 label resolution
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Figure 6.9 Confusion chart of SVM classifier at level 2 label resolution
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Figure 6.10 *Confusion chart of LSTM classifier at level 3 label resolution
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Figure 6.11 *Confusion chart of SVM classifier at level 3 label resolution
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* - for Figs. 6.10 & 6.11, certain walking activities are abbreviated as follows:

• C.C.D.Par - "Concrete, Camber, Downhill, Parallel"

• C.C.D.Per - "Concrete, Camber, Downhill, Perpendicular"

• C.C.Par - "Concrete, Camber, Parallel"

• C.C.Per - "Concrete, Camber, Perpendicular"

• C.C.U.Par - "Concrete, Camber, Uphill, Parallel"

• C.C.U.Per - "Concrete, Camber, Uphill, Perpendicular"

6.3.4 Experiment 4: Subject Cross-Validation

Table 6.11 presents the results of training classifiers by both an amputee and non-amputated

population and testing on one amputee, using “no terrain” resolution. The experiment was

unfortunately unsuccessful; while SVM accuracies are moderately poor, the LSTM models

failed completely, for some subjects having a recognition accuracy lower than random guess.

Despite the significantly smaller size of training dataset available, the mean classification

performance of the SVM when trained by non-amputated subjects was lower than the per-

formance when the SVM was trained by other amputees. A significant confounding factor

in this study, as previously described in 5.9.2, was the fact that the amputees walked over

considerably more variations in terrain than the non-amputated individuals, and even within

the amputee group, some amputees walked on certain terrains that other amputees rarely

or never walked over. For instance, amputee subject #1 walked over stony terrain, with no

instances of sandy terrain, while the opposite was true for amputee subject #2. The fact

that amputee subject #4 was a bilateral amputee while the other three were unilateral may

have caused further confusion in the models. The LSTM model had wildly inconsistent inter-

subject accuracy and high standard deviations, but given the much smaller size of training

dataset, particularly when trained with only amputee subjects, this was not unsurprising.
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The confusion charts for each subject (by Classifier and by training method) are located in

Appendix C.

Table 6.11 Mean LOSO accuracies of each of the 4 ILLA subjects (level 1 terrain
resolution)

Non-amputee Subject Trained Classifiers:

Subject A1 A2 A3 A4 Mean Inter-subject Std.

SVM accuracy(%) 52.41 60.92 46.44 58.41 54.55 ±5.61

LSTM accuracy(%) 24.97 48.71 14.79 25.60 28.52 ±12.42

Amputee Subject Trained Classifiers:

Subject A1 A2 A3 A4 Mean Inter-subject Std.

SVM accuracy(%) 58.12 52.99 54.08 61.55 56.68 ±3.40

LSTM accuracy(%) 53.97 10.26 43.22 16.96 31.10 ±18.06

6.4 Discussion

6.4.1 Main Findings & Interpretations

The main outcomes of this research are summarized as follows: by analysing walking activity

data carried out by ILLAs and non-amputated individuals in free-living settings with super-

vised classifiers, this research was able to achieve good results, but with significant room for

improvement. The best suited classifiers for the supervised approach were discovered to be

an SVM which calculated 243 features in the time, frequency, and wavelet domains, with

compressed dimensionality via PCA to 68 principal components, and an LSTM Network

which required only the raw sequential triaxial accelerometer data. The LSTM model gener-

ally had superior mean classification accuracy but required much longer training times and

had perceptible underfitting, particularly towards the majority class. Given these significant

drawbacks, the SVM was overall the more robust classifier and, if based purely on these
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results, would be the most suitable classifier in a clinical-based activity monitoring system.

The LSTM’s design is based on a simple preconfigured model available from Matlab’s Deep

Learning designer application. In cutting-edge deep learning HAR experimentation, LSTM

models usually have more design complexity. Zhao et al. (2017) for instance implemented

a bidirectional LSTM, which in comparison to ordinary LSTM learns time dependencies in

both directions of the signal, acquiring an average of 94% in F1 scores. Sun et al. (2018)

meanwhile used a combination of CNN and LSTM architecture. The CNN component per-

formed feature extraction from convolution of the raw input data, from which the LSTM

recognizes the time-dependencies of the CNN-forged features. They perform classification

through an Extreme Learning Machine - an alternative to the SoftMax classifier (Huang

et al., 2012) - and were able to achieve strong recognition accuracies for high level activi-

ties. Given that this machine learning problem was approached from a broad view (meaning

to try lots of different techniques and solutions rather than focus on one), the design and

subsequent optimization of a more complicated LSTM network was not practical within the

scope and timeframe of the thesis. LSTM and other deep learning networks could have been

investigated in more detail if it had been decided early on to focus and specialize in the

implementation of a deep learning network over shallow classifiers. Technical limitations of

the deep learning networks also arose as a result of Matlab’s lack of official support for deep

learning classifiers; for example, Extreme Learning Machines are not supported in their deep

learning classification app and require downloading unofficial community-supported tool-

boxes in place. Future implementations of the project should utilize Keras in a Python™

(Python Software Foundation, DE, USA) Integrated Development Environment (IDE) for

more refined control of deep learning parameters as well as for accessing a wider range of

implementable deep learning libraries (Keras, n.d.).

From the terrain-resolution experiments (experiment #3), there is some potential to

expand the typical walking activities captured in a HAR investigation to include hard and

soft terrains as additional outcomes. While “soft, flat” had acceptable F1 scores, “soft,
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uphill” and “soft, downhill” did not, this is likely due to having much smaller quantities of

these activities compared to “soft, flat” and the hard terrain activities. While the inclusion of

SMOTE can help increase performance in these minority classes and prevent overfitting (Qazi

and Raza, 2012), if the initial training data size is too small, the SMOTE process will still be

unable to successfully capture the full range of potential feature data that minority class can

exhibit because it can only create new samples within a nearest neighbour proximity to that

existing data, which can be especially problematic if the data is noisy (Flores et al., 2018).

Balancing the dataset in the future may require greater degrees of undersampling in the

majority class to provide a better initial balance to the data prior to SMOTE. Unfortunately,

the terrain resolution beyond “hard/soft terrain” (level 3) appears to be impractical to detect

accurately, at least within the scope of the data available for the investigation. There would

likely require significantly more data from the minority classes and perhaps require more

additional sensors. For example, a second ActivPAL attached to the other leg could use

inter-sensor axis correlation coefficients to detect the presence of laterally uneven ground.

The presence of “camber movement” in particular may be impossible to detect with consistent

accuracies due to its high similarity with “concrete, flat” movement coupled with variations

in road designs (for example, having different degrees of slope).

The subject cross-validation experiments (experiment #4) were regrettably completely

unsuccessful, even at the most basic level of terrain resolution. This likely was due to the

amputees carrying out different walking activities, both from the non-amputated individual

group and from each other. Future investigations would need to acquire considerably larger

numbers of amputee volunteers with a diverse range of amputation types, and work towards

avoiding the gender and age biases shown in this dataset which may have had further influ-

ence on the results. As the evidence from the experiment indicates, the clinical implication

of experiment #4 is that a classifier for the detection of walking activities in ILLAs can-

not be reliably trained on activity data from a population with non-impaired gait, and by

comparing the LOSO validation of the bilateral amputee (subject A4) to the others, this
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experiment also indicates that different classifiers may need to be trained for different types

of lower limb amputation.

6.4.2 Comparisons with Other Studies

The recognition accuracies in this investigation were far from ideal: each of the lab-based

studies identified in Labarrière et al. (2020) that used only an IMU sensor for data collec-

tion had comparable or superior recognition accuracies (Mai et al., 2018; Mai et al., 2018;

Stolyarov, Burnett, and Herr, 2018; Su et al., 2019). This study is however does have com-

parable performances with other free-living HAR investigations. Gyllensten and Bonomi

(2011) found that activity data trained in laboratory conditions dropped from an average

recognition accuracy of 95.4% to 75.6% with a Support Vector Machine. Their standard

deviations for the SVM model were also considerably higher (±10.4% compared to 0.54%

in our study), though this difference may be explained by measuring different activities and

using Leave-One-Subject-Out Cross Validation. Their methodology also indicates that it is

better to have the training component in free-living conditions. Other free-living studies have

achieved better recognition accuracies but use simple classification problems, for instance El-

lis et al. (2014) had an average recognition accuracy of 85.6% but only distinguished seden-

tary behaviour, standing and walking movement, and driving. Likewise, Fullerton, Heller,

and Munoz-Organero (2017) acquired 96.7% accuracy using broad activity label definitions

(e.g “Self-Care, “Home Activities”). The recognition accuracies in this investigation were

superior to Liu et al. (2011) for a single accelerometer sensor (69.9%), comparable when mul-

tiple accelerometer sensors were used (74%), and inferior when they included an additional

ventilation sensor (84.7%). This further reinforces that the performance in this investigation

could have been improved with the addition of a second ActivPAL on the other thigh.

Generally, there are not many studies which have attempted to differentiate walking

across different terrains using only IMU data collected by humans. Hu et al. (2018) appears
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to be the first study to attempt terrain classification with a single IMU, however this was

performed in laboratory conditions and only distinguished between flat and uneven ground.

Hashmi et al. (2019) was able to acquire very high classification accuracies (87.5% with an

SVM classifier) when distinguishing six types of terrain: concrete, tiles, carpet, asphalt, soil,

and grass. Likewise, they also found consolidating terrains into hard and soft categories

improved the average recognition accuracy to 92.08%, they however only tested flat terrain

and did not include hills or stairs in the classification problem. More recently, Russell et al.

(2021) carried out HAR in a cross-country trail. While the study acknowledged the presence

of terrain, as well as the speed at which the terrain was traversed, their classification problem

was simplified to only distinguish between laying, sitting, walking, running, or climbing a

fence. The lack of comparable studies may stem from publication bias: experiments which

have attempted similar methodology to this investigation have achieved similar or worse

results, and so have elected not to publish results.

The poor cross-validation experiment results in experiment 4 reflect the findings of

O’Brien et al. (2017), who tried training data on non-amputated populations and testing

them on individuals who had suffered a stroke. In O’Brien et al. (2017), the recall rate of

classification accuracy was 53%, increased to 75% when trained on patients with only mild

gait impairments. They also had the benefit of a significantly higher training population

(15 healthy subjects and 30 stroke patients), so from their results it is inconclusive whether

it was the larger training dataset or the condition of the gait that was the key factor in

improving performance. Due to only having 4 participants, this investigation did not have

the luxury of being able to investigate different types of severity in gait impairment for the

amputee population, and all 4 of the participants were considered to only to have mild gait

impairment. Therefore, this study cannot implicate how effective the system would be on

individuals who for instance have severe comorbidities impacting on their gait mobility. In

contrast, Vageskar (2017) was able to achieve much higher recognition accuracies when train-

ing on a healthy population, gaining 86.5% accuracy when trained in free-living conditions,
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however they were able to do so by simplifying the classification problem; most notably, they

relabelled stair movement as just “walking” and did not account for sloping movement at

all. Including those activities as separate labels would likely have caused a significant drop

in their classification performance.

6.4.3 Qualitative Feature Analysis

The handcrafted features that were useful for the supervised investigation were qualitatively

analysed through comparisons of the features that are preserved in the two primary dimen-

sionality reduction processes used in this chapter: mRMR feature selection and PCA. It is

important to acknowledge that PCA and Filter feature selection, while having a similar goal,

achieve the appropriate selection of features through very different approaches. In PCA, the

process looks for linear combinations of different features that can effectively explain the

total variance of the dataset with compact dimensionality. Whereas a filter feature selection

process specifically uses supervision (knowledge of the class) to discriminate which features

are more relevant than others. The hypothesis of comparing the two methods was that, if

a particular feature demonstrated high discriminative power, and contributed a significant

component of the systematic variance, then the feature would be “useful”.

The dataset used in this analysis is the complete dataset for all participants data com-

bined. As this exercise is intended to understand the usefulness of the features across the

entire dataset and not to validate the features quantitatively (e.g through accuracy or F1

scores), no arbitrary partitioning is performed on the data. The exercise is conducted at

Level 3 of label resolution, though this level of resolution was stated to be untenable from

Section 6.4.1, it was still useful using this resolution to show how features are selected from

mrMR when a wide pool of activities are available for classification. For the filter approach

of this analysis, the mRMR feature selection algorithm is applied, and the scores of each

feature are recorded. Features deemed “relevant” were those that proportionally contributed

213



1% or greater of the total score count across all features, those that contributed less than 1%

are also recorded as "irrelevant". To find the relevant features for PCA, PCA is first applied

to the dataset and the proportion of contribution to the prinicipal components is plotted,

similar to the procedure described in Section 6.2.4 to obtain Fig. 6.5. It was determined

that approximately 68 of the first principal components contributed to 95% of the variance.

For each principal component, the magnitude of the corresponding values in the eigenvectors

of each feature are compared. The features with the highest magnitude indicate they are the

primary "contributor" to that principal component (Loukas, 2020). As a result, the features

deemed "relevant" by PCA were the unique primary contributors to the first 68 principal

components. The "unique" signifies that even if a particular feature was the highest contrib-

utor to multiple principal components, it is only counted once. All features that are not the

primary contributor to any of the 68 first principal components are recorded as "irrelevant".

The analytical process is applied to the combined dataset of amputees and non-amputated

individuals, and additionally applied to separate amputee-only and non-amputee-only datasets.

The number of components needed to obtain 95% of the total systematic variance remains

the same in all 3 datasets, and so the process of finding relevant features through PCA did

not change.

For the combined dataset of all individuals, the features chosen from mRMR and PCA, as

well as those that were absent (irrelevant) in either, are represented in the Venn diagram in

Fig. 6.12. Generally, it is difficult to comment on which features could truly be considered

irrelevant. For example, many of cepstral coefficient features were present in PCA and

mRMR, indicating they were relevant, but a handful of the other cepstral coefficients were

also absent in both processes. Both feature selection methods contained a combination of

statistical, frequency and wavelet features. At most, a handful of wavelet features could have

been considered irrelevant; namely wavelet coefficients as formulated by Preece et al. (2009)

and Wang et al. (2005), as well as some statistical features including the root mean square,

energy, entropy, power, range, mean absolute deviation, and variance. Given the LSTM’s
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comparable performance with the SVM classifier in this chapter using only raw data from the

accelerometer, and additionally considering how many components were needed to capture

95% of the systematic variance in PCA, it is reasonable to assess given these results that the

handcrafted features chosen for analysis were not well suited to the dataset.

To recap, the features chosen for investigation were derived analytically using a combi-

nation of literature and exploratory analysis of the raw data in Chapter 5.7. This process

should still be used in future studies as it gives a strong fundamental argument to the feature

inclusion, as opposed to blind inclusion. However, while there was thought put into the types

of features, the actual features themselves had little thought put into them. Most types of

features were applied to all axes of the accelerometer, with some features additionally being

applied the derivative of acceleration (the jerk) and the magnitude. Many of these features

likely have strong similarities and do not add useful information to the dataset. Likewise,

some types of features were very similar to each other. Including the range, interquartile

range, as well as maximum and minimum values was likely a redundant approach given their

foundational dependence on each other. The wavelet feature sets that have been carried out

in previous studies were all functionally similar to one another, with perhaps only one or

two sets of these features needed for analysis.

As stated, the analytical process was also applied to separate datasets containing activity

data of only the non-amputated individuals, and a dataset containing activity data of only the

ILLAs. The resulting Venn diagrams are located in Figs. 6.13-6.14. Despite the reduction

in total dataset size, the quantity and number of unique PCA relevant features do not

significantly change either in the non-amputated or amputee population models. As PCA

is conserving total systematic variance, features that have systematically high variance will

generally be conserved regardless of the dataset size. Hence, features such as Cepstral

Coefficients, Crest Factor, Skewness, Kurtosis, Spectral Centroids and Median values are

present in all three models. On the other hand, mrMR-selected features and subsequently

the common overlap in PCA and filter selection processes are greatly reduced with the dataset
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size. Logically, this appears to be a reasonable response: as the dataset size decreases, there

is less intra-activity variation, therefore requiring less features to encapsulate differences

between activities. Finally, another Venn diagram was created to look at the overlap of

relevant features (combining features conserved in PCA and selected in mrMR) for amputee

and non-amputee populations. This Venn diagram is in Fig.6.15. By directly comparing

features selected in the amputee and non-amputee population models, it can be seen that

while there are different relevant features unique to the amputee and non-amputee population

models, no systematic patterns of difference were observed. Each model had a combination

of time, frequency and wavelet domain features, and certain features like cepstral coefficients

and kurtosis, had unique sub-feature instances in each population model. Since the ILLAs

walked over greater varieties of terrains than the non-amputee population, an inference

could be made that the relevant features unique to the amputee population model could be

important for distinguishing soft terrains and other types of non-concrete hard terrain, but

this would require further testing beyond the scope of the thesis.

The primary conclusion from these additional Venn diagrams is that future feature se-

lection processes in these types of investigations should take more time to consider each

feature individually and how they corroborate with each other. There also appears to be no

systematic differences in feature relevance between ILLA and non-amputee populations, and

therefore features chosen specific to the differentiation of activity in a non-amputee popula-

tion should be translatable to the differentiation of activities in a ILLA population and vice

versa.
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Figure 6.12 Venn diagram of relevant features obtained from analysis of PCA and
mrMR, as well as features absent from the relevant list of both processes (Level 3
Terrain Resolution)
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Figure 6.13 Venn diagram of PCA and mrMR relevant features for the non-
amputated participants (Level 3 Terrain Resolution)
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Figure 6.14 Venn diagram of PCA and mrMR relevant features for the ILLAs
(Level 3 Terrain Resolution)
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Figure 6.15 Venn diagram of features found relevant for both non-amputated and
ILLA demographics. (Level 3 Terrain Resolution)
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6.4.4 Misclassification Analysis at the Hard/Soft Terrain Level

To gain a more informed understanding of the classification performance at the hard/soft

terrain resolution level (Level 2), which is the highest level of terrain resolution this activity

monitoring system could achieve in a realistic manner, an exercise was conducted to identify

common "themes” in misclassification via the analysis of the original video recordings. To

arrive at this analysis, a holdout cross validation was performed on the combined dataset

of ILLAs and non-amputee individuals. Samples in the training partition were trained by

an SVM and LSTM classifier, using appropriate hyperparameters defined from experiment

2. The SVM and LSTM classifier were then applied on the testing samples to create inde-

pendent predictions of physical activities. The resulting predictions were then compared to

the ground truth, and subsequently sorted by “strong positive predictions”, where both the

SVM and LSTM classifier both correctly guessed the activity, and “strong negative predic-

tions”, where the SVM and LSTM both guessed incorrectly – and – both classifiers made

the same incorrect prediction. For example, if the ground truth label was “Hard, Flat”, and

the SVM and LSTM both incorrectly guessed “Hard, Uphill”, this would be considered a

“strong negative prediction”. As it would not be practical to manually analyse every single

instance of classification or misclassification, five random samples of “strong positive predic-

tions” and “strong negative predictions” for each activity were obtained, resulting in 80 total

samples being investigated. Each sample had a corresponding timestamp which allowed the

(mis)classified activity to be reviewed in the video footage. The key summary of the analysis

is hereby detailed:

When analysing the “strong positive classifications”, there were some interesting obser-

vations made with the minority classes. Hills of either hard or soft terrain appeared to have

strong classifications results when the measured hill angles were very steep. Logically, this

makes sense; a steep slope will have a greater impact on the subject’s gait, which should

reflect in changes to the feature vectors of these samples. Correctly classified stair movement
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happened typically with narrow flights of stairs with high stair heights. Again, these types

of stairs would have a large impact on gait trajectory which should reflect in differences in

the feature vectors. Correctly classified soft terrains would typically have physical proper-

ties that would increase the differences in gait versus a hard terrain. For example, correctly

classified grassy terrain (considered “soft”) would typically feature long cuts of grass and

leaves lying on the ground, both of which can act to reduce the GRF during gait. In sandy

terrain (another terrain considered “soft”), correctly classified instances would demonstrate

very soft sand: in the videos, there would be deep footprints in the sand from people pre-

viously walking along the path. Moreover, it was clearly visible in these correctly classified

sandy segments that the entire ground would deform and stretch over the foot during gait.

These would reduce the GRF experienced by the subject, thereby creating a change in the

responsive acceleration behaviour.

In contrast, soft terrains that were strongly negatively misclassified exhibited properties

that made them more closely resemble harder terrains. Misclassified grassy terrain would

exhibit short grass on what appeared to be hardened soil, while misclassified sandy ter-

rain would appear as hard-packed sand with barely visible footprints. The other strongly

misclassified activities revealed interesting observations. Stair misclassification appeared to

mostly arise from when subjects traversed landings that are interspersed between flights of

stairs. During the annotation process, these flights of stairs would be “ignored” (meaning

still considered downstairs) if the landing was short enough (roughly less than a full stride

long). However, this analysis indicates that even these short landings can have an impact

on misclassification and should be discarded from training data in future studies. Misclassi-

fication of flat and hilly terrain mainly arose as a result of imprecision of elevation readings

from the Strava application. If the readings were infrequent (between five and fifteen sec-

onds), this would not build an accurate estimate of the elevation data, in turn impacting

on the calculated hill angle and the subsequent annotation. Upon reviewing the misclas-

sified hills traversed in Google Maps, the misclassification coming from the classifier could
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be interpreted as the absolute correct activity, while the annotated activity could in fact

be incorrect. There were a not-insignificant number of instances where “soft, downhill” was

misclassified as “downstairs”. This was caused by participants walking down the (grassy)

hill at a 45-degree angle, always leading with one foot in front of other during the descent

(as if climbing down a steep slope), this deviation in movement from gait that would be ex-

hibited while climbing down a gentle slope likely caused the misattribute of the label. This

behaviour was not exhibited in hard, downhill classifications, likely due to higher friction

on the surface giving subjects a greater grip and easing their confidence at descending the

slope. Moreover, there were several instances of “Hard, Uphill” misclassified as “Soft, Flat”.

This confusion may originate from increased stance duration and step time on inclined slopes

(Han et al., 2009), which may be equivalized in the feature matrix to slower gait movement

on soft terrain where the ground is less stable. For example, in sandy terrains, the foot sinks

into the sand on impact, thereby requiring more time to lift the foot off again, resulting in

increased stance time.

The key findings of this analysis were the discovery of “intra-terrain” variation and errors

in the annotation process. The intra-terrain variation was discovered by observing that some

terrains exhibited different properties that could construe them either as hard or soft terrain.

It is not possible to validate a terrain’s hardness or softness purely through visual inspection,

so perhaps a more constructive solution is to develop a multi-terrain laboratory environment

where the hardness of terrain is known and can be directly controlled. This would of course

limit the generalizability of findings to real outdoor conditions, but the trade-off would be the

ability to train the system with data labels that are closer to the “absolute truth”. Errors in

the annotation process meanwhile indicated that the predicted labels from the classifiers were

on occasion, more accurate to the absolute truth, which would imply that the classifiers had

greater performance than suggested in the results. More research is required for providing a

better estimation of the absolute truth, particularly in the identification of hill segments. As

discussed in Chapter 5.5, only one round of annotation was performed by a single author,
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which could have easily led to some mistakes in the annotation process - particularly in

cases of terrain transitions. A basic solution to improve accuracy of the GTA would be to

repeat rounds of annotation with other researchers and obtaining an "average" label. Other

solutions could include using a second mobile device with Strava, leaving the final elevation

reading to be an average of the two readings, or to have the participant signal to the camera

when they are experiencing uphill or downhill movement. Such readings would be prone to

subjective errors from the participant but would provide an additional point of unreliable

information. Finally, the limitations of this analysis should be considered. This experiment

only looked at random instances of misclassification but would probably be more informative

if it had looked at all possible combinations of misclassification (for example, comparing a

misclassified “Upstairs” to “Downstairs”, “Downhill”, “Uphill” etc.).

6.5 Chapter Conclusion

This chapter was an investigation of how supervised learning systems can recognize activi-

ties carried out by non-amputee individuals and those with lower limb amputation, finding

good results but with room for improvement. Generally, there was scope to expand walk-

ing activities to include hard and soft terrains alongside walking uphill, downhill, upstairs

and downstairs, and analysis of misclassified activities revealed some key weaknesses in the

methodology, further indicating the systems performed better than presented in the results.

It was not feasible to try and recognize ILLA activities when the system was trained only on

non-amputee individuals or other ILLAs, which was most likely due to the large class imbal-

ances. The analysis of relevant features and misclassification instances have constructively

identified the flaws in the feature engineering approaches and annotation processes that were

carried out in this research, and can be improved upon in future studies. The next chapter

will look at the same dataset, this time taking an unsupervised approach to try and build a

cluster analysis of these activities without the use of annotated labels.
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Chapter Seven

Unsupervised Cluster Analysis of

Walking Activity Data for

Non-Amputated Individuals and

Individuals with Lower Limb

Amputation

7.1 Introduction

This chapter is an exploration of the application of unsupervised learning and cluster analysis

for human activity recognition, including an ILLA population. An unsupervised approach

differs from a supervised approach in that knowledge of the label is not used to train the

machine learning algorithm. Instead, the general objective is to present the data in a visu-

alizable format (between 1 and 3 dimensions) where datapoints with similarities converge

together into clusters. The grouping of data into clusters can indicate unforseen similarities

or differences in the data that was not expected prior to conducting the investigation. Given

the inherent disadvantage of being unable to use the Ground Truth to influence classifier
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boundaries, unsupervised approaches will generally underperform compared to supervised

approaches when applied in HAR (Attal et al., 2015; Trabelsi et al., 2013). However, from

a clinical perspective, it is still worth exploring unsupervised approaches. In a scenario

where a clinical researcher wants to monitor activity of their patient, they may not have the

financial resources to acquire a trained classifier, or the skill to develop their own. From

that perspective, an unsupervised model would be able to interpret useful data in a cost-

inexpensive fashion, only requiring that the client should wear an activity monitoring device

for a brief period of time. Additionally, as was seen in Chapter 6.3.4, it was indicated that

separate trained supervised classifiers may be required for ILLAs with different conditions

of amputation, and so collection of data for trained classifiers for different types of amputees

could become overwhelmingly expensive and difficult to obtain. This investigation is a proof

of concept that clinically relevant data of a lower limb amputee can be obtained without the

use of a trained supervised system.

For a general population, Ariza Colpas et al. (2020) provides a concise summary of the

work done for unsupervised approaches to HAR. Unsupervised models that use wearable

sensors as primary means of data acquisition are primarily used for the recognition of low-

level activities such as standing, sitting and lying (Al-Ani, Le Ba, and Monacelli, 2007; Bao

and Intille, 2004; Mathie et al., 2003), though a few studies have attempted to distinguish

higher-level sporting activities and activities of daily living (Chambers et al., 2002; Huynh,

2008; Lester, Choudhury, and Borriello, 2006). As previously stated, this is first study to

attempt to cluster physical activity within an ILLA population (Labarrière et al., 2020).

Being unable to monitor indoor activity due to ethical restrictions, the investigation focuses

on low-level walking activities that are carried out in outdoor environments.

The first part of the methodology in this chapter will document the journey of investi-

gating at the data collected from Chapter 5 from an unsupervised perspective and details

how an experiment with viable results was constructed. The second part will then go into

details about the experiment itself and the associated outcomes.
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7.2 Methodology

7.2.1 Pre-Processing

The data preparation steps taken in this investigation are identical to those carried out in

Chapter 6 and explained in detail in Chapter 5.

7.2.2 Part I: Obtaining Viable Clustering Models

There were two main objectives to meet in the unsupervised clustering of the feature data:

A) Obtain a meaningful, visualizable cluster model.

B) Construct a cluster algorithm that can robustly highlight important clusters in the

data.

Objective A had to be dealt with before any meaningful work on objective B could begin.

For the investigation, the general analytical approach to achieving objective A was to look

at how the activities were clustered in a low dimensional space (providing their ground truth

labels for illustration) and then systematically work towards a clustering model in which

activities were distinctively separated into different clusters. In this investigation, one of

the main challenges of working towards achieving objective A was considering the factors

involved in the construction of the low dimensional cluster model, and the order in which

the factors should be approached. The main factors to consider were:

• Model Population: Should the data for constructing a cluster model include all

participants, split between non-amputated and ILLA demographics, or create models

for each subject individually?

• Dimensionality Reduction: Which dimensionality reduction method is the most

appropriate?
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• Parameter Tuning: What are suitable hyperparameters for the dimensionality re-

duction method?

• Label Resolution: How far does the detail of the true labels need to be reduced

before patterns in the clustering are observed?

It was impractical to try and explore all possible combinations of the above parameters, as

analysis at this stage is primarily performed on a subjective basis by looking at the resulting

clustering models. Instead, a series of small analytical exercises were carried out:

1. Using Level 1 of Label Resolution from 6.2.3 (“no terrain resolution”) and any viable

dimensionality reduction method with default parameters where applicable, decide on

the appropriate model population.

2. Using the model population from exercise #1 and Level 1 of label resolution, decide

on the best dimensionality reduction method, again using default parameters where

possible.

3. Using results from exercises #1 and #2, decide on appropriate level of label resolution

4. Tune the dimensionality reduction method for its most suitable parameters

7.2.3 Exercise #1: Model Population

The first stage was to determine whether the model should include all participants, use

separate models for each individual, or to split models into ILLA and non-amputated popu-

lations. Analysis was performed with 3 dimensionality reduction techniques, namely, PCA,

tSNE, and UMAP. The processes behind these techniques were explained in Chapter 4,

Sections 4.2.5.2.1 & 4.2.5.2.2. An additional non-linear dimensionality reduction technique

previously described, kPCA, was not used in this step, this is because the kernel procedures

in kPCA require a creation of a kernel matrix (ns ∗ ns), where ns is the number of samples.
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While this method is viable for looking at individual models, the required matrix size for

ILLA/non-amputated models and all-subjects-combined model exceeded the RAM capacity

for the testing hardware. For each dimensionality reduction method, the dimensionality is

reduced from the original dimensionality (243) to 2 dimensions. In PCA and kPCA, this is

done by calculating the nf ∗ nf coefficient matrix (nf being the number of features), con-

serving the first two columns of coefficients, and multiplying the original dataset by the

coefficients. The data points are plotted in a 2D space and are labelled with their base

activity label (flat/level walking, uphill, downhill, upstairs or downstairs) to indicate the

effectiveness of the method. The outcomes of this exercise are shown in the series of Figs.

7.1-7.12. For brevity, only one subject from the Individual Model approach is illustrated

(subject H1).
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Figure 7.1 Activity data reduced to 2D via PCA, for all participants

Figure 7.2 Activity data reduced to 2D via tSNE, for all participants

Figure 7.3 Activity data reduced to 2D via UMAP, for all participants
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Figure 7.4 Activity data reduced to 2D via PCA, for non-amputated individuals

Figure 7.5 Activity data reduced to 2D via tSNE, for non-amputated individuals

Figure 7.6 Activity data reduced to 2D via UMAP, for non-amputated individuals
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Figure 7.7 Activity data reduced to 2D via PCA, for ILLAs

Figure 7.8 Activity data reduced to 2D via tSNE, for ILLAs

Figure 7.9 Activity data reduced to 2D via UMAP, for ILLAs
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Figure 7.10 Activity data reduced to 2D via PCA, for participant H1

Figure 7.11 Activity data reduced to 2D via tSNE, for participant H1

Figure 7.12 Activity data reduced to 2D via UMAP, for participant H1
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From Figs. 7.1-7.12, all three dimensionality reduction approaches are only viable when

cluster models are created for the individual subject. In tSNE and UMAP models, when

the activity labels are replaced with the identity of the subject, as seen in Fig. 7.13, it

becomes clear that these approaches have modelled their cluster formation on the subject,

rather than the activity. While there is a slight gradient-like distribution of the activity

classes in the PCA models when viewing the all-subjects-combined and non-amputated-

subject models (Figs. 7.1 & 7.4, there are no visually distinct cluster formations. There are

also no appreciable formations of activity classes in the ILLA only model. Thus, the chosen

approach was to use individual models for cluster analysis.

7.2.3.1 A note on class imbalance

In the supervised chapter, the imbalance between classes was dealt with by applying SMOTE

to prevent the classifiers from overfitting on the majority class. Balancing the dataset re-

quires knowledge of the label, which is inherently a supervised technique. Additionally,

oversampling via SMOTE has a strong influence on the mapping behaviour, particularly in

non-linear dimensionality reduction techniques. The mapping techniques are able to rec-

ognize the low variance in the synthetic minority data samples that are generated through

SMOTE, and will map them closely together in lower dimensions, which can result in clus-

tering models such as Fig. 7.14. Here, the minority classes are the upstairs and downstairs

labels, which have resulted in an orthogonal-shaped clustering model. While this shows good

separability of the stair classes, the model shape could change entirely depending on the ratio

of the minority classes to the majority classes. Thus, the datasets for each individual are not

balanced, to try and give a realistic representation of how the clustering algorithms would

perform on a true unlabelled dataset.
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A B

C D

Figure 7.13 A: Data of non-amputated participants after UMAP dimensionality
reduction, labelled by the contribution of each participant. || B: Data of ILLA par-
ticipants after UMAP dimensionality reduction, labelled by the contribution of each
participant. || C: Data of non-amputated participants after tSNE dimensionality
reduction, labelled by the contribution of each participant. || D: Data of ILLA par-
ticipants after tSNE dimensionality reduction, labelled by the contribution of each
participant.
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Figure 7.14 Cluster model of participant H2 after Gaussian kPCA dimensionality
reduction

7.2.4 Dimensionality Reduction Method

With the appropriate population model chosen, the next step was to select which of the

dimensionality reduction techniques were most suited to the investigation. Alongside PCA,

tSNE and UMAP, kPCA models with various kernels were included in this exercise. The

kPCA models were manually tuned to have sufficient kernel widths by visual inspection of

one non-amputated and one ILLA subject, then expanding to include all individual models to

ensure the parameter was universally appropriate. Once again, all dimensionality reduction

methods were plotted in a 2D space and were colour-coded by their true activity labels, which

can be seen in Figs. 7.15-7.28. For sake of brevity, not all images from each participant are

shown. Instead, each dimensionality reduction method shows a cluster model from one

non-amputated individual (participant H6) and one ILLA (participant A3).
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Figure 7.15 PCA-created cluster model on a non-amputated individual

Figure 7.16 PCA-created cluster model on an amputated individual
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Figure 7.17 tSNE-created cluster model on a non-amputated individual

Figure 7.18 tSNE-created cluster model on an amputated individual
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Figure 7.19 UMAP-created cluster model on a non-amputated individual

Figure 7.20 UMAP-created cluster model on an amputated individual
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Figure 7.21 kPCA (Gaussian Kernel) created cluster model on a non-amputated
individual

Figure 7.22 kPCA (Gaussian Kernel) created cluster model on an amputated in-
dividual
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Figure 7.23 kPCA (Exponential Kernel) created cluster model on a non-amputated
individual

Figure 7.24 kPCA (Exponential Kernel) created cluster model on an amputated
individual
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Figure 7.25 kPCA (Linear Kernel) created cluster model on a non-amputated
individual

Figure 7.26 kPCA (Linear Kernel) created cluster model on an amputated indi-
vidual
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Figure 7.27 kPCA (Laplacian Kernel) created cluster model on a non-amputated
individual

Figure 7.28 kPCA (Laplacian Kernel) created cluster model on an amputated
individual

Figs. 7.15-7.28. revealed that the tSNE and UMAP models were the only models to
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show appreciable separability of the activity classes. In PCA (Figs. 7.15, 7.16) and all kPCA

models (Figs. 7.21-7.28), there was complete failure to distinguish any of the 5 classes, and

all data points had merged into a singular homogenous shape. Recalling back to Fig. 6.5 in

Chapter 6, it was discovered that it took around 70 components to explain 95% of the total

systematic variance in the combined dataset of non-amputated individuals and ILLAs. This

finding remains true when PCA is applied to each individual’s dataset separately. Therefore,

it is unsurprising that the PCA process is unable to properly distinguish activities with just

2 principal components. Likewise, the relevance of the principal components in kPCA can

be determined by examining the ratio of the sum of the conserved eigenvalues over the total

sum of all eigenvalues. Taking Gaussian kPCA as an example, these ratios ranged from

0.023 to 0.029, showing the first principal components of kPCA also comprise very little of

the total systematic variance.

The original intention from this exercise was to proceed using both tSNE and UMAP, as

they had very comparable performances on a per-subject basis. However, there were some

issues with community written UMAP implementation for Matlab (Meehan et al., n.d.).

Due to an unexplained instability in the UMAP function, the Matlab environment would

consistently crash whenever the algorithm ran over many iterations. As a result, it was

decided to only use the more stable tSNE function for the remainder of the investigation.

7.2.5 Exercise #3: Selecting Appropriate Level of Terrain Reso-

lution

Following exercise #2, the tSNE models for each subject were analysed for various levels of

terrain resolution, refer to Chapter 6.2.3 for an explanation of each level. When the terrain

resolution is increased to Level 2 (including hard and soft terrains), the non-amputated

individual models are largely unaffected due to almost exclusively walking on hard terrain.

However, it became immediately apparent when viewing the ILLA cluster models that the
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dimensional mapping was unable to differentiate hard and soft terrains. It was thus seen

as redundant to try and increase the label resolution any further to Levels 3, 4 or 5, which

include even more labels (or are based only terrain, which is largely irrelevant to the main

investigation). Even at Level 1 of terrain resolution, there were some concerns that the

models were unable to separate flat, uphill, and downhill data. Thus, an additional simplified

level of resolution was introduced, termed Level “0”. In this level of resolution, the flat,

uphill, and downhill labels are all consolidated into a single label – “Walk”. The results for

non-amputated and ILLA subjects are illustrated in Figs. 7.29-7.34.
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Figure 7.29 tSNE-created cluster plot of non amputated individuals for terrain
resolution Level 0

Figure 7.30 tSNE-created cluster plot of amputated individuals for terrain resolu-
tion Level 0
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Figure 7.31 tSNE-created cluster plot of non amputated individuals for terrain
resolution Level 1

Figure 7.32 tSNE-created cluster plot of amputated individuals for terrain resolu-
tion Level 1
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Figure 7.33 tSNE-created cluster plot of non amputated individuals for terrain
resolution Level 2

Figure 7.34 tSNE-created cluster plot of amputated individuals for terrain resolu-
tion Level 2

Due to the general inseparability of data at Level 1 of terrain resolution, a short exper-
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iment involving the application of clustering algorithms was carried out to determine the

feasibility of clustering at this level of resolution. K-Means, Hierarchical and GMMs were

employed on each subject. To ensure that all clustering models were optimized, a grid-search

algorithm combined discrete values of hyperparameters and were tested on each subject for

5 different initiations of the t-SNE algorithm. The overall best clustering parameter com-

binations for all subject and all t-SNE initiations was then tested on another five tSNE

initiations for each subject. For validation, the mean of the Normalized Mutual Information

(NMI) across the five initiations for each subject was chosen. NMI is one of a handful of

external validation measurements used in unsupervised learning, where a ground truth anno-

tation of the clusters can be provided. Mutual Information is an entropy measurement that

measures how closely the designated cluster labels resemble the ground truth, and normal-

izing the value ensures that the range of NMI falls between 0 (no resemblance) to 1 (perfect

resemblance). NMI is preferred over a similar comparison metric, the Adjusted Rand Index,

when the distribution of cluster sizes is unequal (Romano et al., 2015). The resultant NMIs

are displayed in Table 7.1. These results demonstrate that the 3 most well-known types of

clustering algorithms are unable to form meaningful clusters that relate to physical activity.

This is further evidenced by Figs. 7.35-7.37, where the clusters formed by these algorithms

do not resemble the ground truth.
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Table 7.1 NMI of cluster label assignment vs. ground truth for various clustering
labels

Classifier K-Means GMM Hierarchical

H1 0.155±0.006 0.143±0.025 0.122±0.023

H2 0.246±0.020 0.224±0.032 0.224±0.016

H3 0.138±0.007 0.133±0.014 0.128±0.011

H4 0.173±0.012 0.188±0.009 0.148±0.018

H5 0.133±0.017 0.155±0.011 0.150±0.018

H6 0.203±0.009 0.243±0.013 0.159±0.011

H7 0.114±0.013 0.106±0.014 0.132±0.023

H8 0.069±0.003 0.071±0.003 0.075±0.004

A1 0.165±0.003 0.186±0.012 0.130±0.010

A2 0.080±0.003 0.089±0.006 0.075±0.003

A3 0.145±0.013 0.190±0.024 0.123±0.012

A4 0.156±0.013 0.182±0.012 0.144±0.016

Mean 0.147±0.049 0.157±0.053 0.134±0.039

Best

Parameters

Distance Metric:

Squared Euclidean

Probability

Tolerance: 1e-8,

Regularization

Value: 1

Distance Metric: Cosine,

Linkage: Ward
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Figure 7.35 (Caption on next page)
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Figure 7.35 Top: Cluster model of participant H6 after tSNE dimensionality re-
duction, labelled by its ground truth activity labels. || Bottom: Cluster model of
participant H6 after tSNE dimensionality reduction, labelled by K-Means clustering
algorithm assigned labels.
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Figure 7.36 (Caption on next page)
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Figure 7.36 Top: Cluster model of participant A4 after tSNE dimensionality re-
duction, labelled by its ground truth activity labels. || Bottom: Cluster model of
participant A4 after tSNE dimensionality reduction, labelled by Hierarchical clus-
tering algorithm assigned labels
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Figure 7.37 (Caption on next page)
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Figure 7.37 Top: Cluster model of participant A2 after tSNE dimensionality re-
duction, labelled by its ground truth activity labels. || Bottom: Cluster model of
participant A2 after tSNE dimensionality reduction, labelled by GMM clustering
algorithm assigned labels.

In reality, at Level 1 of label resolution, the amount of overlap in walking, downhill

and uphill labels simply cannot be separated in a practical manner for the majority of the

subjects, no matter how sophisticated the clustering algorithm is. This is most apparently

evident by looking at the true activity labels for subject H3 in Fig.7.38. As a result, the

investigation pivoted towards studying for clustering activity levels at a much simpler level:

distinguishing walking (flat, uphill, and downhill) from stairs (up and down). As illustrated

in Figs. 7.35-7.37, most of the included participants had appreciable separable clusters for

stairs, and thus had a chance of generating viable clustering algorithms.

Figure 7.38 tSNE cluster model of participant H3, labelled by ground truth activ-
ities.
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7.2.6 Exercise #4: Tuning Dimensionality Reduction Method Pa-

rameters

At resolution level 0, model parameters for the tSNE algorithm were manually adjusted.

tSNE hyperparameters include the number of dimensions (2 or 3), whether PCA is applied to

the dataset prior to the tSNE transformation, the distance metric for calculating similarities,

the perplexity (number of effective nearest neighbours), and exaggeration (the size of natural

clusters). The tSNE parameters were tuned one parameter at a time, using all 12 subject

cluster models and visually comparing them. In general, the choice of parameter had minimal

visual improvement on the cluster models over the default configurations, and the models

tended to fail to form meaningful clusters when parameters were set to their extreme limits.

A configuration of numDimensions = 2, perplexity = 30, exaggeration = 4 and distance =

“Standardized Euclidean” was found to be an appropriate solution for all clustering models.

Applying PCA prior to tSNE also resulted in poorer cluster models for various levels of

principal component preservation, and so it was decided against using PCA.

After completion of exercise #4, it was established that any unsupervised clustering

models would, at best, be able to distinguish between walking and ascending/descending

stairs, and so the objective A was complete. The second part of the methodology focuses

on objective B, which is to form a clustering algorithm that can capture these activities in

a cluster and correctly recognize them.

7.3 Part II: Constructing a Clustering Algorithm

With the absorption of uphill, downhill, and level walking movement into a single label at

Level 0 resolution, there was a large class imbalance, with Walking data points typically

encompassing between 90 to 99% of the dataset for an individual. As the results from

exercise #4 demonstrated, parametric clustering algorithms where the number of clusters
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is pre-determined were an ill-fit for cluster recognition, as they typically tended towards

forming clusters with equal sizes; these findings are reflected in the literature: Franti and

Sieranoja (2019) demonstrated that, regardless of the cluster initialization method, their

K-means algorithm performed poorly on unbalanced datasets. The solution was to employ

nonparametric clustering algorithms (algorithms that do not predetermine the number of

clusters) that were better suited towards recognizing clusters of different sizes (Finch, 2019).

There are a number of non-parametric clustering methods, including OPTICS, Dirichlet

Gaussian Mixture Models and Hierarchical Clustering (which can be both parametric and

non-parametric) (Ankerst et al., 1999; Görür and Edward Rasmussen, 2010; Mohamad,

Bouchachia, and Sayed-Mouchaweh, 2015). Upon reflection of the methodology of Chapter 6,

it was determined that more meaningful results would be obtained by focusing on optimizing

a single non-parametric clustering technique, hence it was decided to focus using clustering

only with DBSCAN. DBSCAN’s operation was previously explained in Chapter 4.2.6.2.3.

7.3.1 Exercise #5: Clustering with DBSCAN

The DBSCAN algorithm underwent the same validation process as the other three clustering

algorithms in exercise #3: five tSNE models for each person were created, and the NMI

was calculated for discrete values of DBSCAN parameters (epsilon and minimum number of

points for cluster membership). The label resolution is set to level 0, such that it only includes

three activities: “Walking”, “Upstairs” and “Downstairs”. Upon completion, the highest

scoring DBSCAN parameters were applied to another 5 tSNE models, and the average NMI

for each subject was subsequently calculated. The results are demonstrated in Table 7.2. An

example of the resulting DBSCAN clusters is shown in Fig. 7.39.

Comparing the results from Table 7.1, DBSCAN had significantly better NMI compared

to K-Means, Hierarchical and GMM, though in part this was due to the reduced level of label

resolution. It was evident the DBSCAN algorithm was good at acquiring stair data when
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Figure 7.39 (Caption on next page)
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Figure 7.39 Top: Cluster model of participant H7 after tSNE dimensionality re-
duction, labelled by its ground truth activity labels. || Bottom: Cluster model of
participant H7 after tSNE dimensionality reduction, labelled by DBSCAN clustering
algorithm assigned labels.

the tSNE model successfully clusters them; in Fig. 7.39, DBSCAN is able to capture the

downstairs cluster for subject H7. However because the upstairs data has not successfully

clustered, the DBSCAN algorithm has no reasonable ability to recognize the upstair sample

points as a separate cluster. The immediate disadvantage of the DBSCAN approach is that

because the number of clusters cannot be predetermined, the DBSCAN algorithm tends to

form additional “false” clusters that simply contain more walking data. To combat this

problem, a specialized algorithm was developed.

7.3.2 Development of a “Walk” And “Stair” cluster recognition

algorithm

By reducing the classification problem to a binomial outcome (a cluster is “walk”, or a cluster

is “stairs”), an effective cluster recognition algorithm was developed without the need of using

supervised training data. A psuedo-code summary of the algorithm is presented in Appendix

D. Based on observations of the true labels in the cluster models, the following hypothesis

was made:

I. The largest cluster identified by DBSCAN is always a walking cluster

Table 7.2 NMI of subject models after DBSCAN cluster assignment vs. ground
truth

Subject H1 H2 H3 H4 H5 H6 H7 H8 A1 A2 A3 A4

Mean NMI 0.239 0.279 0.010 0.266 0.419 0.377 0.226 0.149 0.538 0.595 0.168 0.023

Std. ±0.030 ±0.176 ±0.002 ±0.022 ±0.091 ±0.125 ±0.026 ±0.046 ±0.07 ±0.057 ±0.038 ±0.044

Best Parameters: Epsilon = 3, Minpts = 15
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Hypothesis I can be validated without the need for statistical analysis. It can be observed

in all DBSCAN-related figures in this chapter that the largest DBSCAN-identified cluster

contains an overwhelming majority of “walk” data points when compared to the ground

truth label plots. Realistically, there is no practical free-living scenario in which a subject

will have more than 20% of their total data be based on stairs. Thus the only scenario in

which a stair cluster could be the largest DBSCAN cluster is if the volume of input data

is too sparse, resulting in many incidental DBSCAN clusters being created. The outlying

points detected by the DBSCAN algorithm can also be eliminated from consideration, either

as a walking cluster or a stair cluster. If after applying the DBSCAN algorithm only one

cluster has been identified (excluding errors), the algorithm throws an error.

Proceeding the identification of the primary walking cluster, there will remain a number

of other clusters detected by DBSCAN, and the objective is now to determine which of

these DBSCAN-detected clusters is the “walking” cluster. If one other DBSCAN cluster

has been identified (excluding the primary walk cluster and outlier points), this cluster is

automatically assigned to be the stair cluster by simple process of elimination. If there are

two or more clusters however, then the algorithm must identify the DBSCAN-cluster with

the highest probability of being a stair cluster. The assumption of the algorithm is that only

one of these clusters is the stair cluster. All other DBSCAN-detected clusters are assumed

to be another “walk” cluster that was not recognized as part of the primary walking cluster.

It can be deduced through simple probability theory that the DBSCAN-detected cluster

Ci that is most likely to be the stair cluster Cstairs is the one that is least likely to be a

walking cluster Cwalk:

P (Ci = Cstairs) = 1− P (Ci = Cwalk) (7.1)

Through further observation of the stair clusters in the tSNE models, 2 more hypotheses

were formed:
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II. Stair clusters tend to be the cluster located the furtherest (in terms of Euclidean

distance) from the walking cluster

III. Stair clusters tend to have more compact clusters than walking clusters

For hypothesis II, the probability of a DBSCAN-detected cluster being the stair cluster

can be calculated as the product of distance of the cluster’s centroid from the main walking

cluster. To calculate this factor, a GMM with 1 component is fitted to the main walking

cluster, thereby forming a gaussian distribution around its centroid. Fig. 7.40 gives an

example illustration of the GMM with a probability density function emanating from the

centroid of the walking cluster.
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Figure 7.40 (Caption on next page)
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Figure 7.40 Top: tSNE cluster model of participant H7 labelled with ground truth
activities || Bottom: Initial application of the proposed algorithm, with recognition
of a primary ’walk’ cluster and several potential ’stair’ clusters.

The resulting negative log-likelihood of the GMM given the centroid data of each DBSCAN-

detected cluster (excluding the already recognized main walking cluster) can then be calcu-

lated using posterior probabilities. The negative log-likelihood, in the context of machine

learning, is a cost function of how well a data point or set of data points fit to a machine

learning model. The lower the negative log-likelihood, the greater the fit. Thus, clusters

with centroids that are located far from the main walking cluster will have high negative

log-likelihoods, this will make the data point a poor fit for the walking cluster thereby being

a better fit for a stair cluster.

For hypothesis III, the compactness of a DBSCAN-identified cluster is simply determined

as the median of the pairwise distances between all observations. The median was chosen as

the summative property to mitigate the effect of any outlier observations in the cluster.

Using these two hypotheses, an equation for stair cluster probability was composed (Eq.

7.2). It calculates the probability of a DBSCAN-detected cluster, Ci being the stair cluster

Cstairs as follows:

P (Ci = Cstairs) = 1 − 1
L (Kci

∈ Cwalk) × ϕj(Ci)
(7.2)

L (Kci
∈ Cwalk) represents the negative log-likelihood that a centroid of cluster Ci be-

longs to the walking cluster Cwalk. ϕj(Ci) represents a ranking factor of the clusters com-

pactness. For a single model, the cluster with the least amount of compactness is given a

value of one. The cluster with the next highest level of compactness is given a value of one

plus a scalable reward factor, repeating for all remaining clusters up to the highest compact

cluster. Once the two main factors have been calculated, the probability of each cluster Ci

for all i clusters are calculated, and the cluster with the highest probability is assigned as

the stair cluster. All other remaining clusters are reassigned as a walking cluster.
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The differences of negative log-likelihood and compactness between stair clusters and

"extraneous walking" clusters (i.e DBSCAN-detected Walk clusters that are smaller than

the largest walking cluster) are not vast enough such that some statistical analysis was

required to validate the hypotheses. Given the small number of participants, the number

of clusters available for analysis was fairly small. Fortunately, the randomness of the tSNE

model building process can be taken advantage of to help combat the small dataset sizes:

by setting Matlab’s random number generator seeding to a fixed value, the resulting tSNE

model will be consistently the same when the script is ran multiple times. The RNG seed

was varied from 1 to 5, and the resulting cluster compactness and negative log-likelihoods

from each tSNE model was acquired. The statistical analyses of the observations II and III

are discussed in the results.

7.3.3 Algorithm Validation

For each subject, the clustering algorithm is evaluated on three factors:

1. The DBSCAN success rate

2. Stair cluster purity

3. Algorithm-corrected NMI

The success rate is a basic measurement of whether the DBSCAN algorithm was suc-

cessful in identifying at least 2 but no more than 10 clusters. Cluster purity is acquired

through reading the labels of the data points of the cluster that has been assigned as the

stair cluster, and subsequently calculating the proportion of the number of labels that are

either “upstairs” or “downstairs”. Once clusters that do not have the highest stair cluster

probability are reassigned to have the same cluster identity as the main walking cluster, the

resulting algorithm-corrected tSNE model will only have 2 clusters. This model can then be
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compared to the ground truth labels and assessed via NMI. The process is ran for 5 unique

tSNE model iterations for each subject.

7.4 Results

7.4.1 Validation of Hypotheses

From 5 iterations of tSNE models for each subject, a total of 55 stair clusters and 45 extra-

neous walking clusters were acquired. From each cluster, the compactness and negative log

likelihood of fitting to the main walking cluster of the respective subject was calculated.

The first stage in statistical analysis was a check for normal distribution, which was

achieved through a qualitative and quantitative combination of Q-Q plots, histograms, and

the Shapiro-Wilk test (Shapiro and Wilk, 1965). The null hypothesis of the Shapiro-Wilk test

states that the distribution from a sample X follows a normal distribution, and that composite

normality for the sample can be assumed. Thus, a p value significant enough to reject the

null hypothesis (α = 0.05) indicates that the sample has another type of distribution.

Tables 7.3 and 7.4 demonstrate that both the compactness and the log-likelihood of the

stair and walking clusters do not follow normal distribution. The histograms cannot be

approximated with a bell-shaped curve, and the Q-Q plots do not fit a linear gradient.

As sample distributions were abnormal, Student’s T-test was considered inappropriate

for testing the equivalence of each sample’s means. In place, the Wilcoxon rank-sum test

was applied. The Wilcoxon rank-sum’s null hypothesis differs from the T-test in that it

assumes that the probability of one variable, X, being greater than another variable, Y, is

equal to the probability of Y being greater than X (Wilcoxon, 1945). For the purposes of this

investigation, this is a suitable metric to test for equality between the stair and extraneous

walk clusters (Fay and Proschan, 2010). The significance level is set to 95% (α = 0.05).

From Table 7.5, the null hypothesis for the negative log-likelihood could be rejected;

266



Table 7.3 Testing for normal distribution for cluster negative log-likelihood

Normality Test

Method

Stair Clusters Extraneous Walk Clusters

Histogram

Q-Q plot

Shapiro-Wilk p

value

1.70e-4† 9.46e-4†

† = statistically significant
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Table 7.4 Testing for normal distribution for cluster compactness

Normality Test

Method

Stair Clusters Extraneous Walk Clusters

Histogram

Q-Q plot

Shapiro-Wilk p

value

1.22e-7† 0.003†

† = statistically significant

Table 7.5 Testing for statistical significance in negative log-likelihood and com-
pactness for Stair and Extraneous Walk clusters.

Property Negative Log-likelihood Compactness

Rank-sum p-value 0.023† 0.387
† = statistically significant
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Table 7.6 Success rate of DBSCAN clustering

Subject H2 H3 H4 H5 H6 H7 H8 A1 A2 A3 A4

Mean Success Rate(%) 80 80 100 100 100 100 100 100 100 100 40

however, the compactness could not. This would imply that only the distance of the cluster

centroid from the main walking cluster is the only significant factor in whether the cluster is

a stair cluster or extraneous walk cluster. It was not desirable to have Eq. 7.2 be univariate,

and considering that the compactness p value was significant when a t-test was applied (p

= 0.026), a compromise was made by making cluster compactness a very weak weighting

factor: each cluster in successive order of compactness had an additional rank factor (ϕj(Ci))

of 0.05.

7.4.2 Clustering Algorithm Results

The sparsity of data in non-amputated subject 1 (< 1000 samples of data) led to their

exclusion from the validation process. Referring back to Chapter 5.2.4, this was due to two

of their recordings being discarded due to improper camera wear. Table 7.6 demonstrates the

success rate of being able to detect between 2 and 10 clusters from the resulting tSNE model

after outliers have been removed. Subject A4 was the only subject to have considerable

trouble acquiring more than a single DBSCAN cluster.

Table 7.7 presents the purity of stair data counts found within the detected stair clusters.

The results from each iteration have been included to highlight the inconsistency between

tSNE models. When the stair cluster was correctly recognized however, the purity was

relatively consistent. There was clear failure to recognize stair clusters in H3 and A4, which

reflects on the poor quality of their original tSNE models. Appendix E contains exemplary

comparisons of the ground truth activity labels for each subject and comparisons with the

algorithm-detected cluster labels.
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Table 7.7 Table of cluster purity of stair labels in identified stair clusters, expressed
as %

Subject H2 H3 H4 H5 H6 H7 H8 A1 A2 A3 A4

Model #1 NaN 0 85.11 81.67 100.00 72.22 9.59 69.33 93.33 78.57 NaN

Model #2 72.00 0 85.11 85.96 100.00 78.13 10.34 69.86 93.33 79.82 NaN

Model #3 0 NaN 85.11 84.21 0.00 81.25 9.26 70.83 84.85 79.13 NaN

Model #4 0 0 85.11 0.00 100.00 58.06 94.12 71.23 79.49 80.18 47.06

Model #5 80.18 0 85.11 78.13 96.30 72.22 8.96 69.33 83.10 38.54 0

Mean 38.05 0.00 85.11 65.99 79.26 72.38 26.45 70.12 86.82 71.25 9.41

Std. ±38.15 ±0.00 ±0.00 ±33.10 ±39.66 ±7.96 ±33.84 ±0.78 ±5.59 ±16.36 ±18.82

NaN = "Not a Number", indicating the algorithm failed to recognize more than 1 cluster

The NMI collected after the algorithm has recognized the stair cluster was compared

with the initial NMI obtained (identical to those in exercise #5). While the NMI is still

quite low in most subjects, the algorithm corrected NMI was found to be greater or equal to

the original NMI in all but 2 of the subjects.

Table 7.8 NMI before and after application of proposed algorithm.

Subject H2 H3 H4 H5 H6 H7 H8 A1 A2 A3 A4

Initial NMI 0.279 0.010 0.266 0.419 0.377 0.226 0.149 0.538 0.595 0.168 0.023

Std. ±0.176 ±0.002 ±0.022 ±0.091 ±0.125 ±0.026 ±0.046 ±0.070 ±0.057 ±0.038 ±0.044

Final NMI 0.374 0.010 0.367 0.433 0.377 0.216 0.164 0.538 0.608 0.155 0.027

Std. ±0.133 ±0.001 ±0.048 ±0.086 ±0.125 ±0.017 ±0.078 ±0.046 ±0.064 ±0.052 ±0.052

To reinforce the positivity of the findings from the algorithm, an additional right-tailed

pairwise t-test was carried out to determine, on average across all subjects (excluding H1),

whether the algorithm corrected NMI was greater than the initial NMI after only performing

DBSCAN, with the null hypothesis stating that there was no significant difference. The

null hypothesis was rejected (p = 0.0031) indicating that the proposed algorithm made a

systematic improvement over only using DBSCAN.
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7.5 Discussion

7.5.1 Clinical Significance

Overall, the experience of attempting to provide a clinically beneficial analysis of free-living

activity data of non-amputated and lower limb individuals with an unsupervised approach

proved to be challenging. Recalling back to Fig.7.13, it was found that when the population

model contained multiple participants, the non-linear dimensionality reduction techniques

formed clusters based on the individual rather than the activity. This phenomenon was

especially pronounced in the ILLA population model (Fig. 7.13 B & D). This is in contrast to

other unsupervised HAR studies with non-amputated populations, such as with Kimel-Naor,

Gottlieb, and Plotnik (2017) who were able to cluster activities with multiple participants in

the Opportunity dataset, implicating that the uncontrolled environment for recording data

led to a greater diversification of activities that were unique to each individual. Within

the ILLA sample group, there was one bilateral amputee and three unilateral transtibial

amputees. Accounting just for the three transtibial amputees, there was some diversity in

regard to their age and prosthetic experience, both of which can have an impact on gait

patterns (Highsmith et al., 2010; Vanicek et al., 2009). Given the very small sample size,

it is difficult to comment on how the modelling would change if more participants could

have been recruited. By extension, “training” an unsupervised model on non-amputated

participants and testing on an ILLA population would also be unfeasible given differences in

gait behaviour (Lemaire and Fisher, 1994; Su et al., 2008). Regardless, the findings of this

investigation imply that an unsupervised approach is only viable by analysing data from the

individual, and not from a general population.

Further to this, when the true activity labels were investigated, it was found that dis-

cernible clustering only existed between stair activity and walking activity, with walking

activity encompassing level walking, uphill and downhill movement. While a few subjects

(subjects H2 and H6 for instance) showed an appreciable linear gradient-like distribution of
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flat, uphill, and downhill movement in the main walking cluster, the majority of subjects did

not display this behaviour. In Fig. 7.41 for subject H2, it can be seen that, ignoring outliers,

the downhill labels are distally the furthest away from upstairs and downstairs activities,

flat labels are slightly closer, and uphill labels are the closest. These differences may arise as

a result of different natural walking speeds in level walking, hills, and stairs. Unfortunately,

it was not possible to validate the walking speed in this study, but gait kinematics litera-

ture appears to support this notion. From Sun et al. (1996) it was observed that in young

adults, walking speed generally tends to increase as the angle of slope decreases. Likewise,

it decreases, though to a lesser extent, when traversing uphill. Fujiyama and Tyler (2004)

demonstrates that walking speeds on flat surfaces are significantly faster than walking speeds

when ascending or descending stairs, even when stairs were being descended quickly, and

was true for both a young adult and elderly population. In ILLA populations, significant dif-

ferences in preferred walking speed were observed by Rodrigues, Andrade, and Vieira (2019)

in transtibial and transfemoral amputees for level walking, uphill and downhill movement,

though interestingly no significant differences in speed were observed in the non-amputated

control group. Finally, Wolf et al. (2012) illustrated significant differences in walking speed

between ascending ramps and ascending stairs, and descending ramps and descending stairs

in ILLAs. These sources indicate that, on a fundamental level, there will be some change

in walking speed between the five main types of ambulation. Therefore, this investigation

hypothesizes that successful clustering of stair and hill movement is largely dependable on

appreciable changes in walking speed. As the walking speed changes, features relating to

the walking speed such as energy of acceleration, the integral features sourced from Rosati,

Balestra, and Knaflitz (2018) and frequency related features will have significantly different

values, which the tSNE algorithm is able to recognize and cluster together in low dimensions.

In stair movement, this change in walking speed should be much more appreciable as the

subject has to decrease their walking speed to traverse the stairs in a safe manner. Whereas

in hill movement, if the angle of the slope is not steep, the subject does not need to make
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significant alterations to their walking speed, thereby resulting in greater interspersion of the

hill and level walking data in the tSNE models. Naturally, this theory will require further

testing with validation of the walking speed. For cluster models that have gradient distri-

bution of walking activities, there could be potential for accurate clustering via innovative

novel clustering techniques like Convex Clustering (Chi and Lange, 2015). Moreover, the

addition of the magnetometer features in the study appears to help increase the quality of

the models, which is investigated in Chapter 8.

Figure 7.41 tSNE cluster model of participant H2, with an arrow indicating general
change (decrease) of walking speed in the 2 dimensions

Despite being only able to distinguish two kinds of activities (“walking” and “stairs”),

the implications of the investigation could be beneficial when applied in the early stages of

rehabilitation of an ILLA. A patient, who may have recently acquired a prosthetic fitting

for the first time, or changing to a new prosthetic component, may have trepidations about

traversing stairs. Recalling back to Chapter 3.2.2.4, even the interviewed ILLAs, who had

at least several years of experience with a prosthetic fitting, were still hesitant about going

downstairs. From that perspective, providing a system in which stair traversal activity can
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be recognized without the need of training or annotating data could be useful for a healthcare

professional who wanted to evaluate the progress of their clients. A caveat is that, as per

the limitations of the DBSCAN algorithm, there would need to be a reasonable amount of

stair data collected for the DBSCAN algorithm not to accidentally misattribute the data as

outlier points.

Regardless of the findings from the investigation, further experimentation on an ILLA

population, particularly those in the early stages of rehabilitation, is warranted in order

to fully comment on the capability of the unsupervised learning approach. If an early-

stage ILLA is having difficulties in traversing sloped environments, this may also result in

separable walking clusters via marked changes in walking speed and gait patterns. Intrinsic

cluster evaulation methods such as the Silhouette method were not considered for integration

into the methodology (Rousseeuw, 1987), due to having the ground truth available and also

due to requiring specific demands of the cluster behaviour (i.e they must cluster based on

activity). However, future research should incorporate the Sihlouette score as an evaluation

of cluster density, and the score may also provide an additional criteria point for identifying

stair clusters.

7.5.2 Comparisons with Similar Work

Studies that are most comparative with this investigation are those that have attempted to

differentiate stair and walking activities using only wearable sensors through an unsuper-

vised method, generally for a non-amputated population. Unfortunately, there appear to be

only a handful of studies that have attempted this. Huynh (2008) was able to distinguish

walking and stair movements (upstairs and downstairs separately) with high precision and

recall values for each activity. Their approach to unsupervised learning differs in that in-

stead of analysing a low dimensional clustering space, they utilize the eigenspaces generated

by feature vectors for unsupervised classification. Their sensory set-up however required a
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cumbersome and extensive sensory network, with multiple sensors needing to be placed on

different locations around the body in order to acquire good performances. Trabelsi et al.

(2013) used an unsupervised variant of the Hidden Markov Model known as Multi-Hidden

Markov Model Regression to distinguish walking and ascending stairs with high precision

and recall values. Like Huynh (2008), their caveat is that data collection required a multi-

sensor array worn across the whole body. Both studies also had significantly smaller numbers

of participants than was included in this research, limiting their generalizability to a larger

and more diverse population. These studies also appear to have more favourable results by

using traditionally supervised-based validation metrics (recognition accuracy) over external

clustering validation metrics, such as the NMI used in this study. Given the large class

imbalance between stair and walking movement, the existence of outliers within in the mi-

nority (stair) cluster will proportionately magnify the reduction in mutual information (i.e

the shared labels) between calculated and true cluster identities. Finally, both Trabelsi et al.

(2013) and Huynh (2008) were carried out in laboratory conditions: this means there was no

presence of hill movement (particularly uphill movement) which can potentially obfuscate

the cluster separability between strictly flat walking and stair movement. Literature that

has attempted to perform clustering while including ramp activities are very rare, likely due

to the difficulty of the task. The only identified study to have attempted to do this with

wearable sensors appears to be Kafle and Dou (2016), who used EMG sensors and Hier-

archical clustering to distinguish level walking, ramps, and stairs. Their highest clustering

accuracy achieved was 39.1%, giving a similar performance to this investigation.

7.5.3 Analysis of Confounding Factors relating to Stairs and Clus-

ter Quality

During the walks that participants carried out, it was observed that in general, only a few

sets of stairs were traversed per individual. It was then considered a possibility that the
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number of unique stairs traversed could potentially impact on the clustering model quality:

if a person only climbed one set of stairs, all activity data for their stair count would have

very similar gait, thereby translating into identical sets of features and allowing the tSNE

dimensionality reduction to easily cluster these samples together. The concern was that, if

a subject traversed more unique sets of stairs, then the versatility of feature data relating

to stair movement increases, thereby diversifying clusters formed in the tSNE process and

subsequently adversely impacting on cluster model quality. Another potential confounding

factor considered was the quantity of stairs traversed; if cluster model quality is dependent

on the number of steps on stairs, then clustering models would naturally be very poor in

individuals who have only taken a small number of steps. To investigate these factors, the

NMI after cluster adjustment via the proposed algorithm for each individual is ranked in

ascending order and independently plotted against the number of unique stairs traversed and

total number of step counts. Unique sets of stairs were identified by reviewing the original

video footage; note that “unique” refers to the geographic location of stairs: if a person went

down one flight of stairs, turned around 180°, and climbed back up those stairs, this would

be counted as a single unique set of stairs, regardless of the direction or how many times

the set of stairs were traversed. Investigations of similarity were defined through a linear

correlation calculation, and the resulting correlation plots are shown in Figs. 7.42-7.43. The

R2 values for the number of stairs and total quantity of steps indicated there was almost zero

correlation in regard to the NMI (R2 = 0.0005 and R2 = 0.0624), and therefore the clustering

quality is not impacted by these factors. The conclusion is therefore that clustering quality

is most likely influenced by appreciable changes in walking speed as a result of ascending

or descending stairs. In subjects where cluster quality is poor at level 0, this indicates that

the walking speed when traversing stairs is very similar to the walking speed used on flat or

hilly terrain.

276



Figure 7.42 Plot of NMI for each participant versus number of unique stairs tra-
versed by the participant

Figure 7.43 Plot of NMI for each participant versus number total number of steps
traversed by the participant

7.5.4 Limitations and Future Work

The algorithm presented in this chapter has some obvious weaknesses. It can only detect

the presence of a stair cluster, and not whether that movement is upstairs or downstairs. In

a clinical context, it could be argued that a healthcare professional may only be concerned

whether their client is traversing stairs at all, and the direction of movement may be inconse-

quential. Nonetheless, future iterations of the algorithm would still benefit from recognizing

the direction of stair movement. Another limitation was that, since only one cluster could
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be assigned as a stair cluster, subjects who achieved two separate clusters for stair move-

ment would have their information misrepresented. However, only 2 out of the 12 subjects

exhibited this clustering behaviour consistently (H6 & A2). The majority of subjects would

typically only form one stair cluster for one kind of stair movement, while the other stair

movement was generally interspersed with the main walking cluster. In a few other sub-

jects (H2, H4 & H5), the upstairs and downstairs clusters were close together enough that

DBSCAN would recognize them as a single cluster. Fundamentally, the research should be

repeated with a vulnerable ILLA population (i.e those in early stages of rehabilitation) to

gain more insight into the clustering behaviour of activities and to test the generalizability

of the algorithm. As noted in Chapter 5.9.2, a key factor that limits the generalizability of

these findings was that all participants, including ILLAs, used a Step-Over-Step approach to

stair ambulation. In a clinical population, ILLAs who have limited prosthetic experience or

transfemoral amputation are more likely to use a Step-To ambulation approach to improve

their stability in gait amputation (Hobara et al., 2011). Theoretically, this could actually

improve the cluster models as the Step-To approach has more differences in gait properties

to level walking compared to the Step-Over-Step approach, but would nonetheless require

further testing and validation.

Regarding the inconsistency of tSNE modelling, this issue could be fixed through applying

a parametric tSNE mapping function. However as explained in the limitations of tSNE

models back in Chapter 4.2.5.2.2, this requires training a neural network. As individual

models were found to be the only viable way to cluster activities, the tSNE mapping functions

could not be effectively utilized given the much smaller dataset sizes.

Developing an unsupervised model within the Matlab environment also highlighted the

weakness of Matlab’s unsupervised learning capabilities. Official support for clustering algo-

rithms only included the most popular models (i.e K-Means, Hierarchical, Gaussian Mixture

Models, Spectral Clustering, and a few others). DBSCAN was the only officially supported

non-parametric spatial clustering function. While there were some community-written func-
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tions available for comparative non-parametric methods like OPTICS and Dirichlet GMMs

(Ankerst et al., 1999; Görür and Edward Rasmussen, 2010), they had very poor or non-

functional performance with the data, and a lack of troubleshooting support coupled with

a desire to prioritize DBSCAN clustering led to these methods being abandoned for analy-

sis. As was recommended in the Chapter 6, future projects will be developed in a Python

IDE using TensorFlow functionality (TensorFlow, n.d.), which gives far more freedom in

clustering models and more flexibility for parameter tuning.

7.6 Chapter Conclusion

This chapter has covered the exploration of an unsupervised clustering approach to walking

activities for non-amputated and ILLA populations in free-living conditions. After study-

ing the clustering behaviour and compromising on label resolution, an algorithm based on

combining DBSCAN cluster models with a probability equation was created to identify the

presence of stair movement, which could be clinically beneficial for monitoring the progress

of ILLAs in the early stages of rehabilitation. Limitations of the model arose as a result of a

low numbers for the study population, limited Matlab clustering options and inconsistency

of tSNE cluster models. The next chapter is the final research-related chapter of the thesis,

which looks at non-machine learning related analysis of walking activity, and an additional

analysis of the ActivPAL’s magnetometer in regards to how it could improve the supervised

and unsupervised approaches discussed in this thesis.
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Chapter Eight

Exploration of ActivPAL hardware

and software for further development

of activity monitoring capabilities for

Individuals with Lower Limb

Amputation

8.1 Introduction

The final research chapter of this thesis documents three independent experiments. Though

independent, each of these investigations are thematically linked together as an exploration

of the capabilities of the wearable device that was used in the study: the ActivPAL, as well as

a validation of the VANE algorithm, the proprietary ActivPAL-specialised software created

by the ActivPAL’s manufacturer, PAL Technologies. In Chapter 3.2.3, when healthcare

professionals were interviewed, some of the desired outcomes for an ILLA activity monitoring

system included the walking speed, wear time and cadence. It was further stated in chapter

Chapter 5.9.1 that due to the lack of reliable ground truth for walking speed, it would be
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impractical to validate this measurement. Instead, both cadence and walking speed can both

be indirectly inferred through the step count, which is acquired through the VANE algorithm

and validated by comparing with the video recordings. Validating the step count on lower

limb amputees in free-living conditions is thus the first experiment.

Regarding the wear time of the ActivPAL (i.e when the subject affixed the ActivPAL

on their thigh), it was also not possible to validate given that continuous video recording

of the participants in their daily lives was unethical. In retrospect, the subjects could have

been instructed to keep a log of when they attached and removed the device to provide some

semblance of ground truth. As an alternative approach, the accuracy of standing detection

by the ActivPAL’s proprietary VANE algorithm was analysed in the second ActivPAL VANE

experiment, again using the video recordings for ground truth. The implications of these

findings and how a wear time algorithm could be constructed is discussed further in this

analysis.

In Chapter 5.6.1, the magnetometer sensor of the ActivPAL was stated to be initially

considered for inclusion but was discovered that the magnetometer signal values would occa-

sionally saturate during a number of recordings. As discarding these recordings would lead

to a significant loss in data, it was ultimately decided to abandon using the magnetometer

in the primary investigation. The final ActivPAL analysis thus gives some insight as to how

the introduction of magnetometer and magnetometer-based features would impact on both

the supervised and unsupervised components of the investigation.

In the context of the overall research, this chapter demonstrates how the ActivPAL and

the VANE algorithm can be used to further enhance the clinical activity monitoring system

that has been discussed in this research.
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8.2 ActivPAL Test #1: Validation of VANE on Lower

Limb Amputee step count

8.2.1 Introduction

A major point of discussion in Chapter 2.7 was that the step count is a simplistic unit

of measurement for activity, and by itself will not give an accurate profile of the ILLA’s

activity. However, by acquiring the step count, it is possible to calculate more informative

measurements such as the subject’s cadence and walking speed. Cadence can be acquired

simply by dividing the step count over a period of time, and walking speed can be calculated

by multiplying by the subject’s average stride length, which can be acquired by an HCP in

a clinical environment using rudimentary equipment (Dale, 2012; Bubnis, 2018; Perry and

Burnfield, 2010).

Walking speed = Cadence ∗ StrideLength
2 (8.1)

Axiomatically, so long as the step count is validated, then cadence and walking speed can

also be validated, assuming a constant stride length. Stride length will change if the subject

is traversing slopes or stairs (Lee and Chou, 2007; Sun et al., 1996), thus may require

knowledge of the patient’s stride length on slopes and stairs, coupled with integration of

supervised HAR to adjust stride length accordingly. The ActivPAL experiments utilised

ActivPAL’s VANE algorithm for step detection. The VANE algorithm is proprietary, and

its inner workings are not available for public knowledge, thus this experiment can only

make general suggestions on how the algorithm could be improved. The research focused on

validating the step count of the four ILLA subjects, given that they are the clinical group of

interest of this research. The ActivPAL has received numerous validation studies over the

years regarding its step count accuracy across a wide variety of demographics (Aminian and

Hinckson, 2012; Cindy Ng, Jenkins, and Hill, 2012; Edwardson et al., 2017; Hergenroeder
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et al., 2018; Ryan, 2006; Storm, Heller, and Mazzà, 2015). Buis et al. (2014) and Pepin et al.

(2018) both conducted studies on ILLA activity using an ActivPAL, but neither questioned

the validity of the step count. The most comparable study is Deans et al. (2020), who

validated the step count with an ILLA population in a controlled interior setting. Though

the step count acquired high intra-class correlation coefficients, demonstrating agreeability

between the ActivPAL and criterion’s step counts, they concede that further validation is

required in free-living settings. The study for the population also only included unilateral

ILLAs. To the author’s knowledge, this was at the time of writing, the first attempt to

try and validate the ActivPAL’s step count for ILLAs in a free-living environment, and

potentially the first to validate the step count with a bilateral amputee.

8.2.2 Methodology

The data analysed for this experiment is the accelerometer and video reused from Chapter

5. To acquire the ground truth, the author watched each of the subjects’ videos and man-

ually counted the steps taken in the video with a mechanical counter. As the camera was

fortunately angled downwards towards the subject’s feet, step counts could be easily identi-

fied. Though a simple task, counting steps over long periods of time can be mentally taxing,

and so to mitigate fatigue the researcher paused and tallied the step count at fifteen-minute

intervals, taking a 1-minute break before resuming counting. To further mitigate counting

fatigue, each step was technically counted as a stride, comprised of two steps, thus the count

only increased when the same foot was moved forward. Due to ethical restrictions, the video

data was only viewable by the author and their supervisors, and the supervisors at the time

of carrying out the analysis were unavailable to partake as additional judges of the step

count. As a compromise, the author performed the task three times on different days, with

each separate day acting as a different judge of the step count. The calculations each day

were performed in a different spreadsheet in Microsoft Excel™ (Microsoft, WA, USA) so
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that it would be difficult to remember the step count from the previous day and thus make

the author pseudo-blind to their previous measurements. The procedure took inspiration

from Deans et al. (2020) by only counting “purposive steps”. In the context of Deans et al.

(2020), purposive steps are those carried out by the participant to perform their assigned

task. A purposive step is recontextualized in this study to define the steps taken to complete

the walk. Deans et al. (2020) also measured “incidental” steps, which in their investigation

are steps that are taken to traverse to the starting point of the exercise, and the steps taken

to leave the room from the ending point of the exercise. These incidental steps will typically

have different gait behaviour from typical forward-propelled walking and can include move-

ments like shuffling and side-stepping. Purposive steps comprise the overwhelming majority

of steps taken by the ILLA participants. In a free-living setting, incidental steps mostly

arise from niche events such as the shuffling movement when opening and closing a gate,

repositioning feet while waiting to cross a road, and backwards stepping. As found by Deans

et al. (2020), the ActivPAL is considerably poorer at detecting incidental steps, and so when

considering the general obscurity of these events in the dataset, it was decided not to count

these incidental steps as part of the experiment.

Step counts as assessed via VANE are acquired in PAL Analysis’ (PAL Technologies,

Glasgow, UK) “Event” data simply by subtracting the cumulative step count corresponding

to the end of the recording by the cumulative step count at the beginning of the recording.

Step counts in VANE are technically stride counts (only count stepping data for a single

leg), thus no further adjustments are required to compare the step count with the ground

truth. There was some consideration as to whether the step counts should be tallied per each

subject’s individual recording, or the total count for each subject. By only looking at each

subject’s total step count, this provides some semblance as balance as each ILLA carried out

roughly the same number of steps, but only provides 4 data points. Including each recording

individually increases the number of data points from 4 to 12 but leads to imbalance in the

number of steps counted due to half of the participants recording several times with shorter
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videos, while the other half recorded fewer videos but with longer recording times. A boxplot

of the distribution of steps (as per ground truth validation) as seen in Fig. 8.1 demonstrates

that though there is a larger amount of variance when including individual recordings, none

of the recordings are statistically different enough in terms of step count to be considered

outliers. It was decided to therefore perform validation on each individual recording, which

also meant the results were more realistic, as a person would typically not carry out the

same amount of walking activity either on a day-to-day basis.

Figure 8.1 Box plot of step counts, comparing distributions of step count when
accounting for all combined recordings of a participant, and when accounting for
each individual recording of step count.

Agreement between the ActivPAL and criterion measurements of step counts was ac-

quired through Intraclass Correlation Coefficients (ICCs) and was calculated in Matlab. All

ICCs acquired use two-way models with random effects, using a single rater per measure-

ment, or ICC (2,1) (McGraw and Wong, 1996; Shrout and Fleiss, 1979). The ICCs are first

calculated using each of the three "ground truth" measurements to determine intra-rater

reliability, then are applied again with the inclusion of VANE calculated steps. An ICC
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correlation coefficient of 0.7 or higher is considered to be the minimal acceptable level of

agreeability, while a value of 0.9 or higher indicates strong reliability (Koo and Li, 2016).

The compatibility of the VANE-calculated versus criterion steps are further compared using

a pairwise t-test, setting a singular criterion value as the mean of the three ratings for each

recording. The null hypothesis of a paired t-test states that the mean difference between

observations is zero, thus a failure to reject the null hypothesis indicates further evidence of

agreeability between VANE and the ground truth step counts.

8.2.3 Results

Intra-rater reliability in Table 8.1 demonstrated near perfect agreement (ICC = 0.99), this

information is complemented by the raw step count data across the three days, where step

counts are all very similar. When the VANE step count is introduced in Table 8.2, the

ICCs again indicate near perfect agreement (ICC = 0.99), however the null hypothesis for

significant differences between VANE and criterion count was rejected, indicating a system-

atic difference in the step counts. The raw data step count in Table 8.2 illustrates that,

though the differences in step count are mostly minimal, there is still a statistically signifi-

cant systematic decrease in the number of steps between the VANE count and the criterion

count.
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Table 8.1 Intra-rater reliability of step count in ILLA recording sessions

Subject/ Recording Iteration Day 1 Day 2 Day 3 Mean Criterion Step Count VANE Step Count Step Count Difference

A1-1 1456 1458 1452 1455 ± 3 1434 21

A1-2 1430 1427 1441 1433 ± 7 1422 11

A1-3 1471 1473 1473 1472 ± 1 1453 19

A1-4 3024 3023 3030 3026 ± 4 2973 53

A2-1 3802 3835 3845 3827 ± 23 3688 139

A2-2 4334 4350 4360 4348 ± 13 4061 287

A3-1 3812 3791 3820 3808 ± 15 3703 105

A3-2 4140 4129 4160 4143 ± 16 4072 71

A4-1 1089 1090 1074 1084 ± 9 1018 66

A4-2 1860 1867 1863 1863 ± 4 1837 26

A4-3 2201 2212 2216 2210 ± 8 2180 30

A4-4 1107 1115 1119 1114 ± 6 1090 24

A4-5 1134 1147 1139 1140 ± 7 1116 24

Table 8.2 ICC analysis of VANE and criterion step counts, with additional pairwise
t-test.

Intra-rater ICC UB LB VANE-Criterion ICC UB LB Pairwise t-test p value

0.99 1 0.99 0.99 0.99 0.99 0.0078†

UB = Upper Bound, LB = Lower Bound, † = statistically significant

Notably, the error in step count is significantly higher in subject A2 compared to the

other subjects. This discrepancy in error can be attributed to two factors: subject A2

had their camera angled at a higher position than others, such that during periods of the

recording their feet were not visible, and step count was instead judged by the swing of

their arms, which also resulted in high intra-rater standard deviations due to a change in

counting methodology. The other discrepancy of the step count appears to arise during the

beginning of their recordings, where they ascend and descend a flight of stairs several times.

By plotting the length of the step count as detected by VANE in Fig. 8.2, it can be seen

that throughout the exercise the step count lengths exceeded 1.5 seconds, indicating VANE

287



has missed a step. This highlights a weakness in the VANE’s algorithm for detecting step

movement on certain configurations of stairs.

Figure 8.2 Bar chart of the durations of detected steps during one stair climbing
session performed by participant A2

8.2.4 Discussion

The results of this study implicate that the VANE algorithm, though able to achieve com-

parable step counts to the ground truth, systematically underreported the step count of

ILLAs (including a bilateral amputee) in free-living conditions. This finding aligns with the

research carried out by Deans et al. (2020) for their purposive step measurements. Despite

the much smaller step sample sizes (mean 106 steps vs. 2379 in this investigation), the ICCs

and p-value for paired t-test were comparable (ICC = 0.93, p = <0.0001). The increase

in ICC and p-value in this investigation likely stem from having much higher step counts,

diminishing the proportion of the error in the step count. Though the set-up of the ex-

periments is different, the error in step count from the VANE algorithm likely stems from

the same origin: a decrease in walking cadence. In Deans et al. (2020) , participants who

had a slow walking cadence typically had less accurate reported step counts compared to

the ground truth. Similarly, Larkin et al. (2016) also found a systematic underreporting

of the VANE step count in patients with rheumatoid arthritis under laboratory conditions,
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who would also have a lower cadence than the healthy population. In this investigation,

the ILLA volunteers either had many years of experience as an amputee ambulating with a

prosthesis or were relatively fit and active. This reflects in their average cadences, listed in

Table 8.3, which was estimated by taking ten random samples of video in each subject where

ambulation is uninterrupted and manually counting the number of steps. These cadences

are comparable to middle-aged adults with no known gait morbidities (Tudor-Locke et al.,

2020), suggesting these are above average cadences for a typical ILLA. Due to their high

cadences, the VANE algorithm has little issue in detecting their steps, with the exception

being during stair movement where cadence naturally decreases to acquire firm footing on

each step. The VANE algorithm could be potentially improved in future iterations by fusing

information from the machine learning classifiers discussed in this thesis: in the detected

presence of stairs, the VANE algorithm could adjust their step detection refractory period (a

known component of the VANE algorithm which PAL Technologies have granted permission

to acknowledge) to account for the slower cadence.

Table 8.3 Cadence of ILLA Participants

Subject A1 A2 A3 A4

Average Cadence (Steps/Min) 110 120 122 116

As the study was not designed around validating the step count, the methodology quality

of this study is comparatively weak in regard to Deans et al. (2020) . As mentioned in the

results, there were occasions in the recorded videos where feet movement was not visible in the

camera. Deans et al. (2020) on the other hand used a multi-camera set-up and assessed each

step count through the median value of all camera positions, giving a much more accurate

assessment of the ground-truth. While Deans et al. (2020) states that using separate judges

was not necessary for their project, having independent judges in this study would have

given a better unbiased estimate of the step count. Future investigations to validate the step
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count in free-living conditions would require much higher sampling sizes with more diversity

in unilateral and bilateral amputees, as well as including transfemoral amputees who may

exhibit different behaviour due to requiring the ActivPAL to be attached to the prosthesis

instead of a sound thigh. Attaching a second camera, or a camera with a wider field of view

in the vertical direction, would also ensure that the criterion measurements match with the

absolute true step count. Deans et al. (2020) found that there were no significant differences

in ActivPAL step count when a separate ActivPAL was attached to the sound thigh, but

nonetheless would warrant further replication in a free-living setting. Some further testing

in natural interior environments (e.g the subject’s home or work) would also give a greater

indication of the VANE step count in true free-living conditions.

8.3 ActivPAL Test #2: Validation of VANE on ILLA

standing detection

8.3.1 Introduction

The second ActivPAL experiment was an assessment of the VANE algorithm’s detection for

the presence of standing time. Like step count, the accuracy of the ActivPAL’s standing be-

haviour validation has been a frequently researched topic and is in fact used as the criterion

standard for standing detection in some investigations (Carpenter, Yang, and West, 2021;

Dowd, Harrington, and Donnelly, 2012; Hamer et al., 2020; Larkin et al., 2016; O’Brien et al.,

2020). Deans et al. (2020) carried out analysis of the VANE algorithm with a ILLA popula-

tion, however they did not directly measure standing times, only sedentary (sitting/reclining)

time. This should therefore, at the time of writing, be the first study to attempt to validate

the ActivPAL’s standing behaviour for ILLAs under free-living conditions.
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8.3.2 Methodology

The data utilised in this study differs from that used in the previous ActivPAL experiment.

Due to the nature of the study, most of the recordings of the ILLA participants involved a

largely uninterrupted walk from start to finish, and standing events were very infrequent.

The exception to these general observations is subject A3 and two of the recordings of subject

A4. In subject A3’s scenario, during both of their recordings they sporadically halt their

walk for various reasons such as to check their phone or the status of the recording camera’s

battery. Subject A4 went on a walk with their dog in two of the recordings (recordings 2

and 5), which led to frequent interruptions in the walk due to the dog pulling on its leash

to investigate its surroundings. These four recordings are the only recordings of the ILLA

participants to provide ample scope for the detection of standing activity.

The ground truth for analysing stepping behaviour is once again acquired through manual

observation of the recorded videos. Stoppages of a length of three seconds or greater were

manually noted down in a spreadsheet, three seconds was heuristically chosen as the threshold

to mitigate recording of brief pauses during gait, for example if the participant readjusts their

feet before ascending or descending a flight of stairs. Due to the overall small number of

stoppage events, and the ability to go back and rewind footage, only one set of criterion

measurements was needed for this experiment. The standing times are then extrapolated

into a vector, with the total length of the vector equal to the length of the recording in

seconds. Standing and moving times from the VANE algorithm are acquired through the

“Event” .csv file generated in PAL Analysis. A Matlab script read the .csv file and extracted

the event type for every second of the recording. An event type of “1” indicates standing,

while an event type of “2” indicates walking. Thus, the ground truth and VANE analysis

both generate two vectors of equal length. Due to using categorical data, the "agreement"

between the criterion and the VANE algorithm (otherwise known as the interrater reliability)

are analysed using Cohen’s kappa coefficient (Cohen, 1960). The smallest sample size on
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a per recording basis is 2,272 samples, which indicates the sample size requirements for

instigating the coefficient are sufficient based on the assumption that the marginal rating

frequencies between the criterion and VANE measures are the same (Bujang and Baharum,

2017). As recommended by McHugh (2012), a kappa coefficient of 0.6 or less indicates weak

agreement and that only 25% of the data can be considered reliable. A kappa coefficient of

0.8 or greater indicates strong agreement and up to about 80% of the data can be considered

reliable. The calculated kappa coefficients are supplemented with precision, recall and F1

scores of both activities as derived from a confusion matrix.

8.3.3 Results

The precision, recall, F1, and kappa coefficients are detailed in Table 8.4. The precision

and recall of walking events remain consistent throughout each of the 4 recordings. Any

decrease in the precision values for walking can mostly be explained by synchronizing errors

between the criterion and VANE’s detection of standing behaviour, for example recognizing

the start of leg movement half a second before the VANE algorithm detects the presence

of walking. VANE however appears to struggle at recognizing the presence of standing

behaviour when transitioning from walking movement. Included in Fig. 8.3 are stair plots

of the activities as represented by both the ground truth and VANE, where an agreement

of activity is indicated by green lines. In the stair plots for subject A4, it can be seen that

there are multiple instances of standing activity occurring in the ground truth, while VANE

does not detect the presence of stationary movement for the entirety of the event. When

comparing the timestamps to the video, these situations arise when the subject is forced

to quickly halt their walking movement, for instance turning around to look at their dog.

The duration of these standing activities is short enough that a predetermined threshold in

VANE’s algorithm does not correctly recognize this duration as the subject standing.
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Table 8.4 Analysis of standing and walking time precision measured by VANE
versus ground truth observation

Recording A3-1 A3-2 A4-2 A4-5

Precision (standing) 0.99 0.91 0.96 0.93

Precision (walking) 0.98 0.99 0.93 0.92

Recall (standing) 0.77 0.76 0.61 0.51

Recall (walking) 0.99 0.99 0.99 0.99

F1 (standing) 0.86 0.82 0.74 0.65

F1 (walking) 0.99 0.99 0.96 0.96

Cohen’s Kappa 0.85 0.81 0.71 0.62

8.3.4 Discussion

The main interpretation of this analysis is that intentional stopping in walking activity is

more easily recognizable for the VANE algorithm than sporadic halts in walking activity, as

reflected by the kappa scores for subjects A3, who tended towards intentional stopping, and

A4, whose dog monitoring created frequent events of sporadic stopping. After discussion

with PAL Technologies, it was revealed that in VANE detection, the maximum allowable

step count length is six seconds. Therefore, any brief standing event shorter than this

length of time will be regarded as a step regardless of how “still” the standing behaviour is.

This explains why the kappa values for subject A4 are considerably lower than subject A3,

despite being carried out over a much shorter period of recording time (70/75 minutes for A3

vs. 40/25 minutes for subject A4). In comparison with similar research, Bourke, Ihlen, and

Helbostad (2019) who carried out validation of the ActivPAL for non-amputated participants

in both laboratory and free-living settings found standing detection was actually recognized

better in a free-living scenario and acquired comparable F1 scores to this investigation (73.5%
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Figure 8.3 A: Stair plot of standing and stationary movement for the 1st recording
of participant A3 || B: Stair plot of standing and stationary movement for the 2nd
recording of participant A3 || C: Stair plot of standing and stationary movement
for the 2nd recording of participant A4 || D: Stair plot of standing and stationary
movement for the 5th recording of participant A4

F1 score for lab vs. 76.4% for free living). Their Cohen’s Kappa was also comparable to

those acquired by subject A3 (0.86) while also including sitting detection in their measured

activities. A major difference however was that the free-living component was carried out in

the subject’s home rather than outdoors, suggesting that the findings from this investigation

hold true in interior environments as well as outdoor environments.
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While it is unlikely in a clinical context that an ILLA would choose to go on a walk with

a dog, especially in the early stages of rehabilitation, sporadic standing events could arise in

other scenarios. Cooking, cleaning, doing laundry, and shopping are other exemplary events

where the subject will be in a continuous cycle of standing for brief intervals followed by

moving. If the results from subject A4 reflect on VANE’s general ability to recognize sporadic

movement, then in these scenarios the VANE algorithm may interpret these movements as

constant motion and thus the VANE algorithm requires further development of their standing

detection.

The small sample size means these findings may not generalize to the ILLA population

and as such should be treated as a case study rather than a general observation. Future

studies with a similar research aim should encourage its participants to take regular standing

and sitting breaks during their regular walks to acquire a more realistic idea of how VANE

can handle the recognition of these standing bouts. The validation of stationary times via

video observation should also be carried out by multiple independent researchers to avoid

introducing observer bias.

8.3.4.1 Implications for Presence of "Null Activity" and Wear Time Detection

When annotating the activities for the recordings in Chapter 5.5 it was noted that there was

a required presence of the “null” class to try and remove potentially confusing sections of

the recording from the machine learning process. These “null” instances were occasionally

comprised of standing behaviour. If the machine learning algorithm were to be tested on

new data that had not been annotated and pre-processed to remove unwanted data, this

would introduce confusion into the machine learning algorithms, whether approaching the

problem from a supervised or unsupervised perspective. These scenarios are where the

VANE’s standing detection reliability (as shown in Grant et al. (2006)) can provide additional

assistance in removing these blocks of activity from the testing data. Referring back to

Table 8.4, it is notable that the precision of standing recognition is much higher than the
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recall, indicating that there is a lack of false positive recognitions of standing behaviour.

In the context of activity recognition, this means that VANE algorithm will not detect

false presences of standing movement during gait and will therefore not accidentally remove

walking data from recognition. Conversely however, the recall of standing was considerably

lower, which would implicate some standing activities into the test set of data. A potential

solution to the weaker recall would be to additionally analyse the duration of the stepping

event as calculated by VANE, removing any instances of a step movement longer than a

pre-determined threshold (e.g 4 seconds), however the drawback to this approach would be

that certain stair or slow walking movements could be removed from data analysis due to the

decreased cadence. Perhaps a more elegant solution would be to perform pre-clustering of the

feature data before activity recognition process to identify and remove standing activities,

which tend to form distinct clusters in low dimensional spaces (Abedin et al., 2020; Ma et al.,

2021). Automated standing detection warrants further investigation in future studies.

The presence of standing activity via VANE analysis can be further extended to analyse

the wear time of the ActivPAL device. Though unfortunately unverifiable within the scope

of the investigation, some research has been dedicated to the development of wear time

detection of the ActivPAL (Carlson et al., 2021; Winkler et al., 2016). While wearing

detection can easily be identifiable for instance through non-sporadic periods of walking and

standing activity, distinguishing between non-wear and prolonged bouts of "sitting" activity

(e.g sleep) can be considerably more challenging. Fortunately, with the introduction of a

magnetometer in the latest models of ActivPAL, identifying the orientation of the ActivPAL

device is now a possible feat; Fig. 8.4 shows an example of the orientation data as illustrated

in PAL analysis for one of the subjects included in this study. Using rudimentary algorithms,

non-wear could be easily recognized by abnormal orientations of the ActivPAL (i.e left, right,

front, or down orientation) over extended periods of time. To the author’s knowledge, the

orientation information of the ActivPAL has yet to be validated and so warrants further

testing in future studies.
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Figure 8.4 Spiral graph of ActivPAL orientation for one of the participants during
their entire recording duration

8.4 ActivPAL Test #3: Inclusion of Magnetometer

features

8.4.1 Introduction

The final post hoc experiment is a brief venture into the magnetometer functionality of the

ActivPAL and its impact on the supervised and unsupervised components of this thesis. As

explained in Chapter 5.6.1, the magnetometer data ultimately had to be discarded from the

main analysis. This experiment reintroduces the magnetometer and magnetometer features,

exclusively looking at subjects where the magnetometer did not saturate. Magnetometers

in the context of how they can benefit (and hinder) HAR studies was explained in detail in

Chapter 4.2.2.

8.4.2 Methodology

The number of viable subjects was limited to four participants: Non-amputated subject

H8, and ILLA subjects A1, A2 and A3. All other subjects experienced periods of magne-

tometer signal saturation, and so were considered unusable. The magnetometer signals are
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pre-processed using the same configuration as the accelerometer; that being a Butterworth

bandpass filter with passband frequency ranges of 0.3 – 4Hz. The resulting signal has a

smooth sinusoidal waveform that requires no further denoising, as shown in Fig. 8.5. The

magnetometer signal is subsequently segmented with non-overlapping sampling windows of

40 samples in length.

Figure 8.5 Random sample of timeseries filtered triaxial magnetometer signal

The magnetometer features calculated in the study are identical to those calculated with

the accelerometer, in order to determine whether the same feature calculations would im-

prove the machine learning performance when including the same features applied to the

magnetometer. In other words, to determine whether classifier efficacy could be improved

through simple implementation of a magnetometer and not through the addition of mag-

netometer specific features. An additional 9 features are created from the cross-correlation

coefficients of the XYZ axes of the accelerometer and magnetometer, resulting in a total of

485 features. Features undergo the same standardization process as described in Chapter

5.8.1, resulting in zero mean and a variance of one for each feature.
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The supervised component exclusively focused on how the recognition performance of an

SVM classifier changed with the addition of magnetometer features. The dataset combines

data from all 4 individuals and used Level 1 of label resolution (level walking, uphill, downhill,

upstairs, downstairs). The dataset dimensionality is reduced via PCA to conserve 95% of

the total systematic variance, resulting in approximately 110 principal components when

magnetometer features are included, and 60 components when only accelerometer features

are used. Due to the significant reduction in size of dataset, it was considered unfeasible to

explore the previously employed LSTM network. The SVM classifier undergoes the nested

cross validation process previously described in 6.2.5. The data relegated to the inner loop is

balanced with SMOTE and then used to tune the SVM classifier for optimal hyperparameters

(tuning for Kernel type and Box constraint), the resulting trained classifier is then validated

with the testing data partition, the resulting recognition accuracies are then obtained as a

result of 5-fold cross-validation.

For the unsupervised component, the data is separated by each model. tSNE, with

the same hyperparameter configurations as in Chapter 7.2.6, reduced the dataset from its

original size to two dimensions. The analysis of the unsupervised component extends only

to an analytical look at the clustering quality of the model when labelled for the base level

of resolution. The algorithm developed in Chapter 7.3.2 is not used.

8.4.3 Results

The introduction of magnetometer features led to a significant performance boost in recog-

nition accuracy, achieving a mean recognition accuracy of 87%, compared to using only the

accelerometer features which had a mean recognition accuracy of 73.8%. The accuracy of the

accelerometer features fell from 77.2% in Chapter 6.3.2, which is expected given the overall

smaller training dataset. This could also indicate that had the magnetometer been fully

functional throughout the investigation, the mean recognition accuracy could have exceeded
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90%. The resultant confusion matrices for both approaches are presented in Figs. 8.6-8.7

A notable weakness of including magnetometer features is that despite having good recall

values for all activities, the precision of uphill and downhill activities remains poor (63.6%

for uphill, 58.4% for downhill).

Figure 8.6 Confusion chart of SVM classifier at level 1 label resolution using only
accelerometer features.

Figure 8.7 Confusion chart of SVM classifier at level 1 label resolution using com-
bined accelerometer and magnetometer features.

The resulting tSNE clustering models when magnetometer features were included proved

to have more powerful clustering effects than when only using accelerometer features. As
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Table 8.5 demonstrates, not only is the model able to separate upstairs and downstairs data,

in subjects H8, A2 and A3, there is an appreciable formation of hill clusters which previously

proved impossible to form in Chapter 7. Subject A1 was the only participant where the

inclusion of magnetometer features did not lead to an appreciable visual improvement in the

clustering model, though at the least there is a stronger concentration of downhill movement

in a single area compared to the accelerometer only model.

8.4.4 Discussion

Contrary to the literature review of magnetometer features in Chapter 4.2.2, the addition

of magnetometer features had a marked improvement over the use of only accelerometer

features for the supervised approach. For example, the inclusion of magnetometer data in

Garcia-Gonzalez et al. (2020) only led to a 2% increase in recognition accuracy (60.1% to

62.6%), while in this experiment there was an improvement of 13%. An important method-

ological difference is that they include GPS readings with the accelerometer readings in the

initial feature matrix calculation, indicating that GPS-acquired features could have overlap

with magnetometer-acquired features in terms of their similarities. The improvement of clas-

sification in San Buenaventura and Tiglao (2017) was also only 0.6% greater than using only

an accelerometer, though due to a high base recognition accuracy (96.9% with accelerom-

eter only), there was little room for improvement. The takeaway interpretation from these

findings is that, when the base recognition accuracy of the measuring device is low, it is

worthwhile exploring the introduction features from other sensors. On the other hand, while

this approach to magnetometer feature extraction worked in favour of the dataset in this ex-

periment, these results may not generalize on a larger population; Shoaib et al. (2014) found

in their HAR investigation that random combinations of sensors did not see an improvement

in recognition performance, and rightfully argues that the features of each sensor should be

carefully considered in terms of their relevance.
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Table 8.5 Cluster models comparisons with and without the inclusion of magne-
tometer features

Subject Accelerometer features only tSNE models Accelerometer & Magnetometer features

tSNE models

H8

A1

A2

A3
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Judging from Ariza Colpas et al. (2020)’s systematic review of unsupervised human ac-

tivity recognition and the author’s own research, there is a comparative lack of investigations

that have directly compared magnetometer and accelerometer features in the context of clus-

ter analysis. At the time of writing, seemingly all unsupervised approaches with wearable

sensors have either exclusively used accelerometer sensors, or at best combined both sensors

without a direct investigation on the effect of magnetometer inclusion. While the visual

clustering results obtained in this investigation show promise, the proposed algorithm from

Chapter 7.3.2 would require serious modifications to adapt to the new clustering behaviour

shown. Particularly, one of the main evident changes is that there is no longer a centralized

walking cluster, instead there are scattered smaller walking clusters. One of the likely im-

portant factors driving the cluster separation are changes in the ActivPAL’s orientation. As

shown in Fig. 8.8, by re-plotting the cluster models and labelling the data according to the

recording in which they were carried out, it can be seen that especially in subjects A2 and

A3, there is some distinctive separation of the data between the different recordings. Given

that there are only four subjects, half of which experienced this phenomenon, this would

require testing with a larger population to determine whether orientation changes were truly

an important factor in clustering behaviour.

Though the inclusion of the magnetometer led to a considerable improvement in the

performance of the supervised and unsupervised approaches, it was unfortunate that the

magnetometer-based results were only valid for a third of the participants. While there are

actions that could be taken to try and prevent the magnetometer from being decalibrated,

most actions will be difficult to implement consistently within a clinical setting. PAL Tech-

nologies are working towards a magnetometer calibration algorithm, however as of the time

of writing (August 2021) there are currently no indications that the algorithm is complete

and would still require validation after completion. The introduction of a user-led calibration

procedure, even for something as simple as placing the ActivPAL on its different sides for

several seconds, can lead to a marked increase in device compliance requirements. However,
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Figure 8.8 A: Cluster plot of subject H8 using tSNE dimension reduction on the
combined accelerometer and magnetometer feature extraction matrix, labelled by
each separate recording. || B: Cluster plot of subject A1 using tSNE dimension
reduction on the combined accelerometer and magnetometer feature extraction ma-
trix, labelled by each separate recording. || C: Cluster plot of subject A2 using tSNE
dimension reduction on the combined accelerometer and magnetometer feature ex-
traction matrix, labelled by each separate recording. || D: Cluster plot of subject A3
using tSNE dimension reduction on the combined accelerometer and magnetometer
feature extraction matrix, labelled by each separate recording.
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there is no guarantee that the user will comply with the calibration procedure and correctly

carry it out. Likewise, magnetic disturbance could potentially be mitigated through the

introduction of Kalman filter (Roetenberg et al., 2005), but this would require an additional

gyroscope component and would increase the production cost of the ActivPAL. Additional

research would also be necessary to ensure that any interference filtering is also not removing

useful information (i.e leg movement) from the magnetometer signal.

8.5 Chapter Conclusion

The three experiments conducted in this chapter provided useful insight regarding the quality

of the ActivPAL device in a clinical activity monitoring context. For an ILLA population

in free-living conditions, it was found that the VANE algorithm was reliable in acquiring

accurate step counts and detecting purposive standing events mid-walking. However, a

drawback of the VANE algorithm was illustrated by its tendency to underreport step count

when there is a decrease in cadence, most notably during stair movements, and was insensitive

for detecting sporadic stationary events. Nonetheless, standing detection by the VANE

algorithm could be a powerful tool for automatically detecting and removing “null” activities

from testing data, leading to respectable recognition performances and strong clustering

models. The inclusion of features from the ActivPAL’s magnetometer also led to a significant

improvement in both supervised recognition accuracies, as well as more powerful clustering

effects, particularly in uphill and downhill movement. But, given that the magnetometer only

operated correctly in only four of twelve participants, some substantial research efforts will

be required to ensure correct calibration and remove the presence of magnetic interference

without increasing user compliance or removing important data from the signal. Taking all

three experiments into account, the ActivPAL can enhance future iterations of the activity

monitoring system by giving detailed breakdowns of standing and stepping activities of an

ILLA, provide methods of detecting wear time and cadence, and use the magnetometer
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to further improve the recognition accuracies and clustering capabilities of supervised and

unsupervised machine learning systems respectively, potentially expanding on the scope of

walking activities that can be recognized.
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Chapter Nine

Conclusion: Implications of Research

in Clinical Context & Retrospective

Evaluation

The final chapter of the thesis is comprised of two main components. The first component

describes how the research carried out in this thesis can be used to construct the framework

of a clinical-based activity monitoring system. This component is structured in a Frequently

Asked Questions (FAQ)-type format, such that the main implications of the framework are

clear and concise. The second component is a retrospective analysis of the work carried out

in this thesis, and an outlook of what work should be undertaken in the future.

9.1 Implications of a Clinical Activity Monitoring Frame-

work

9.1.1 What is the clinical activity monitoring framework?

The clinical activity monitoring system framework is comprised of a central activity moni-

toring system which acquires physical IMU data from an ActivPAL device worn by a user
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and interprets the data via machine learning algorithms to output quantitative physical ac-

tivity information. The rest of the framework details protocols and recommendations for the

system, which will be explained in the oncoming segments. Fig. 9.1 represents a summary of

the "loop" in the clinical activity monitoring framework, wherein a HCP gives an ActivPAL

to the ILLA, they perform physical activity over the course of a week, and return the device

to the HCP. The HCP connects the ActivPAL to a PC where an application reads and in-

terprets the data from the ActivPAL and outputs the key activity monitoring outcomes in a

Graphical User Interface (GUI). The HCP will interpret information relayed by the GUI to

determine what actions should be taken to help improve the ILLA’s situation. The process

can then repeat for as many times as needed.

Figure 9.1 High-level infographic of the clinical activity monitoring framework
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9.1.2 Who is the target demographic?

The framework is primarily targeted at HCPs that specialize in the rehabilitation of ILLAs.

For example, physiotherapists whose general goal is to try and promote or improve their

client’s physical activity would benefit the most from this system. From the findings of

Chapter 3.3.1, the evidence suggests that framework has maximum efficacy at the beginning

stages of prosthetic rehabilitation, when the amputee is first fitted with a prosthesis. In these

stages, the amputee is more likely to comply with the recommendations set out by the HCP

if they believe that following the HCP’s advice is vital to their rehabilitation progress, and so

are more likely to consent to being outfitted with an ActivPAL and permit their activity to be

analysed. The ActivPAL should be suited for deployment particularly within rehabilitation

clinics or hospital wards, and also suitable for short term (week-long) monitoring in a home

environment, as the evidence from this thesis suggests.

Beyond the early stages of prosthetic rehabilitation, there are diminishing reasons why

the clinical activity monitoring system should be used in favour of using consumer grade

fitness trackers such as a Fitbit®. The primary reasoning is that, from Chapter 3.3.1, it

was found that all interviewed ILLAs, who had experience of prosthetic rehabilitation of a

minimum of one year, no longer maintained a relationship with their healthcare provider (e.g

NHS staff) beyond emergency situations relating to their prosthesis. The interviewed HCPs

also conceded that contact frequency becomes minimal past the initial stages of rehabilitation

(hosting check-up meetings every few months or years). Considering that an ActivPAL unit

has battery and memory capacity suited for a week, the ActivPAL in its current iteration has

no practical use for a clinical monitoring system when the average contact frequency between

amputee and HCP is greater than two weeks. In order to make the ActivPAL viable for long

term monitoring, this would require the development of a cloud server from which ActivPAL

data could be remotely stored and retrieved by the HCP, such that the data on the ActivPAL

hardware can be safely overwritten without data loss. The development of such a framework
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is beyond the scope of the thesis and the author’s expertise, but even if such a framework

were to exist, this would incur additional compliance from the ILLA user, as they would need

to initiate transfer of the data from the ActivPAL either to a computer or a mobile app via

Bluetooth communication. There would also be additional financial costs for server hosting,

and there would be some privacy concerns regarding who can access the data if it was being

held in cloud storage. Going further, even if theoretically there were no financial, privacy or

compliance concerns, an ILLA client may simply not be interested in having their activity

monitored and judged by an individual, especially on a long-term basis. If they were still

interested in monitoring and upkeeping their physical activity, a far simpler option would

be to purchase a Fitbit® for £50 (Fitbit, n.d.[b]), or a pedometer for £25 1. Though these

devices may not be able to capture the depth of data acquired by the ActivPAL in a clinical

activity monitoring framework, they can still acquire relevant health-based information for

a fraction of the price (see Section 9.1.7) and with minimal concerns for privacy.

9.1.3 How is data acquired?

To analyse the activity of an ILLA, the HCP should provide their client with an ActivPAL

device, the hardware revision should be a 3 micro at minimum to be compatible with the

latest PAL software (PAL-Technologies, n.d.). The ActivPAL recording must be initiated

by the HCP via PAL Connect software prior to handing the device. For transtibial patients,

the ActivPAL should be secured to the upper anterior thigh via adhesive bandages or PAL

Stickies™ on the side of their affected leg. If the patient is bilateral, then either leg is a

viable location. If the amputation level is transfemoral, the device should be secured to

the prosthetic shaft in the same location as it would be on an intact leg. Some prosthetic

legs may also have the ability to store the ActivPAL in the prosthetic shaft, as seen in Buis

et al. (2014). The patient would then continuously wear the ActivPAL over the duration of
1Price estimated via amazon.co.uk, prices subject to change
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a week. The ActivPAL can be given a plastic sock covering to prevent water damage, thus is

suitable to be worn while showering, though it is not recommended to wear the device when

submerged in water, for example during baths or swimming.

After a pre-determined amount of time (typically 7 days), the ActivPAL will automati-

cally cease recording and switch itself off to conserve power. The HCP would then acquire

the data from the patient when they return the device. The data (format: “.datx”) is down-

loaded to a PC or laptop via PAL Connect software (PAL Technologies, Glasgow, UK) using

a microUSB connector cable. They should then open the .datx file in PAL Analysis and

export both the raw accelerometer data (uncompressed) and the Event data, which are both

in .csv format.

To achieve the human activity recognition process of the framework, the author’s pro-

posed solution is to compile a downloadable .exe program formatted in Python using Ten-

sorflow API. The program should intake the .csv files and output easily understandable

graphical outputs regarding the patient’s physical activity (see Section 9.1.5). Ideally, the

HAR process should be directly integrated into PAL Analysis as a separate configurable

output.

9.1.4 What is being measured?

If the clinical activity monitoring framework can provide a trained supervised classifier (cur-

rently a Support Vector Machine) generalizable to the ILLA population in the early stages

of their prosthetic rehabilitation, then it would be able to recognize level walking, uphill and

downhill movement, and upstairs and downstairs movement. With further improvement of

the classifier, it could also potentially distinguish walking activities on hard and soft ground.

Through ActivPAL’s proprietary VANE algorithm, a measurement of step count (and sub-

sequently cadence) and detection of sedentary and standing behaviour will also be provided.

By extrapolating the average number of steps contained within a sampling window, it should
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also therefore be possible to specify level, hill, and stair movement into steps. If the HCP

can provide input for their client’s average stride length on level ground, slopes, and stairs,

it should also be possible to provide an analysis of their walking speed.

If, however, a generalizable trained classifier cannot be provided, the clinical framework

would still be able to recognize activities via an unsupervised classifier algorithm, but this

would be relegated only to the detection of ground walking and stair movement, with cur-

rently no indication of the direction of stair movement. The additional clinical activity

monitoring outputs via VANE do not require training and are therefore unaffected.

9.1.5 How is the data presented?

From the HCP’s perspective, once data has been passed through the machine learning sys-

tems, the GUI should resemble the mock-ups depicted in Figs. 9.2-9.3. If the system were

to be integrated into PAL Analysis, the colour aesthetic would also be altered to white

and orange to have continuity with the main PAL software products. Due to the current

inaccuracies of the supervised systems, a disclaimer should also be added stating the aver-

age accuracy of the system and including error bars in the step count graphs would be a

worthwhile addition. If a trained supervised system was not practical to obtain due to a

lack of resources, an unsupervised system would use a similar layout but only include level

walking and stairs as measured outputs, perhaps complementing the step counts with the

low dimensional tSNE models presented in Appendix E.

Once the output has been acquired by the HCP, they should deliver their feedback to

the amputee in the method of their choosing. From Chapter 3.2.2.1, most HCPs appear

to prefer to have feedback face-to-face, though by outputting the graphs as downloadable

image files, the HCP can also elect to print or email the images to their clients with minimal

effort. Following on from the discussion of the future of behavioural interventions in Chapter

2.4, it may be beneficial to incorporate modern technology into the framework by having
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the HCP contact their client via phone calls or text (with prior consent from the client) to

follow-up on their rehabilitation progress. This could also help improve compliance with the

ActivPAL by having the HCP ask their patient if they are wearing the device correctly.

Figure 9.2 Mock-up of GUI of physical activity data as presented to HCPs or
ILLAs

Figure 9.3 Additional GUI screens of the framework
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9.1.6 Is the data reliable?

By discussing the reliability of the data, note that the word “reliability” is considered as a

separate concept to “accuracy”, which has been one of the main topics of the thesis. Here,

reliability refers to whether the data acquired from a patient is trustworthy and cannot be

manipulated via external means.

The ActivPAL can provide anti-tamper procedures to the HAR process by only allowing

physical activity data to be analysed during periods of valid walking as recognized by the

VANE algorithm. For example, shaking the ActivPAL vigorously will not be recognized

as walking and therefore will not count towards data analysis. Unfortunately, there is no

automated protection against tampering techniques such as simulating the movement of the

ActivPAL in a walking motion while the patient holds it in their hand (which would be

difficult to carry out), or by giving the ActivPAL to a friend or family member to wear

instead. If the HCP suspects tampering, a potential solution could be to carry out a brief

recording session with the patient under direct supervision and compare the accelerometer

data collected under supervision to those gathered without supervision in PAL Analysis.

From a data-focused perspective, the ActivPAL is secure for its intended use. A PAL

device can only be activated and deactivated by connecting the ActivPAL to a PC using a

microUSB cable and using PAL Connect software, which also requires creating an account

with PAL Technologies and downloading the appropriate software. This alone provides

a major hurdle for the vast majority of the target population. Crucially, the core .datx

file which contains the raw accelerometer readings is, while not fully encrypted, extremely

difficult to decipher and manipulate in a meaningful way. For clinical trials however, the

software should be updated to have some form of encryption.
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9.1.7 How much does it cost?

Table 9.1 Capital expenditure for proposed clinical activity monitoring system

Capital Expenditure Estimated Cost(£) Source

ActivPAL 4 250.85 [Carpenter, 2021]†

PAL Software (PAL Analysis, PAL Connect) 0‡ [PAL Software]
† - Price additionally confirmed in email with PAL Technologies. Does not include tax and

shipping.
‡ - Purchasing an ActivPAL device comes with a free lifetime access to PAL Software

Table 9.2 Operating expenditure for proposed clinical activity monitoring system

Operating Expenditure Cost per annum (£)
Estimated quantity per

10 persons per annum
Source†

Isopropyl Alcohol 6 1x1L Bottle Source Chemicals.com

Tegaderm™ Adhesive Patch 9 50x27cm2 Patches Amazon.co.uk
† - Prices accurate as of August 2021, subject to change

Tables 9.1-9.2 demonstrates the primary capital and operating expenditures required to

utilise the activity monitoring framework. The majority of cost comes from acquiring an

ActivPAL device, costing approximately £250 per device with an additional 2-year warranty

for each device. While this is quadruple the price of the least expensive FitBit® model

(see Section 9.1.2), the primary advantage of using the ActivPAL in the early stages of

rehabilitation is the security of the data (see Section 9.1.6). The ActivPAL device also

provides inherent security against theft over the FitBit® with its simplistic design: with the

lack of external UI and unremarkable physical design, the majority of subjects will not view

the device as valuable and are unlikely to steal or sell the device. This could also backfire;

if the patient does not view the device as valuable, they may be more prone to misplacing
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or losing the device. Should theft or misplacement become a major issue, the ActivPAL

hardware may need to updated with a GPS module to allow it to be tracked by the HCP. As

Table 9.2 demonstrates, the operating expenditures needed for the framework are minimal,

only requiring an adhesive to attach the ActivPAL in a secure fashion, and disinfectants

when handing off or returning the ActivPAL device.

Finally, for any party who is interested in replicating the data collection methodology

discussed in this thesis, Table 9.3 summarizes the primary costs required. These prices are

accurate as of August 2021 and are subject to change depending on availability in the future.

These costs are on top of the estimated capital and operating expenditures. The make of

camera needed for data collection is unimportant; the only required properties are visible

timestamps when reviewing footage and a battery life lasting at least one hour when video

recording. It should also have external storage capacity (SD or MicroSD) to allow footage

to be saved on other devices. To acquire elevation data, a refurbished iPhone 6 with a

prepaid SIM card using a free Strava account is comparable or even less expensive than

dedicated GPS loggers like a Garmin Tracker™. As stated in Chapter 5.2.2, using Strava

with an iPhone 6 appears to be the most cost-effective method of obtaining accurate GPS

data (Barberi, 2017). The disinfectant spray and screen wipes have been included presuming

the intention to re-use the iPhone and camera strap with multiple participants.
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Table 9.3 Estimated cost of replicating methodology

Data Collection costs Price (£) Source†

Camera 17 Amazon.co.uk

Camera Strap 10 Amazon.co.uk

32GB SD Card 6 Amazon.co.uk

Refurbished 16GB iPhone 6 79 giffgaff.com

100GB No-Contract SIM card 30 tescomobile.com

Dettol™ Cotton Disinfectant Spray 10 x 250ml 20 Amazon.co.uk

Screen Wipes 4 Amazon.co.uk

Total 166 -
† - Prices accurate as of August 2021, subject to change

9.1.8 Is the framework ethical?

As stated in the conclusion of Chapter 3.4, there will be many roadblocks which could

prevent the implementation of the clinical activity monitoring system that are beyond the

scope of this thesis to discuss (Chadwell et al., 2020). Nonetheless, if the participant is fully

informed about the data collection process and agrees to the process both verbally and in

writing, the “red-tape” associated with approving the clinical activity monitoring framework

in a clinical setting should hopefully be minimal. The participant should be given clear and

concise explanations about all stages of the data collection process, in particular, about who

has access to the data. This should ideally be limited only to the HCP themselves. The

data collection process does not require modification of the user’s prosthesis, so as long as

procedures are put in place to disinfect the ActivPAL device after use, there is no increased

physical danger associated with wearing the ActivPAL.
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9.1.9 Why is this important?

Perhaps the most vital component of the activity monitoring framework, and consequently

the research presented in this thesis, is how it can be clinically relevant. In Chapter 1.3,

the general importance of physical activity in an ILLA population was explained. Amputees

who are physically active will see positive effects for their physical and mental wellbeing, in-

cluding improvements in heart and lung functionality and self-esteem (Bragaru et al., 2011;

Wetterhahn, Hanson, and Levy, 2002). Therefore, if a clinician can accurately track their

patient’s physical activity, they can acquire an objective understanding of the physical activ-

ity behaviour of their client and work towards improving their physical activity. In Chapter

2.7, it was stated that the most commonly used metric for physical activity measurement –

step count – is too simplistic. A question that may arise from this statement is: what makes

the activities investigated in this thesis different? After all, the primary measurement of the

clinical activity monitoring system is still step count, but now broken down into more detail

(uphill stepping, downstairs stepping etc.). The patient’s rehabilitative progress is the key

to this question: At the beginning of a patient’s prosthetic rehabilitation, a patient may

be reluctant to use their prosthesis, preferring to use more stable methods of transporta-

tion such as a wheelchair or crutches. As the patient becomes more comfortable using their

prosthesis, this would be reflected in the monitoring system by the uptake of hill movement,

stair movement, or in future iterations of the machine learning process, different types of

terrains. The HCP can therefore utilize this system to track the progress of their clients in a

much more meaningful way as opposed to using a simple pedometer or fitness tracker. These

measurements can be combined with the standardized forms of physical function assessment

described in Chapter 2.6 to provide a better understanding of the patient’s rehabilitation

progress. As many ILLA patients are elderly and/or have comorbidities which can impact

on walking functionality, the framework does not concern itself with more vigorous activities

such as running and jumping. Frankly, HCPs are unlikely to require quantitative monitoring
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of these activities, as ILLAs who are capable of such feats should have visibly apparent levels

of physical fitness.

An important component not covered in great detail was regarding how the activity

monitoring itself can lead to improvements in the patient’s physical activity. This answer

is deeply embedded in the field of psychology and to look into how HCP can use various

tactics to encourage physical activity based on the data they are given is beyond the author’s

expertise and may in of itself be a separate thesis project. The primary intention of this

clinical activity monitoring framework is to provide the HCP with an objective summation

of their client’s activity, from which they can make informed clinical decisions. For example,

if a patient took ten-thousand steps on level ground, but very little or no steps up and down

stairs, the HCP could use this clinical activity monitoring system to detect this issue, and

from there discuss with the patient possible solutions as to how they could try and begin stair

traversal, for example, by changing a component of the prosthetic, or through physiotherapy

sessions.

9.2 Reflection of Work

9.2.1 Thesis Limitations and Future Work

The methodology applied in this thesis was satisfactory in terms of being to achieve its

research goals, especially considering the restrictions imposed by the coronavirus epidemic.

However, upon reflection there are a number of ways in which the methodology could have

been improved. The limitations and suggested improvements for the methodology are ad-

dressed on a by-chapter basis beginning with Chapter 3. Chapter 1 is a simple introductory

chapter in regard to the importance of physical activity in ILLA populations, and Chapter

2 is themed on physical activity interventions. While this second chapter was important for

constructing the narrative towards building a clinical activity monitoring system, its focus
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differs greatly from the main theme of the thesis, which is based more around the HAR

process.

A lack of participants from the interview stage greatly limited the generalizability of

the thesis’s findings, particularly in regard to desirable activity monitoring outcomes. More

effort could have been put into the recruitment process. In Chapter 3.3.4, there was a brief

mention of providing a reward incentive for participating, but an alternative less expensive

route would have been to extend recruitment to beyond Glasgow and advertise recruitment

across the whole of the UK, allowing participants to join in sessions via video conferencing

in place of in-person appearances. There should also have been more targeted recruiting

towards other stakeholders in a clinical activity monitoring system aside from prosthetists

and physiotherapists, such as specialist research scientists and prosthetic manufacturers. The

focus group sessions could have also been handled in a more focused and concise manner

by contacting professional focus group companies and gathering advice and feedback on

the proposed questions before conducting the interviews. The next stage of the research, at

least in terms of acquiring professional opinions, should be to follow up on the HCPs initially

interviewed, present the clinical activity framework, and consider their responses as a way of

improving the framework. As the framework is aimed at collecting data from ILLAs in the

early stages of their prosthetic rehabilitation, another focus group or even a simple interview

or survey targeted at these demographics would provide invaluable feedback.

Due to a lack of machine learning experience prior to the conduction of the thesis, the

methodological quality of the human activity recognition process was held back by the au-

thor’s inexperience. Subsequently, much of the literature review of machine learning was

spent investigating the many possible configurations of machine learning, including all the

possible sensor modalities, feature extraction processes, dimensionality reduction processes

as well as the many kinds of classifiers (supervised, unsupervised, and neural networks).

While this process was necessary for the author to become familiar with the machine learn-

ing environment, it resulted in an admittedly shallow perspective of machine learning. The
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methodology of the thesis would have benefitted greatly if it had been known from the be-

ginning of the thesis that it should be machine learning focused, thus giving time for the

author to first familiarize themselves with machine learning, and by the time the data collec-

tion process was complete, they could have conceived intricately designed machine learning

systems to try and acquire better classification rates. For an example of a more involved

design, the author did not explore the possibility of using ensemble classifiers outside of

Random Forests and AdaBoost. The weak learners in ensembles do not have to be limited

to decision trees and can include “stronger” learners such as SVM and kNN which can give

a better-informed classification decision in human activity recognition (Ni, Zhang, and Li,

2018).

Aside from the obvious lack of number and diversity of non-amputated and ILLA partici-

pants, which was largely unavoidable due to restrictions caused by the coronavirus epidemic,

the data collection process would have benefitted from strongly encouraging the recruited

participants to walk on more terrains to provide a more balanced dataset. Because of eth-

ical restrictions, recruitment and data collection from a non-amputated population had to

begin before collecting data from the ILLA population, as this provided evidence that the

methodology carried out was safe to be replicated with a more vulnerable population. A

more beneficial data collection process would have been to begin with data collection from

the ILLA population, then instruct the non-amputated population to “match” the ILLA

data collection by walking on the same types of terrains. While antithetical to the meaning

of “free-living”, another action that should have been taken would be to have at least one

instance of a non-amputated individual and an ILLA carry out the same walking route, this

would eliminate any confounding factors relating to the traversed terrain and allow direct

comparison of normal and prosthetic-aided activity data. In regard to the ambiguity of an-

notation, particularly with the identification of hill segments, future studies should require

at least two independent annotators, ideally having an expert or experienced cohort in video

annotation to ensure that all activity labels acquired are reliable. While it is not feasible
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to increase the accuracy of elevation data without the use of sophisticated equipment that

would sharply increase the financial cost, a free solution to the identification of hill move-

ment would be to ask participants to signal on the camera when they feel they are tackling

an uphill or downhill slope: for example a thumbs-up could indicate uphill movement, a

thumbs-down for downhill movement, and a handwave for when hill movement flattens out.

While this process would not be entirely reliable in of itself due to relying on human per-

ception, it would provide an additional source of input to the elevation data and would lead

to more precise timestamp markings for the beginning and end of hill movement. Addi-

tional calibration procedures should be taken to ensure that the magnetometer signals are

stabilized and subsequently can utilize the magnetometer features in machine learning.

Towards the end of Chapter 5, a lack of parameter tuning in regard to the pre-processing

stage (e.g changing filter parameters, sample window size) was justified by the large amount

of time required for feature calculation after each iteration of pre-processing. In future it-

erations of the algorithm, with ample reduction of the initial feature set, tuning of these

parameters in conjunction with the classifier parameters should be possible via the imple-

mentation of Genetic Algorithm (GA) optimization. The GA, as its name suggests, is a

process that seeks to optimize a system by performing random “mutations” (i.e alterations

to tuning parameters) and selecting the best combinations of parameters, iterating the muta-

tion and selection process until some pre-defined requirement is met (e.g maximum number

of iterations, loss function reaching a threshold value). GA have been applied in HAR pro-

cesses with some powerful classification results (Huang et al., 2021; Nguyen, Huynh, and

Pham, 2018; Ozcan and Basturk, 2020).

In the supervised aspect of the HAR process, it was discovered that activity recogni-

tion was only feasible at Level 1 of resolution (“Level walking/flat”, “uphill”, “downhill”,

“upstairs” and “downstairs”). Ideally, future iterations of the algorithm should be able to

achieve Level 2 of resolution with 8 walking activities (“Hard, flat”, “Hard, uphill”, “Hard,

downhill”, “Soft, flat”, “Soft, uphill”, “Soft, downhill”, “upstairs” and “downstairs”). Some
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suggestions as to how this could be achieved include an improved version of SMOTE where

there is further undersampling of the majority classes, a more refined technique for syn-

thetic signal generation of raw data for the LSTM classifier, and the development of more

intricately designed classifiers such as those discussed in Chapter 6.4.1 and this conclusive

chapter. Features from the magnetometer should also help achieve this goal. More thought

also needs to be put into the feature extraction process on a per-axis basis, instead of blindly

including all features relating to each axis as well as features derived from the jerk and

magnitude of the signal.

For the unsupervised aspect of the HAR process, the next crucial step is to validate the

theory that appreciable differences in walking speed are the driving factor behind successful

formation of the hill and stair clusters in low dimensional clustering models. The algorithm

proposed in Chapter 7 will require further adaptation to differentiate upstairs and downstairs

clusters, as well as handle Step-to ambulation methods and the different cluster formations

generated by magnetometer features. UMAP should also be given further consideration as

an alternative to the tSNE modelling process.

Another key change that needs to be made in the machine learning process is the integra-

tion of the project into a Python programming environment, using TensorFlow for machine

learning processes, and Keras if using deep learning implementation. Throughout the super-

vised and unsupervised experimentations, it was found the Matlab environment was often

insufficient in terms of the classification and tuning algorithms available. From observation,

most state-of-the-art machine learning implementations are typically written in Python, and

so would need to change the working environment to take advantage of these functions. Mi-

gration of the project is also mandatory for implementation within a clinical environment,

as the cost for acquiring a Matlab license is far too expensive to be realistically implemented

in a nation-wide setting. Python and TensorFlow, being open source, is free to use. For

processing larger datasets, it would also be beneficial to take advantage of cloud processing.

Databricks (Databricks inc., CA, USA) allows users to control computer clusters to process
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large quantities of data far faster than a standalone PC (Databricks, n.d.).

In terms of actions to be taken with the wearable device, there needs to be more explo-

ration as to how measurements taken from ActivPAL’s VANE analysis could acquire useful

clinical activity monitoring outcomes. In particular, there will need to be validation of a

patient’s walking speed on level ground, slopes of different angles, and stairs. Validation

of the wear time of the ActivPAL is also desirable and should be achievable via analysis of

orientation data. While development of the VANE algorithm is the responsibility of PAL

Technologies, some work can be undertaken to integrate the machine learning analysis into

VANE to help acquire better accuracy of step counts during stair ambulation and the detec-

tion of sporadic stopping events. Vice versa, VANE analysis can also assist with the machine

learning process by using the detection of standing or sitting events to filter out data that

should not be recognized by a machine learning classifier.

There are some additional limitations of the research as a whole that does not particularly

fit any single chapter: As is, the framework does not analyse physical activity data in

realtime. Theoretically, it should be possible to acquire realtime monitoring first by installing

a bluetooth module in the ActivPAL which would stream the data to a smartphone, which

could then process and output activity predictions in realtime (Martin et al., 2017). A

realtime system may help benefit the development of machine learning algorithms - for

instance, researchers would be able to test various scenarios in laboratory or free-living

conditions and have instant feedback as to whether an activity was correctly recognized,

then use that feedback to help fine tune the algorithms. However, from the main demands

of the stakeholders as discussed in Chapter 3, a realtime monitoring system has limited

practical use in clincal settings. Many users of this framework would be elderly amputees

who may not be technologically savvy, and so the number of potential ILLA users for this

system is likely to be small. It could also be possible to stream the data to a server which

would allow the HCPs to monitor their client’s physical activity before they hand over the

ActivPAL, but again this would have limited practical use; as identified in Chapter 3, HCPs
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are typically juggling their time between dozens of clients, and so likely would not have the

time to be able to monitor their clients multiple times per week.

Another limitation of the research is the "transferability" of the framework that has been

discussed in this thesis. The research presents a specific set of solutions to a specific prob-

lem, which raises the question as to whether changes in the paradigm to the problem or

solution will still result in the same outcomes. A particularly questionable aspect of trans-

ferability is the wearable device: if the ActivPAL was replaced by for example a smartphone

accelerometer, would the results presented in Chapters 6 & 7 change? Research conducted

by Garcia-Gonzalez et al. (2020) demonstrates that even changes in sampling frequency from

the same accelerometer device can impact on classification accuracies. If it is assumed that

the smartphone contained in the accelerometer is exactly the same as the one in the Activ-

PAL (in terms of sampling frequency and ADC range), and is fixed to the participant in

the same way that the ActivPAL was on the anterior thigh, results should theoretically be

fairly similar. However, one must consider any smartphone will be larger and heavier than

the ActivPAL, this could potentially influence the accelerometry behaviour during gait as

the user would require slightly more energy to lift the phone. To the author’s knowledge,

no research has compared the ActivPAL to another accelerometer that is placed in the same

location as the ActivPAL. Pfister et al. (2017) compared the ActivPAL to the ActiGraph™

GT3X+ to measure active and sedentary times and found weak agreement between the two

devices, however it should be considered that the ActiGraph™ was worn on a waist belt

while the ActivPAL was placed in the standard anterior thigh location, naturally producing

different accelerometry signatures. While it would require validation, it seems unlikely that

swapping the ActivPAL with another accelerometer will produce the same results without

at minimum some alterations to the preprocessing methodology.

Continuing with the theme of "transferability", it is questionable whether the framework

that was outlined in this thesis would be able to detect the same kinds of activities indoors

- or distinguish stepping indoors from stepping outdoors. As stated in Chapter 5, it was

325



not possible to monitor indoor activity in a laboratory environment due to the ongoing pan-

demic, and collecting accurate timestamps of activity in a participant’s actual home without

a camera to provide GTA would be problematic. As restrictions relating to the coronavirus

have relaxed going into 2022 and beyond, it will be possible in future work to validate these

activities indoors using laboratory environments. While research has demonstrated that

transferring trained classifier systems from laboratory environments to free-living conditions

will result in a drop of classification accuracy (Dutta et al., 2018; Pavey et al., 2017), there

do not appear to be studies that have experimented with the reverse scenario. Intuitively,

one would expect a similar outcome either way; in an indoor environment, the individual

typically has more constrained movement in the mediolateral direction, and there would be

more turning to navigate obstacles in the home. When it comes to stair traversal, public and

domestic stairs have different regulations and requirements relating to step width and step

height (Pear-Stairs, n.d.), which can result in different stepping behaviour indoors and out-

doors. Private residences can construct spiral and alternating-tread staircases which require

unique methods of traversal compared to an ordinary straight flight of stairs. These changes

indicate that transferring the algorithms presented in this thesis to an indoor environment

would be difficult, but still possible. Some additional training of systems on abberrant stair

types (or distinguishing these types of steps as a different activity outcome altogether) may

be required to allow full adapability of the system in indoor conditions.

The final component of transferability that merits discussion is to whether the system

would work on different types of amputees not included in the study (for example, trans-

femoral amputees and amputees with total knee disarticulation) or individuals with other

conditions that can impair movement, such as stroke or Parkinson’s disease patients. As

highlighted in Chapter 6, training classifiers on non-amputated patients did not transfer to

recognition of activities carried out by ILLAs, and even by forcing the training model to

only include ILLAs, there was a sharp drop in performance when the bilateral amputee was

included in the training data. While the small number of participants makes it difficult
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to definitively state whether the system could transfer to other gait-impaired individuals,

the results from this chapter strongly indicate that transfer learning would not be possible,

and supervised classifiers must be built from the ground up with a particular group of gait-

impaired individuals in mind. In regards to unsupervised learning however, the algorithm

from Chapter 7 showed that it was possible to cluster and subsequently identify activity

based only on data from the individual, therefore there is a distinct possibility that the al-

gorithm used in that chapter could identify walking and stair data of stroke and Parkinson’s

disease patients.

A three-year hypothetical plan for further development of the activity monitoring system

and framework is illustrated in Fig. 9.4. Immediately following completion of the thesis, a

follow-up focus group would validate whether the activity monitoring system and the pro-

posed framework from this thesis would benefit healthcare professionals, while some parallel

research actions to be taken include migrating to an open-source Python environment, com-

mence validation studies of activity monitoring outcomes that were identified in this thesis

to be necessary to further improve the activity monitoring system. By six months, a brand

new HAR study should be carried out, this time specifically targeting specific terrains to be

traversed, as well as a more defined set of participants, with the aim of obtaining 10 non-

amputated and 10 unilaterally amputated individuals - of which it would be further ideal

to split between 5 transtibial and 5 transfemoral amputees. This would allow for further

investigation of transfer learning studies as explored in experiment #4 of Chapter 6. After

the follow-up human activity recognition study has been carried out and identification of

activities from ILLAs can be reliably achieved, the next stage in development would be to

once again evaluate the system with stakeholders to ensure they are satisfied with results.

The aim would then be to implement the system into PAL’s existing software, such as PAL

analysis, followed by development of a standalone application or Application Programming

Interfaces (APIs) that other software developers in the field of HAR could use to help enhance

their research. The remaining years would then involve identifying and targeting relevant
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partners to the NHS who would benefit from this system and submit a tender for funding

the development of ActivPAL devices (plus any other necessary hardware and software li-

censing), with the main goal being the commencement of the activity monitoring system in

clinical trials and clinical practice after 2 years.

9.2.2 Overall Findings

The main objective of this thesis was to conduct novel exploration of physical activity data

of non-amputated individuals and Individuals with lower limb amputation in free-living con-

ditions for the purposes of outlining a clinical physical activity monitoring framework to be

utilized by healthcare professionals specializing in the care of lower limb amputees. The

thesis began with an introduction of the importance of physical activity for an ILLA pop-

ulation. A systematic literature review then looked at the applications of behavioural and

prosthetic based interventions that have attempted to improve ILLA’s physical activity. It

was found that all identified studies when assessing intervention efficacy either used sub-

jective measurements or objective measurements like step or activity counts, which was an

oversimplification of the amputee’s physical activity behaviour. At this point, the thesis

pivoted away from researching the interventions themselves and focused more on the quality

of the objective measurements used in the interventions. Thus began an effort to conceive a

physical activity monitoring system that could capture clinically relevant physical activities

in an ILLA population. This began with conducting a series of interviews and a focus group

with the primary stakeholders of the system: HCPs (specialist physiotherapists and pros-

thetists) and experienced ILLAs. From these interviews, the desirable activity monitoring

outcomes were determined as well as how the basic principles of the clinical activity monitor-

ing framework should operate. In order to achieve useful activity monitoring measurements,

it was necessary to utilize machine learning techniques, and so a systematic review of HAR

was carried out. The principal findings of this review were that free-living studies of HAR
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Figure 9.4 3 year timeline plan for further development of the clinical activity
monitoring system
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of an ILLA population are extremely rare, and no studies had attempted to carry the work

out with an unsupervised machine learning approach. This co-incidentally benefitted the re-

search direction due to the ongoing Covid-19 restrictions preventing any laboratory research

from being conducted. Thus began the experimental stage of the thesis.

A group of ILLAs (n = 4) and non-amputated individuals (n = 8) were recruited to

take part in a free-living study in which they would be expected to carry out walks in the

vicinity of their home while wearing an ActivPAL device, additionally recording the walks

with a chest-mounted camera and recording the elevation readings on Strava to provide a

method of ground truth annotation. Once the data collection process was complete, the

raw accelerometer data from the ActivPAL was annotated with its corresponding activity,

removing any periods of non-movement from analysis. The remaining data was pre-processed

with a bandpass filter and subsequently segmented into a series of 40 sample (2 second)

windows, and an array of features from the time, frequency and wavelet domains were

extracted per each segment. The subsequent analysis was then split into supervised and

unsupervised investigations.

From the supervised approach, it was discovered that the mean recognition accuracy us-

ing five different activities (level walking, uphill, downhill, upstairs, downstairs) achievable

was around 77% using either a Support Vector Machine or Long-Short Term Memory Deep

Learning classifier. While the recognition accuracies were not outstanding, they were com-

parable with other studies that have been conducted in similar free-living settings. When

trying to increase the “resolution” of the annotated label, there was a considerable recogni-

tion accuracy drop, thus from these results it was deemed best to only consider annotation

at a basic level of detail. Attempts to train the classifiers on the non-amputated population

and test on an ILLA population were also unfortunately unsuccessful, acquiring mean recog-

nition accuracies of only 55%, indicating that the system could not be trained to recognize

activity of an ILLA using only data from a non-amputated population. There was further

indication that separate training models may be required for different kinds of lower limb
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amputation.

In the unsupervised approach, meaningful cluster models that clustered based on activity

was only achievable when the data was separated by each individual, and only clustering

of ground walking (“flat”, “uphill” and “downhill” combined) and stairs (“upstairs” and

“downstairs” were achievable. A novel algorithm based on posterior probabilities of a Gaus-

sian Mixture Model and cluster compactness was devised to perform automatic recognition

of hill and stair activities without the need for training or annotated data. This led to a

statistically significant increase in Normalized Mutual Information compared to applying a

standard DBSCAN algorithm. This indicates an unsupervised activity monitoring system is

at least capable of recognizing stair ambulation.

Upon completion of the machine learning experimentation, a series of ActivPAL-focused

experiments were also carried out. An analysis of the step count acquired by the ActivPAL’s

VANE algorithm revealed that it statistically significantly underreported step count com-

pared to the ground truth, though had good interrater reliability. An analysis of standing

time also highlighted a weakness in the VANE algorithm in being unable to detect brief

spontaneous bouts of standing. Though not applicable for use in Chapters 6 and 7, a brief

exploration of magnetometer-based features in the data revealed a significant increase in

supervised recognition accuracy and an improvement in the quality of the clustering models.

These could strongly benefit the clinical activity monitoring system in the future should a

way of keeping magnetometer calibration consistent be devised. Using these findings, the

thesis then concluded with an outline of a clinical activity monitoring framework, which

would be ideally suited for tracking detailed step movement on level ground, hills, and stairs

of an ILLA in the early stages of their prosthetic rehabilitation.
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APPENDIX



Appendix A

Interview and Focus Group Formats

for Individuals with Lower Limb

Amputation and Healthcare

Professionals

A.1 Overview

This appendix contains the original text document for the structure of interviews and focus

group conducted in chapter 3 for HCPs and ILLAs. The questions presented in this document

are only a rough representation of the questions actually used in the sessions; there were

numerous unscripted follow-up questions used in each session. The theming of the questions

used in the interviews and focus group of the ILLAs were identical, and have thus been

represented with a single set of questions.
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Interview Format- Healthcare Professionals  

Section 1 – Job Details 

• What is/was your job title? 

• How long have/had you held this position (or another position similar to your current one)? 

• Do you work or have previously worked with lower limb loss patients? What kinds of lower 

limb patients do you generally work with most? (transtibial vs transfemoral, unilateral vs. 

bilateral), any unique cases? (e.g one leg is transtibial, other is transfemoral) 

• How are your rehabilitation sessions structured? Do you interact with patients in a group or 

individually? 

• How frequently do/did you see each patient? 

• How long is/was each session? Do you feel the current length is adequate?  

 

Section 2 – Assessment of Patient Activity 

• Do you use or have you considered using physical activity assessment with your patients? If 

not why not?  

• [Skip if answer to above is no] When assessing a patient in your clinic what are the key 

observations and metrics do you use? 

• If no external monitoring (self-report, measuring devices) is mentioned, why do you not do 

use this?  

 

Section 3 – Desires for activity monitoring outcomes  

• What kinds of physical activities would you expect your patients to carry out?  

• Are there certain types of physically activity in which the patient would, on a regular basis, 

remove their prosthetic before carrying out the exercise? 

• Can you name any forms of physical activity or exercise that you desire to be measured via a 

sensor (e.g pedometer, Fitbit etc.)?  

Section 4 – Communication with Clients  

• How do you communicate your observations to patients in regard to their gait quality or 

fitness levels? 

• What language do you use (simple language, use of medical terminology)? 

• Do you use video or diagrams? 

• Do you prescribe exercise or training-based goals?  

• [if prescribe exercise] What methods do you use to check they’re doing these exercises often 

enough and correctly? 

• Do you experience any difficulties communicating with your patients? (e.g do you feel that 

your patients lie or are unreliable about reporting their activities, or do you feel like the 

amputee struggles to understand what you want them to do?)  

Section 5 – Desires for a clinical activity monitoring system 

• In this system, which do you think would be the best method to communicate to participants 

about what PA they should be carrying out? 

• Would you think a combination of formats could be beneficial?  



• How frequently do you think the system should communicate physical activity progress to 

your patients? 

• Theoretically, to what extent would you like to have manual input with the system? (i.e would 

you want to manually interact or use automated responses)  

• Are there any difficulties you foresee with encouraging the patient to carry out the activity 

while wearing the leg prosthesis?  

• Do you have any concerns about the privacy the patient may have with this system? 

Interview/Focus Group Format – Lower Limb Amputees 

Section 1 – Amputation, Rehabilitation Experiences 

• Could you describe the technical details of your amputation (e.g unilateral/bilateral, 

transtibial/transfemoral) 

• When were you first fitted for your prosthesis? 

• (if comfortable sharing) what was the cause of your lower limb amputation? 

• What is your current profession? 

o Did your amputation force you to change careers?  

• How many physiotherapy sessions have you had? (if any) 

• How long since your first physiotherapy session? 

• How frequently do you have a physiotherapy session on average? 

• How long was each session? 

• Do you have sessions individually (with a HCP) or as a group?  

• What were the most helpful parts of your sessions? 

• What were the least helpful parts? 

• What would have made the sessions better? 

• During your rehabilitation what were your main concerns? 

Section 2 – Interactions with healthcare professionals and health assessments  

• When meeting with your physiotherapists, in what ways are you assessed? (example 5 

minute walk test) 

• How is information about your activity given to you? (Verbal, digital presentation, hard copies 

etc.)  

• Depth of feedback 

o Are recommendations specific or general? (e.g do more exercise vs. do x amount of 

certain exercise)  

o Do HCPs set out (or did set out if no longer in rehabilitation) daily, weekly or monthly 

goals for things like exercises or step count?  

o Do you sometimes struggle to understand how you need to meet their requirements? 

o On average, do you know (or strongly believe) if you are meeting the requirements of 

physical activity set out by your HCP?  

• On average, do you feel that the assessment given by the HCP overestimates, 

underestimates, or accurately reflects how active you think you actually are? 

• Influence of feedback on goals 

o When you receive good feedback from your HCP, do you feel that makes you more 

likely to keep your target for the next month, less likely, or has no effect? 

o The same question as above but for negative feedback / failing to meet standards  

Section 3 – Physical Activity 

 



• Are you aware of your K-level? 

o (if not give description of each K-level and ask which sounds the most appropriate) 

• How frequently do you walk (if at all)? 

• Where do you go on your walks?  

• What other physical activities do you perform? 

• How frequently do you perform these physical activities?  

• Are there any other physical activities you would like to carry out? If so, do you feel your 

amputation impairs you from doing so? 

• How frequently do you wear your prosthesis when you perform these exercises?  

• [from section 2, if someone said they had physical activity assessment] how does your 

physiotherapist assess whether you’ve carried out this activity 

• Are there any other physical activities I’ve not mentioned that you carry out? 

o How frequently do you perform those physical activities?  

o How frequently do you wear your prosthesis when you perform these exercises?  

o Does wearing the prosthesis make it easier, harder or the same to do than without 

• Which of these activities discussed do you think are the easiest and the hardest to carry out 

on a daily basis?  

 

 

Section 4 – Experience with Technology  

*[1-5] on a scale of 1-5, with 1 being not comfortable at all, and 5 meaning very comfortable.   

• Computers 

o Do you own a computer?  

o [1-5]* How comfortable are you with checking your e-mails? 

o [1-5] How comfortable are you with using the internet? 

o [If no] Would you ever consider using a computer in the future? 

• Smartphones/Tablets 

o Do you own a smartphone or a tablet? (Alternatively, just a mobile phone) 

o [1-5] How comfortable are you with reading text messages? 

o [1-5] How comfortable are you with checking your e-mails? 

o [1-5] How comfortable are you with using the internet? 

o [1-5] How comfortable are you with downloading and using apps?  

o [If no] Would you ever consider using one in the future?  

• Smart Watch 

o Have you ever used a smart watch? 

o [If yes, 1-5] Are you comfortable operating it?  

o [If no] Would you ever consider using one?  

• Fitness Tracker 

o Have you ever used a fitness tracker (e.g Fitbit)? 

o [If yes, 1-5] Are you comfortable operating it?  

o [If no] Would you ever consider using one?  

 

• If you had to monitor and track your fitness, Of the technology discussed, which device 

would you prefer for this purpose?  

 

 



Appendix B

Feature Extraction: Description of

Time-Consuming Functions

This appendix explains the functions of Table 5.5 in Chapter 5 in more detail. The expla-

nations of the functions are broken into two categories; in-built MATLAB functions and

functions created by the author.

Inbuilt Matlab functions:

• wavedec: Returns the wavelet decomposition of a one-dimensional signal. Is used in

the calculation of all wavelet domain features.

• dwt: Performs a discrete wavelet transform on a one-dimensional signal, is called

automatically when running “wavedec"

• wfilters: Creates four lowpass and highpass, decomposition and reconstruction fil-

ters associated with a defined wavelet structure, is called automatically when running

“wavedec”

• prctile: Returns the 25th and 75th percentile of the window segment

• stft:Returns the Short-Time Fourier transform of a one-dimensional signal, is used in

the calculation of Mel-Frequency Cepstral Coefficients (MFCCs), see “cepstral_feature_function”

• wavemngr: Adds or removes wavelets, is called when running “wfilters”
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• stftParser: No documentation appears to exist for this function, presumably a low-

level operation that gets called when "stft" is called.

• appcoef: Extracts level 1 approximation coefficients from a decomposed wavelet sig-

nal. Is used in the calculation of wavelet domain features.

Created functions:

• cepstral_feature_function: Calculates the first 13 cepstral coefficients of a one-

dimensional signal, each of which are used as a separate feature. A short-term Fourier

transform is applied to the window segment, after which the absolute values of the

transformed signal are taken. Matlab extracts the cepstral coefficients using an in-

built function “cepstralCoefficients”. By adding the calculation times for "stft" and

"stftParser", it is evident that the Short Time Fourier Transform is responsible for

consuming the most time within this function.

• AutoCorr_Features: Extracts the first seasonal lag and the squared sum of the

first 10 autocorrelation coefficients. Coefficients are extracted by using the Matlab

autocorrelation function “autocorr” (this is the function that is causing the time con-

sumption), then the resulting features can be extracted through simple vector and

arithmetic operations
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Appendix C

Supervised Learning of Human

Activity Recognition for

Non-amputated Individuals and

Individuals with Lower Limb

Amputation in Free-Living Conditions

- Additional Figures

This appendice contains the confusion matrices from Experiment #4 of Chapter 6.3.4. Con-

fusion charts for both SVM and LSTM models are presented for each individual, and through

each training method. All experiments are conducted at level 1 label resolution.
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A B

Figure C.1 A: Confusion chart of LSTM classifier trained exclusively on non-
amputated participant data, tested on participant A1 || B: Confusion chart of SVM
classifier trained exclusively on non-amputated participant data, tested on partici-
pant A1

A B

Figure C.2 A: Confusion chart of LSTM classifier trained exclusively on non-
amputated participant data, tested on participant A2 || B: Confusion chart of SVM
classifier trained exclusively on non-amputated participant data, tested on partici-
pant A2
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A B

Figure C.3 A: Confusion chart of LSTM classifier trained exclusively on non-
amputated participant data, tested on participant A3 || B: Confusion chart of SVM
classifier trained exclusively on non-amputated participant data, tested on partici-
pant A3

A B

Figure C.4 A: Confusion chart of LSTM classifier trained exclusively on non-
amputated participant data, tested on participant A4 || B: Confusion chart of SVM
classifier trained exclusively on non-amputated participant data, tested on partici-
pant A4
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A B

Figure C.5 A: Confusion chart of LSTM classifier trained exclusively on ILLA
participant data, tested on participant A1 || B: Confusion chart of SVM classifier
trained exclusively on ILLA participant data, tested on participant A1

A B

Figure C.6 A: Confusion chart of LSTM classifier trained exclusively on ILLA
participant data, tested on participant A2 || B: Confusion chart of SVM classifier
trained exclusively on ILLA participant data, tested on participant A2
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A B

Figure C.7 A: Confusion chart of LSTM classifier trained exclusively on ILLA
participant data, tested on participant A3 || B: Confusion chart of SVM classifier
trained exclusively on ILLA participant data, tested on participant A3

A B

Figure C.8 A: Confusion chart of LSTM classifier trained exclusively on ILLA
participant data, tested on participant A4 || B: Confusion chart of SVM classifier
trained exclusively on ILLA participant data, tested on participant A4
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Appendix D

Stair Detection Algorithm Pseudo

Code

Figure D.1 Matlab pseudo code for stair detection described in Chapter 7.3.2.
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Appendix E

Unsupervised Cluster Analysis of

Walking Activity Data for

Non-amputated Individuals and

Individuals with Lower Limb

Amputation - Additional Figures

This appendix demonstrates exemplary results of how activity labels were clustered by the

tSNE algorithm (the ground truth) in Chapter 7, and the resulting cluster model developed

by the proposed algorithm. This is applied for all subjects barring subject H1. Note that

these figures are not an accurate representation of the numerical results obtained in this

investigation (i.e the obtained NMIs of Table 7.8) and are simply for illustration purposes.
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Figure E.1 Top: tSNE cluster model of participant H2, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
H2, with activities identified by the proposed clustering algorithm.

Figure E.2 Top: tSNE cluster model of participant H3, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
H3, with activities identified by the proposed clustering algorithm.
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Figure E.3 Top: tSNE cluster model of participant H4, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
H4, with activities identified by the proposed clustering algorithm.

Figure E.4 Top: tSNE cluster model of participant H5, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
H5, with activities identified by the proposed clustering algorithm.
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Figure E.5 Top: tSNE cluster model of participant H6, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
H6, with activities identified by the proposed clustering algorithm.

Figure E.6 Top: tSNE cluster model of participant H7, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
H7, with activities identified by the proposed clustering algorithm.
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Figure E.7 Top: tSNE cluster model of participant H8, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
H8, with activities identified by the proposed clustering algorithm.

Figure E.8 Top: tSNE cluster model of participant A1, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
A1, with activities identified by the proposed clustering algorithm.
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Figure E.9 Top: tSNE cluster model of participant A2, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
A2, with activities identified by the proposed clustering algorithm.

Figure E.10 Top: tSNE cluster model of participant A3, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
A3, with activities identified by the proposed clustering algorithm.
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Figure E.11 Top: tSNE cluster model of participant A4, labelled with ground truth
activity labels at label resolution 0. || Bottom: tSNE cluster model of participant
A4, with activities identified by the proposed clustering algorithm.

399


	Title Page
	Declarations
	ACKNOWLEDGMENT
	Acknowledgments

	ABSTRACT
	Abstract
	Dedication Page

	LIST OF TABLES
	LIST OF FIGURES
	1 Amputation, Rehabilitation and Physical Activity
	1.1 Introduction to Limb Amputation
	1.2 Rehabilitation of Lower Limb Amputees
	1.2.1 Limitations in Modern Lower Limb Amputation Rehabilitation

	1.3 Physical Activity in Lower Limb Amputees
	1.4 Thesis Overview
	1.4.1 Aims and Objectives
	1.4.2 Summary of Structure

	1.5 Accomplishments
	1.6 Academic Output
	1.7 Chapter Conclusion

	2 Interventions of Physical Activity for Individuals with Lower Limb Amputation: A Systematic Literature Review
	2.1 Overview
	2.2 Aims
	2.3 Summary of the Main Findings
	2.4 Behavioural Interventions to moderate Physical Activity in ILLAs
	2.5 Prosthetic Interventions to moderate Physical Activity in ILLAs
	2.6 Lack of Identifiable Studies that use Physical Activity Outcomes
	2.7 Outcome measures of physical activity used in behavioural and prosthetic interventions
	2.8 Future of Interventions for ILLAs
	2.8.1 Behavioural Interventions
	2.8.2 Prosthetic Interventions

	2.9 Chapter Conclusion

	3 Qualitative Analysis of Activity Monitoring Outcomes for Individuals with Lower Limb Amputation through Focus Group and Interview Sessions with Stakeholders
	3.1 Purpose and Procedures
	3.2 Findings and Interpretations
	3.2.1 Participant demographics 
	3.2.2 Rehabilitation of Lower Limb Amputees
	3.2.2.1 Rehabilitative Process Structure
	3.2.2.2 Outcome Measurements in Rehabilitation
	3.2.2.3 Setting goals and providing feedback
	3.2.2.4 The Lower Limb Amputee Activity Profile 

	3.2.3 Activity Monitoring

	3.3 Recommendations and Suggestions
	3.3.1 Intended Audience and Usage for an Activity Monitoring System
	3.3.2 Key Activity Monitoring Outcomes
	3.3.3 Comparisons with Similar Research
	3.3.4 Study Limitations
	3.3.5 Summary & Implications of the Interviews

	3.4 Chapter Conclusion

	4 Building Towards a Novel Solution: A Review of Human Activity Recognition
	4.1 Introduction
	4.1.1 Establishing the Review scope

	4.2 Part I: The Machine Learning Process for HAR
	4.2.1 Data Sources
	4.2.1.1 Public Datasets
	4.2.1.2 Data Collection

	4.2.2 Sensor Configuration
	4.2.2.1 Sensor Modality
	4.2.2.1.1 Mechanical Sensors
	4.2.2.1.2 Physiological Sensors
	4.2.2.1.3 Environmental Sensors

	4.2.2.2 Types of Wearable Sensors for HAR
	4.2.2.2.1 Pedometers
	4.2.2.2.2 Smart Devices
	4.2.2.2.3 Insoles

	4.2.2.3 Embedded Sensors in Prosthetics

	4.2.3 Number and Placement of Wearable Sensors
	4.2.4 Feature Engineering
	4.2.4.1 Hand-Crafted Features

	4.2.5 Dimensionality Reduction
	4.2.5.1 Feature Selection
	4.2.5.2 Feature Transformation
	4.2.5.2.1 Principal Component Analysis
	4.2.5.2.2 Non-Linear Dimensionality Reduction Techniques


	4.2.6 Classifiers
	4.2.6.1 Supervised Learning Classifiers in HAR
	4.2.6.1.1 Support Vector Machines
	4.2.6.1.2 K-Nearest Neighbour
	4.2.6.1.3 Decision Trees and Random Forest
	4.2.6.1.4 Ensemble Classifiers
	4.2.6.1.5 Bayesian Networks and Naive-Bayes Classifiers

	4.2.6.2 Unsupervised Learning Algorithms
	4.2.6.2.1 Centroid Clustering and the K-Means Clustering algorithm
	4.2.6.2.2 Hierarchical Clustering
	4.2.6.2.3 Density Clustering and DBSCAN
	4.2.6.2.4 Distribution Clustering and Gaussian Mixture Models
	4.2.6.2.5 Unsupervised Classifiers and Human Activity Recognition

	4.2.6.3 Artificial Neural Networks and Deep Learning
	4.2.6.3.1 Feedforward Neural Networks and Multi-layer Perceptrons
	4.2.6.3.2 Convolutional Neural Networks
	4.2.6.3.3 Recurrent Neural Networks and the Long-Short Term Memory Network



	4.3 Part II: Interpretation of the review to construct a HAR study for ILLAs
	4.3.1 The Data Source
	4.3.2 The Data Collection Process
	4.3.3 The Sensor Configuration
	4.3.4 Choosing number and placement of Sensors
	4.3.5 Feature Extraction
	4.3.6 Feature Selection
	4.3.7 Classification Approach
	4.3.7.1 Considerations for Neural Networks


	4.4 Chapter Conclusion

	5 Collection of Detailed Physical Activity Data from Non-Amputated Individuals and Individuals with Lower Limb Amputation in Free Living Settings
	5.1 Introduction
	5.2 Formation of the Data Collection Study
	5.2.1 Acquiring the Ground Truth
	5.2.2 Acquiring GPS data
	5.2.3 Study Requirements
	5.2.4 Recruitment of Participants
	5.2.4.1 Participant Characteristics


	5.3 Computing Environment
	5.4 Data Synchronization
	5.5 Data Annotation
	5.5.1 Annotation of Slopes
	5.5.2 Activities Collected

	5.6 ActivPAL Sensor Usage and Pre-Processing
	5.6.1 Sensor Usage
	5.6.2 Filtering and Denoising
	5.6.3 Window Segmentation

	5.7 Building towards a Feature Extraction Matrix
	5.7.1 Features acquired through Literature
	5.7.2 Features acquired through Exploratory Data Analysis

	5.8 Feature Acquisition Results
	5.8.1 Feature Scaling

	5.9 Discussion
	5.9.1 The transition from “Ideal” Activity Monitoring Outcomes to Practical Activity Monitoring Outcomes
	5.9.2 Limitations of the Dataset
	5.9.3 Construction of Machine Learning Investigations

	5.10 Chapter Conclusion

	6 Supervised Learning of Human Activity Recognition for Non-Amputated Individuals and Individuals with Lower Limb Amputation in Free-Living Conditions
	6.1 Introduction
	6.2 Methodology
	6.2.1 Balancing Data
	6.2.2 Construction of the LSTM Network
	6.2.3 Validation and Terrain Resolution
	6.2.4 Experiment 1: Feature Selection Process
	6.2.5 Experiment 2: Classifier Optimization
	6.2.6 Experiment 3: Label Terrain Resolution
	6.2.7 Experiment 4: Subject Cross-Validation

	6.3 Results
	6.3.1 Experiment 1: Feature Selection Process
	6.3.2 Experiment 2: Classifier Optimization
	6.3.3 Label Terrain Resolution
	6.3.4 Experiment 4: Subject Cross-Validation

	6.4 Discussion
	6.4.1 Main Findings & Interpretations
	6.4.2 Comparisons with Other Studies
	6.4.3 Qualitative Feature Analysis
	6.4.4 Misclassification Analysis at the Hard/Soft Terrain Level

	6.5 Chapter Conclusion

	7 Unsupervised Cluster Analysis of Walking Activity Data for Non-Amputated Individuals and Individuals with Lower Limb Amputation
	7.1 Introduction
	7.2 Methodology
	7.2.1 Pre-Processing
	7.2.2 Part I: Obtaining Viable Clustering Models
	7.2.3 Exercise #1: Model Population
	7.2.3.1 A note on class imbalance

	7.2.4 Dimensionality Reduction Method
	7.2.5 Exercise #3: Selecting Appropriate Level of Terrain Resolution
	7.2.6 Exercise #4: Tuning Dimensionality Reduction Method Parameters

	7.3 Part II: Constructing a Clustering Algorithm
	7.3.1 Exercise #5: Clustering with DBSCAN
	7.3.2 Development of a “Walk” And “Stair” cluster recognition algorithm
	7.3.3 Algorithm Validation

	7.4 Results
	7.4.1 Validation of Hypotheses
	7.4.2 Clustering Algorithm Results

	7.5 Discussion
	7.5.1 Clinical Significance
	7.5.2 Comparisons with Similar Work
	7.5.3 Analysis of Confounding Factors relating to Stairs and Cluster Quality
	7.5.4 Limitations and Future Work

	7.6 Chapter Conclusion

	8 Exploration of ActivPAL hardware and software for further development of activity monitoring capabilities for Individuals with Lower Limb Amputation
	8.1 Introduction
	8.2 ActivPAL Test #1: Validation of VANE on Lower Limb Amputee step count
	8.2.1 Introduction
	8.2.2 Methodology
	8.2.3 Results
	8.2.4 Discussion

	8.3 ActivPAL Test #2: Validation of VANE on ILLA standing detection
	8.3.1 Introduction
	8.3.2 Methodology
	8.3.3 Results
	8.3.4 Discussion
	8.3.4.1 Implications for Presence of "Null Activity" and Wear Time Detection


	8.4 ActivPAL Test #3: Inclusion of Magnetometer features
	8.4.1 Introduction
	8.4.2 Methodology
	8.4.3 Results
	8.4.4 Discussion

	8.5 Chapter Conclusion

	9 Conclusion: Implications of Research in Clinical Context & Retrospective Evaluation
	9.1 Implications of a Clinical Activity Monitoring Framework
	9.1.1 What is the clinical activity monitoring framework?
	9.1.2 Who is the target demographic?
	9.1.3 How is data acquired?
	9.1.4 What is being measured?
	9.1.5 How is the data presented?
	9.1.6 Is the data reliable?
	9.1.7 How much does it cost?
	9.1.8 Is the framework ethical?
	9.1.9 Why is this important?

	9.2 Reflection of Work
	9.2.1 Thesis Limitations and Future Work
	9.2.2 Overall Findings
	Bibliography
	Appendix
	A Interview and Focus Group Formats for Individuals with Lower Limb Amputation and Healthcare Professionals
	A.1 Overview

	B Feature Extraction: Description of Time-Consuming Functions
	C Supervised Learning of Human Activity Recognition for Non-amputated Individuals and Individuals with Lower Limb Amputation in Free-Living Conditions - Additional Figures
	D Stair Detection Algorithm Pseudo Code
	E Unsupervised Cluster Analysis of Walking Activity Data for Non-amputated Individuals and Individuals with Lower Limb Amputation - Additional Figures






