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Abstract

Exoskeletons are one method by which a patient’s ability to walk can be maintained or even rehabilitated
in the face of pathologic gait disorders, however in many cases more advanced, active exoskeletons suffer
from being prohibitively expensive for the average user. The muscular imbalances caused by Cerebral Palsy,
Strokes, and such conditions can cause excessive strain upon musculature and bone over time, and
considerably increase the risk of osteoporosis, pathological gait issues, and stunted growth. As a result,
sufferers of such conditions may begin expressing pathologic gait disorders or lose the ability to walk at
all should these issues continue. The cost of exoskeleton-based treatment however imposes great strain
on a medical system to aid in funding these devices for affected individuals or limits the time such
individuals have to access these devices, such as within set “rehabilitation sessions”. As neither of these
cases are ideal, there is an opportunity to explore methodologies that seek to reduce the financial impact
of these devices. This could be achieved by creating a Low-Cost Orthosis that may aid in reducing gait
degradation in between such rehabilitation sessions whilst remaining as inexpensive as is feasible without

seriously reducing the device’s effectiveness.

To this end, this Thesis seeks to propose and test the effectiveness of a Low-Cost Exoskeleton Methodology.
It will in so doing examine the structure, actuation methods, and control systems of other Exoskeleton
Implementations for potentially innovative solutions to maintain effectiveness even within considerable
limitations. This Low-Cost Methodology consists of analysing the cost of exoskeleton components from a
perspective of not only Financial cost, but also of Power Consumption, Weight, and the Effectiveness of key

exoskeleton components such as the actuator, sensor, and control system.

This study then puts this methodology into practice by outlining the creation of a simple exoskeleton
design that follows the principles of the Low-Cost Methodology. This exoskeleton makes use of a rotary
electric motor driven series elastic actuator and is controlled by an embedded microcontroller
implemented Neural Network capable of real-time predictions of the wearer’s knee angle into the future
with a level of accuracy equivalent to that of models on far more powerful hardware. The exoskeleton itself
will be capable of reliably following and pre-empting user motion that the model had been trained to
recognise. The impact of different Neural Network types, such as Recurrent and Convolutional Neural
Networks, and factors such as input size, model size, training data quality and quantity, and depth of

prediction were considered and reviewed in the creation of the prediction system.

The Resulting prediction system that was developed was capable of running on inexpensive, Low-Cost,
Low-Impact Microcontrollers. This system was capable of predicting the wearer’s knee angle movements
150ms into the future, with a Mean Average Error (MAE) from Reality of 2.5%. It had a maximum potential

prediction depth of one second into the future.
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Chapter 1: Introduction

Exoskeletons provide support to the human body, reducing strain when performing otherwise intensive
tasks by aiding in movement. These tasks may be naturally intensive, such as industrial labour or
construction work, in which the exoskeleton would, for example, allow the user to more easily lift and
transport heavy objects whilst supporting the back, legs, and arms to provide additional strength to the
user. Alternatively, it may be that the tasks are intensive as a result of a disability or injury that reduces the
user’s natural abilities and are where medical exoskeleton technologies can prove useful for aiding a
wearer in performing these tasks. For example, a user suffering from injuries or disabilities such as a Spinal
Cord Injury (SCI), who may be Quadriplegic (some to all loss of muscle use in 4 limbs and torso) or
Paraplegic (some to all loss of muscle use from the lower limbs), may be unable to walk and be consigned
to a wheelchair. A Lower body exoskeleton is a method to improve the user’s independence and ability to
perform basic tasks unassisted, allowing such individuals to perform limited ambulation without the use
of a wheelchair, it has also been cited as improving psychological conditions according to the Beck

Depression Inventory scale [1], as well as self-perception and body uneasiness.

Exoskeletons can be aimed to assist in either the upper body, lower body, or both, with lower body being
the focus of the thesis. Lower-Limb Exoskeletons within the medical field may aid in reducing the energetic
costs of walking, providing rehabilitation for pathologic walking gaits, and providing a general

independence for a disabled user by allowing them to walk and interact with less human assistance.

The most common exoskeleton subcategories seen within literature are Active, Passive, or a Mixture of
both depending on their actuation method. Passive Exoskeletons are designed to reduce strain and load
upon the legs without the use of any powered actuation, instead more often using tension or elastic. Active
Exoskeletons use powered actuation which can be provided by electric motors, pneumatics, levers,
hydraulics, cables, etc. Naturally, exoskeletons may also include both, such as via a Series Elastic Actuator
[2]. Similarly exoskeletons will be considered either “Hard” or “Soft” depending on their construction
method, with many exoskeletons making use of a solid frame to support actuators and drive legs and so
being a “Hard” Exoskeleton, whereas a “Soft” exoskeleton makes use of cabling and elastic material to wrap
around a user’s limbs, allowing for more free range of movement although with the cost of not being as

supportive for those with limited to no muscle strength.
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Introduction

In General, disabilities that would benefit from an exoskeleton often become more common in elderly
patients. Due to the UK’s (and many other developed countries) rising proportion of people over the age
of 65, such disabilities will continue to become a growing burden on medical and human resources.
Exoskeletons allow for a way to reduce the human resource burden by providing semi-automated,
continuous rehabilitative efforts similar or superior to those of a human therapist without such being
present. The Exoskeleton here fulfils the assistive role, by making activities easier for its users to perform

and reducing the workload of already existing human assistants.

However, for lifelong conditions such as Cerebral Palsy or curable effects of conditions such as brain
damage, the Exoskeleton fulfils a more rehabilitative role, and if used early can help to correct a faulty gait
pattern that would lead to muscle strain and permanent damage later in life [3]. Exoskeletons have the
potential to be more useful in this field than regular therapy due to being able to provide consistent
assistance with or without constant professional therapist supervision. As such, this thesis seeks to
document the methodology behind developing an inexpensive exoskeleton implementation designed for

such consistent, semi-automated assistance.
1.1 Overview

While the idea of Humanoid Robotics has existed in one form or another for centuries [4], the original
concept of an exoskeleton was first developed in 1890 by Nicholas Yagn [5]. This consisted of a simple
passive spring connecting along the leg, designed to store energy during flexion and release it during
extension. It would however take until the late 1960’s before actual powered devices would be built, the
first examples of these seen in 1969 with the Mihajlo Pupin Institute in Belgrade, Serbia, developing the
“Kinematic Walker” [6] designed for use with disabled wearers. This consisted of a 2 Degree of Freedom
(DoF’s) active exoskeleton with actuated hip joint and passive ankle joint, with the knee being kept locked,
and was further developed on in later years, with a 3 DOF system known as the “Partial Exoskeleton”. In
1971 General Electrics in the USA would complete the “Hardiman I” [7], a full body exoskeleton designed
to enhance the user’s strength. This prototype had a considerable weight in excess of 650kg, but could lift

an equal weight in turn, although it had a limited walking capacity.

The early 2000’s saw several more advanced exoskeleton designs arising in the USA as a result of DARPA's
Exoskeleton program. One of the most well-known exoskeletons that was developed during this time was
the “Berkeley Lower Extremity Exoskeleton” (BLEEX) in 2004 [8] [9], which made use of linear hydraulic
actuators enhancing the user’s strength and providing 7 Degrees of Freedom throughout the leg. Another
example developed in 2002 was HAL [10], developed by the Japanese company Cyberdyne, which made
use of EMG (Electromyography) sensors to detect the nerve signals of the wearer as was designed to allow

paralysed patients to walk.

Within the modern day the exoskeleton industry has grown to encompass a far wider variety of potential
implementations, from augmentative designs seen within the military and industry to rehabilitative or

assistive designs seen within healthcare.
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1.1.1 Current Limitations

As of 2022, the worldwide exoskeleton market size has a total value of roughly $334.5 Million, with the
majority of this market held by Mobile, Powered Lower-Limb/Body Exoskeleton technologies within the
field of Healthcare [11]. Despite this expansion, exoskeletons remain outside the realm of feasibility for
much of the average populace, for example, medical spending in the UK was estimated in 2019 to be
~£2,347 per person [12] and up to an estimated £4,192 per person in 2022 [13], an increase likely as a
result of COVID-19. The costs of well-known exoskeletons meanwhile such as the EksoNR are upwards of
£126,000 [14], which is infeasible for many without external funding. Even for the developed country with
the highest medical spending per capita, the United States, with ~£10,356 ($12,914) [15] per person the
average exoskeleton cost far exceeds the average spending. For developing countries such as India with
considerably lower medical spending and individual wealth, acquiring such equipment is effectively
impossible for the average person without external funding. Beyond this initial investment cost comes
potential future maintenance costs which would vary depending on the reliability of the exoskeleton’s
components, the intensity and frequency of its use, and the environment the exoskeleton is used within.
These factors are considered of similar importance to initial cost [16], and whilst difficult to calculate, some
estimates of more generic “maintenance contracts” [17] for exoskeleton usage are as much as ~£7,400 a
year ($10,000) with a 5 year lifespan for a device of a £110,000 ($150,000) initial cost, in this instance,
assuming that after the 5-year lifespan the exoskeleton would need replacement, maintenance would have
represented % of the total cost. It is however likely that initial costs would decrease at a more rapid rate
than maintenance costs with the development of the exoskeleton industry, as much of the initial cost can
be linked to a necessity to recoup the investment of research into the device as opposed to simply material

and construction costs.

There are several limitations seen within various exoskeleton examples which can limit their effectiveness.
For example, whilst a pre-set gait, which is where the exoskeleton itself drives the walking motion of the
user, is useful for disabled patients who have no muscle use whatsoever within their legs it can be
restrictive for those with some muscle use and such a system can result in the pre-set gait conflicting with
the natural gait of the user, leading to increased muscle strain. An exoskeleton designed for a person with

limited muscle usage would instead need to work with the user rather than for them.

Exoskeletons may also have issues with increasing undesired muscle usage if they do not properly allow
for movement in line with the capabilities of the average human leg. For example, exoskeletons incapable
of significant sideways motion may cause muscle strain on users whose gait naturally involves sideways
motion. Additionally, such limitations may make movement as a whole more difficult. This is commonly
seen in exoskeletons which may have limited Degrees of Freedom about their joints, either with some
Degrees of Freedom not actuated, or not able to move at all, often due to the increased technical

complexities that would come from such implementations.
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Separate from the exoskeleton itself, many studies involving them are tested in controlled laboratory
environments, often making use of specialised rehabilitation equipment such as the Stationary Lokomat

Rehabilitative Exoskeleton [18]. Such tests suffer from two significant flaws:

- The Majority of testing occurs in the form of occasional timed sessions, as opposed to continuous
study, thereby giving time for the wearer’s gait to deteriorate in between sessions.

- The cost and often delicate nature of much of the equipment, the necessity of observers to be
present to collect data and make sure there are no incidents, or the equipment’s complete
immobility, can make it impractical to have any form of continuous rehabilitation or testing
outside of these sessions for extended periods of time, rendering the exoskeleton unable to be

tested or used in conjunction with an every-day life-like environment [19].

The solution would therefore be the development of an exoskeleton capable of being used within a home
environment. This would allow for gait rehabilitation to occur continuously, as opposed to during discrete

sessions. Such an exoskeleton would need to meet several key criteria in order to be practical, those being:

- Low Cost (Total expense of components should be kept as low as is practical)

- Resilient and Simple in design (Easy to maintain, resistant to sudden forces such as falling over).
- Comfortable and Light (Able to be worn for long periods of time)

- Power efficient (if requiring power at all, batteries should be kept minimal to keep system light)
- Easy to use and take on/off (able to be used by the average person without supervision)

- One size fits most (exoskeleton should be wearable by a wide variety of individuals)

- Safe (the device presents no significant risk of harming the wearer or those around them)

A Similar set of design criteria are seen in some other papers. [20] for example, uses more granular
specifications and additionally considers concepts such as integration with protective equipment and
potential ethical considerations such as protecting any data collected by an exoskeleton for use in aiding a
patient. [21] and [22] also bring up the reasonable psychological consideration of exoskeleton appearance.
More aesthetically pleasing devices capable of being worn under clothing and that do not make the wearer
look “robotic” were claimed to be preferred by some patients and may contribute to improved motivation.

[23] and [24] also employ similar concepts.

Regardless of the type of exoskeleton, their designs must all consider their interactions with human
kinematics (described more in 2.2 and 3.3), whether it be that of a healthy patient or of one that may suffer
from gait deficiencies. For this thesis, the exoskeleton that shall be developed will possess the designated
purpose of either assistive or rehabilitative work for wearers with limited gait capacity, such as those with
Mild Cerebral Palsy or other similar conditions that affect Gait. The exact requirements of which are

detailed within the next section.
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1.2 Research and Project Scope

Based on the identified limitations of existing exoskeleton designs, this thesis seeks to investigate the
feasibility of constructing a functional knee actuator exoskeleton that minimises Financial, Weight, and
Energy costs without excessive sacrifice to Effectiveness. This exoskeleton could therefore perform a role
of reducing gait degradation in between rehabilitation sessions with more advanced exoskeleton designs.
This will involve researching how best to define a Low-Cost Methodology, which exoskeleton components
from Actuators, Sensors, and Control Systems fit this methodology, and then designing, constructing, and
testing an exoskeleton that fits best this Low-Cost Methodology to see whether or not it is capable of

meeting both the Aims and Objectives outlined below.

1.2.1 Aims and Objectives

The primary aim of this research project is to address the issue that many rehabilitative/assistive
exoskeletons are either prohibitively expensive to be used by the average person, or are designed to be
used within laboratory/testing environments as a part of discrete rehabilitation sessions, making them
impractical for continual, ongoing rehabilitation within a home environment due to the downtimes
between these rehabilitation sessions. This downtime potentially leads to gait degradation as the wearer
will be limited to less effective portable solutions such as Knee-Ankle Orthoses. Therefore, this project will
therefore see the creation of a relatively inexpensive exoskeleton and governing control system that could
function in tandem with more intense rehabilitation sessions which make use of a more advanced design.
It will formulate a methodology by which this exoskeleton will be built by that will seek to minimise cost

where possible and ascertain whether the resultant exoskeleton is feasibly able to aid a wearer.

Therefore, based upon this aim, a set of objectives can be constructed. Both in the development of the
exoskeleton, and the necessary surrounding methodology and research require to do so. Such a device
could theoretically support the knee passively to reduce muscle strain whilst also then being able to
actively adjust as the wearer moves. The Device itself would be designed to work in conditions found in a
home environment and for long periods of time, therefore necessitating low power usage and simplistic

design.

To Summarise the Objectives and corresponding research questions of the research project:
- Define a methodology to minimise costs of an Exoskeleton Implementation. What would be a Low-
Cost Methodology for Exoskeletons?
- Consider how the current State of the Art of Exoskeleton technology and its components within a
comprehensive Literature Review, and how they exist in relation to this Methodology. Which
Components are most used within the wider literature? Which would be most appropriate for a Low-

Cost Methodology? How does a Low-Cost Methodology fit within the wider Industry?
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- Based off of the State of the Art, design a Knee Exoskeleton, choosing components that fit the Low-
Cost methodology and previously mentioned Aims. For example, limiting to off-the-shelf,
inexpensive components. What components are most appropriate for a Low-Cost Implementation?

- Create a Control System that allows for the function of this Exoskeleton that minimises cost, such
as through running entirely off of an inexpensive consumer-grade microcontroller. What methods
exist to minimise loss in effectiveness of control system accuracy due to limited processing power?

- Test the Effectiveness of the exoskeleton and whether it is capable of reducing wearer strain. Can
the Low-Cost Methodology Successfully create an exoskeleton that does not sacrifice Effectiveness?
Does this Low-Cost Implementation provide suitable support to a wearer? Where are its limitations?

- Based on these results, ascertain the legitimacy of the Low-Cost Methodology either in whole or

part. Is the Low-Cost Methodology Appropriate?

This thesis will conclude with an overview of these research questions, determining whether the Low-Cost

Methodology, and the exoskeleton created under its guidance are an effective exoskeleton implementation.
1.3 Contributions

This research primarily focuses on the development of an inexpensive implementation designed to aid in
alleviating gait degradation, the outcomes as a result of this development are summarised below:

- Proposed a Methodology for minimising cost across Financial, Weight, and Power usage metrics.

- Developed a Novel Knee Actuator implementation designed to minimise cost, based off of a
comprehensive literature review into the State of the Art of Exoskeleton Components to find the
optimal Low-Cost Actuator type. As well as general mathematical theory and kinematic
simulations to optimise its placement within an exoskeleton to maximise applied force across a
given knee angle range.

- Developed a Microcontroller-based Long Short-Term Memory Neural Network Prediction System
implementation capable of predicting knee angles up to 1 second into the future with an error of
~2.5% achieved at 150ms prediction. Results of a similar accuracy to more powerful Laptop
Implementations on far inferior and less expensive hardware, far slower sample rates than seen
in similar implementations.

- Explored the effectiveness of such models in predicting knee angles at different depths into the
future, across a variety of test participants, and at different speeds and styles of walking and other
movement states. Observed the effects of deploying such a prediction system to control a physical

exoskeleton.
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1.4 Thesis Structure

The Structure of the rest of the Thesis is as follows:

Chapter 2: Literature Review, will detail the Low-Cost Methodology and review core
exoskeleton components within literature to understand the state of the art of exoskeleton
technology. Actuators, Sensors, Control Systems, Power Sources, and Materials will be considered.
Chapter 3: Theoretical Development will cover common concepts within human kinematics, the
initial developments of exoskeleton technology including mathematical and computer simulations
that would guide the creation of the final exoskeleton design. It will also review the first basic
hardware implementation.

Chapter 4: Exoskeleton Development, will document the development process of the
Exoskeleton hardware and structural design from basic prototyping to full implementation.
Chapter 5: Prediction System Development, will document the development process of the
exoskeleton Neural Network Control System and its implementation into the hardware.

Chapter 6: Discussion and Conclusion, will finalise and review what has been learned from the
development of the thesis, and summarise its contributions, flaws, and potential future

developments. It also provides links to further reading and addendums.
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Chapter 2: Literature Review

2.1 Introduction

Exoskeleton technology requires the understanding of the human that moves the exoskeleton (or is moved
by the exoskeleton). It is essential that the innate constraints and natural gait of a human is understood as
to prevent an exoskeleton from moving in ways a human cannot, this leading to excess strain and joint
damage. Additionally, a proper walking gait is required for effective rehabilitation, to prevent a

circumstance where the user is working against the exoskeleton.

The structure of an exoskeleton should ideally be light as is feasible to reduce inertia but also sufficiently
sturdy as to support the weight of the wearer, the exoskeleton itself, and the applied torque of its actuators.
Similarly, the Actuators should ideally be able to provide sufficient force to aid in the wearer’s movement
at a low latency as to best align with the wearer’s own movements rather than lag behind, but also not
consume excessive amounts of power as to limit usage time. In both of these a balance must be found to

find effective solutions.

The final aspects of the exoskeleton would be the control system and the sensors which gather the
information for it. The control system must consider both the low-level requirements of moving the
exoskeleton in such a way that it is ideally capable of balancing itself, even in response to external forces,
as well as moving in ways that work with the users’ gait. In the long term it may also possess some ability
to adjust itself to its particular user in ways that would allow for improved rehabilitation, or to better align
a user’s current trajectory with a more desired one. This requires the ability to not only take in information,
but to store it and make judgements on this information in order to determine future movements from
those in the past and present. The sensors should be capable of providing a comprehensive set of data
consisting of the movement of each relevant body part, as well as the potential forces applied to them and

the surrounding environment.

Each of these points will be further expanded upon by detailing those methods utilised by others over the
last few decades of exoskeleton development as part of a detailed literature review of each of these “key

components” of the exoskeleton whole that have been mentioned.
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These can be summarised as the following:

- Exoskeleton Type and Purpose.

- Material Consideration and Structural Design.
- Actuation Technologies.

- Sensor Technologies.

- Control System Implementation.

A Low-Cost Methodology can then be created that applies to these key components to determine which

would be most effective for a Low-Cost Exoskeleton.
2.2 Human Kinematics

A Human leg consists of 3 segments, the foot, shank and thigh, with there being
a total of 6 Degrees of Freedom (DoF) split between them, or in other words
axes in which these joints can rotate, with 2 in the foot, one in the shank, and 3
in the thigh. Each of these Degrees of Freedom come with their own effective
ranges of motion, both comfortable and maximum ranges which may vary
depending on the position of the other joints as a result of musculature
limitations. While it is not required to reach the maximum range of each of
these Degrees of Freedom with an exoskeleton, it should not ever be forcefully

exceeded as to avoid serious risk of bodily damage.

In addition to body segments, Anatomical descriptors are often used
throughout many papers due to the inherent links between the human body
and exoskeletons [25] and describe orientations to view the body. The

Anatomic planes and their associated movements (Figure 1, Figure 2 [26]) are:

- Frontal/Coronal Plane, which splits the body between
the front and back. Movement in this plane is referred
to as Abduction (outward movement of limbs away
from the body), and Adduction (inwards movement of
limbs towards the body).

- Transversal Plane, which splits the body between upper
and lower halves through the waist.

- Sagittal/Lateral Plane, which splits the body into left

and right parts. Movement of joints within this plane are

referred to as Flexion (Reducing angle between the
bones either side of a joint) and Extension (Increasing

angle between bones either side of a joint)
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2.3 Disabilities that Benefit from Assistive Exoskeletons

Cerebral Palsy

Cerebral Palsy (CP) is a series of conditions usually caused due to complications at birth which can result
in mental and physical developmental issues [27] [28]. These issues can manifest as difficulties with eating,
muscular overstressing and imbalance, speech and language disorders, spasms, and so on. Of particular
relevance is the muscular imbalance which can result in excess strain upon the bones, stunted growth, and

increased likelihood of further disorders such as osteoporosis [29] [30].

Muscle Tone is the ability to maintain partial muscle contraction and is important for a person’s reflexes
and posture. Cerebral palsy can cause this to be abnormal, leading to the previously mentioned spasms,
imbalances, and stresses. The nature of this abnormality can vary and is classed as different types of CP as
defined by SCPE (Surveillance of Cerebral Palsy in Europe) [31], Examples include Spastic CP, Dyskinetic
CP, Dystonic CP, etc.

Regardless of the exact type of CP, there are universal factors that many of them share that contribute
towards a pathological gait disorder Such as loss of motor control, abnormal muscle tone, and a general
weakness and imbalance of muscles which can lead to an unstable stance. Gait features such as a crouch
gait could be abated with a more assistive exoskeleton type that aids in supporting the wearer. It would
likely be however that a Low-Cost Exoskeleton would only be effective for those individuals with low levels
of Cerebral Palsy, such as GMFCS (Gross Motor Function Classification System) [32] Level 1-2 due to higher

levels requiring highly specialised care.

Spinal Cord Injury

Spinal Cord Injury (SCI) is a broad cover for some kind of damage to the spinal cord. This in and of itself
can result in incomplete damage to the nervous system, with reduction in the effectiveness of sensory and
motor functions below the injured area. In particularly bad circumstances this may also result in total loss
of feeling and motor function below the damaged area. Those suffering from Spinal Cord Injury may be
quadriplegic (loss or reduction of function of all limbs and lower body), or Paraplegic (loss or reduction of
function of lower body and legs). Therefore, they will likely be unable to walk without assistance or not at
all, in addition to loss of feeling in these areas and a host of other issues such as difficult bowel contro],
spasms, and intense pain in the spinal region [33], a Low-Cost exoskeleton may be able to benefit those

who have not fully lost the use of their limbs.

Traumatic Brain Injury

Traumatic Brain Injury (TBI) is caused as a result of sudden damage to the head or body in such a way that
the brain is damaged, this may be from an external object that damages the skull and brain tissue. Such
injuries range from temporary damage to permanent bruising and bleeding to the brain tissue, which may

in the long-term lead to death. Mild symptoms of this condition include temporary loss of consciousness
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or states of confusion, speech problems, blurred vision, and concentration issues. Moderate Symptoms

include Seizures, loss of coordination, and comas.

This can lead to a difficulty in maintaining balance and a consistent walking pattern. With the most
common issues seen to be slower speed, difference in cadence, step length, and stance time on an affected
leg, and difficulty with maintaining correct knee flexion [34]. These issues may be overcome to an extent
with rehabilitation as TBI does not seem to have much effect on a person’s ability to adapt their own

movement patterns over time [35].

2.4 The Low-Cost Methodology

A Low-Cost exoskeleton implementation would be beneficial in reducing gait degradation as well as other
pathologic issues such as crouch gait. “Low-Cost” will refer to minimising the total financial cost of the

exoskeleton through reducing various types of cost of its components.

- Financial cost of components: The overall cost of components comes both from individually
expensive components but also large numbers of inexpensive components, therefore attempts
should be made to limit the design to easily acquiring, off-the-shelf components and limit their
numbers to what is minimally necessary. Such as [36], a gait-trainer used in developing countries.

- Power cost of components: The amount of power drained by components over time, a high power
cost reduces the overall use-time of the exoskeleton unless additional batteries are added, which
increases financial and weight costs. Therefore, components should ideally only be active when
necessary and drain little power when active. Where possible, assistance may be provided without
electrical energy expenditure. For example, [37] made use of an passive design to aid in squats.

- Weight cost of components: The overall weight of components, as well as the inertia they cause, a
high weight cost requires more powerful actuators to overcome and a stronger frame, increasing
financial and power cost. Therefore, components should be as light as is reasonable without such
sacrifice to durability that the device is not safe or practical to use. For example, [38] minimised
the effect of weight using a series of Bowden cables to allow much of the exoskeleton to be above
the waist, and so minimising its effect on the metabolic cost of walking.

- Effectiveness of components: While keeping costs low is ideal, if the components themselves are
not effective in aiding in the assistance or rehabilitation of the wearer then they are not useful in
the exoskeleton. For example, a more expensive component that is considerably more effective
than a less expensive one may be a superior choice, a Low-Power actuator incapable of providing
required torque would be ineffective, a very light component that is not durable enough for its
function would not be desired. As such, a certain amount of Financial, Power, and Weight cost must

be considered as to not sacrifice Effectiveness.
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Each Component Type will be judged by these four elements, the financial cost of their implementation as
well as any peripherals they require, the power cost of their running and how power efficient they are, the

weight cost on the exoskeleton as well as of any peripherals they require.

On top of this, the effectiveness of the components will be considered, with both benefits and disadvantages
of each component type outside of Low-cost considerations. The Literature Review sections will then
conclude with a summary of which implementations are considered optimal for a low-cost implementation,
these ideal components will then be used to design an implementation that attempts to minimise financial
cost, power cost, and weight cost without sacrificing too much effectiveness within the next section of the
Thesis. For General usage, the Significance of these Low-Cost Factors of Financial, Power, Weight, and
effectiveness may vary dependant on the purpose of the exoskeleton, for example, an exoskeleton designed
for sit-to-stand movements would prioritise high force output over absolute precision than an exoskeleton

designed for correcting a pathologic gait deficiency.

While this Low-Cost Methodology was developed independently of other literature, a similar set of
exoskeleton objectives were outlined in [22]. This paper also recognised electric motors as being the most

commonly used actuator method, which is in line with the data set found later within this Literature Review.

2.5 Research Methodology

To gain an insight into the current state of the Exoskeleton Literature, papers have been collated from Web
of Science, Scopus, and other Grey Literature from 1990 to 2021 in the subject area of Electrical and
Electronic Engineering from Conference Papers and Journal Reports. The Search Procedures used were the
following:

Title/Abstract/Keywords: (leg OR foot OR hip OR knee OR ankle OR (lower AND (limb* OR extremity OR body)))
AND

Title/Abstract/Keywords: (rehab* OR assist* OR treat* OR pathological)

AND

Title/Abstract/Keywords: (wearable OR ortho* OR robot* OR exoskeleton OR actuat* OR powered)

AND

Language: (English)

AND NOT

Title/Abstract/Keywords: (control OR classif* OR recognition OR review OR analysis OR examin* OR comparison

OR investig* OR estimation OR effect OR simul* OR assess* OR evaluation)

School of Engineering Page | 12



Literature Review

E; 1073 Records Identified through 131 Records Identified through other
= | datzbase searching (Scopus: 734, os: sources (Gray Literature, found through
= 339) citations in other papers, etc)
| |
385 Records Screened for Relevance — 819 Records Excluded
=11}
!
]
338 Records after duplicates removed —» 47 Duplicates Excluded
l 211 Full Text Arficles Excluded
= (Papers were not focused on
= 127 Full-text arficles assessed for ) construction of Lower Limb
= eligibality Exoskeletons/Orthoses, or didn't
= contain information regarding
‘ actuatorfhardware specifics)
= = e . 102 Partially Eligible Papers (Did not
= i;aa}-fﬂ!'e}ir?cllgl bleg:f;;?ﬁﬁzzf contain enough information fo find
= ue rice) actuator price, buf enough to identify
- Frie actuator fipe)

Figure 3 - Data Acquisition via PRISMA Guidelines
This Produced 734 results from Scopus, and a similar search used for Web of Science produced a further

339 results, as of June 2021. Finally, an additional 131 results were obtained through miscellaneous
collection prior to the development of this thesis primarily through a process of extracting relevant
references from other academic papers. Collectively this produced an initial total of 1204 papers, after
several rounds of exclusions 127 articles were considered eligible. The Exclusion process is shown in

Figure 3, following PRISMA Guidelines.

For a paper to be considered eligible, it was to contain information directly regarding a Lower Limb
Exoskeleton, or part of one (such as a leg or ankle orthosis), as well as mention of what actuator technology
was used in its construction (expanded on in 2.7). To be eligible for full use the exoskeleton had to specify
which actuator specifically was used with enough information where one could then find details about it
such as price, power requirements, weight, and so on. While similar, for the purposes of uniformity,
protheses and static walking aids such as static rehabilitation systems were not considered eligible as these
are subject to different design philosophies. Stationary exoskeletons designed for use on treadmills,
designs that made use of external connected hardware, or that only cover part of the leg such as a knee
orthosis, were however permitted. In other words, Papers should be for Lower Limb Exoskeletons or
orthoses that directly aid locomotion and must contain some information regarding the actuation methods

and specific hardware of said exoskeleton or orthosis.
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Of each of these papers, the key details of their described exoskeletons were collated, these being the Date
of Publishing, the Exoskeleton Coverage, whether it was a Soft or Hard exoskeleton, whether it was Mobile
or Stationary, its purpose (Assistive, Rehabilitative, or Augmentative), the Actuator, Sensor, and Control
Systems used in its construction, and if available the specific actuator and sensor hardware and its cost.

The details will be expanded upon within the later sections of this chapter.

Some trends noticed within the literature include a linear increase in the output of new Literature over the
last 2-3 Decades, as shown in Figure 4, this would be expected with increasing technological capacity, as

well as the increased demand for exoskeleton use.
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Figure 4 - Graph of Eligible and Fully Eligible Papers, showing gradual upwards trend between 1996 and
2020, theoretical predicted increase in papers for 2021-2025 also graphed based on current trend.

There has also been an uptick within the last decade of collected information when it comes to papers
specifically identifying the hardware used within the exoskeletons, with only 4 out of 37 (~10.8%) papers
between 1996 to 2011 containing identifiable information compared to the 20 out of 90 (~22.2%) from
2012 to 2021. Across this period of time, the consistent majority of exoskeletons have had a hard structure

and were designed for rehabilitative purposes (Figure 5 and Figure 6).

Multiple other Literature Reviews on the current state of Exoskeleton technologies have also been written
throughout the prior decades, such as [39], and [40] who came to similar conclusions regarding actuator
and sensor groupings. Others, such as [41], [42], and [43] instead grouped exoskeletons by their Control

Systems such as “Force Control” and “Position Control”.
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2.6 Structural Design

At a basic level, exoskeleton structure makes use of hard materials which are inelastic and somewhat rigid,
soft materials which are elastic and pliable, or a mixture of both. Each has their own benefits and

drawbacks, at a basic level [44]:

- Soft, compliant materials such as fabrics and elastomers can be used in minimalistic exosuit
designs that can match to clothing and work better in tandem with muscles in order to provide
assistances. Their natural compliance means that there will be minimal restriction of movement
and is therefore ideal in exosuits designed to be supportive or assistive. They are less appropriate
for more heavily rehabilitative exoskeletons used to substitute a person’s movement ability as a
result of physical conditions or injuries for this same reason, their natural compliance limits the
amount of torque they can reliably transfer as well as the speeds that they can move at.

- Harder, more rigid materials such as steel and aluminium can deliver reliable, strong forces both
quickly and accurately when combined with the proper actuation. They can form a solid structure
independent of the user’s own strength, making it ideal in cases where the user may be paralysed
or otherwise unable to provide sufficient strength themselves. This comes at the cost of reduced
manoeuvrability and often increased weight, which itself results in higher power consumption to

move the increased weight.

A combination of both hard and soft exoskeletons is not objectively better than either individually, as it
would have the benefits and disadvantages of both, with the possible addition of further complexity. Such
an implementation however may use softer joints and elastic actuation for freer movement but use rigid
hardpoints to allow for more reliable transfer of force. The proportion of Exoskeleton Types within the

literature is seen in Figure 5 and Figure 6.

Soft Rehabiliative
26% 19%
‘ Augmentative
6%
Hard
74%
Assistive
75%
Figure 5 - Hard vs Soft Exoskeletons Figure 6 - Exoskeleton Type Proportions
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2.6.1 Material Considerations

Exoskeletons tend to be made of metals such as steel and aluminium, plastics such as thermoplastics, and
elastomers such as synthetic rubber. One way of reducing initial cost could be to make use of FDM (Fused
Deposition Modelling) Printing to print test components with PETG, PLA, ABS, etc Plastics, allowing for
components to be made and tested within a matter of hours, at the cost of them not necessarily being
suitable for use in a real-world environment due to lacking strength to survive large amounts of strain
placed on them without snapping, there are also some examples of their usage within completed

exoskeletons [45].

As defined by the project objectives, in order to keep the design of the Exoskeleton Simple and capable of
supporting the wearer, a Hard Exoskeleton design with minimised interference on the wearer would be
ideal. For example, using an inexpensive, pre-existing orthoses as a base such as [46] could act as a skeleton
that provides attachment points for actuation and sensor equipment. Within the Literature, it was quite
uncommon for papers to state the exact nature of the materials used within exoskeleton construction,
although one example [47] used 7075T6 Aluminium Alloy in the construction of its basic structure, due to
its low density and sufficient structural durability. Similarly, several papers mention the use of Titanium
and Carbon Fibre in construction of some of their components, although this comes at very high financial
cost [48]. From visual inspection however, it was common for metallic and compliant/elastomer materials

to be clearly apparent when depictions of an exoskeleton structure were provided.
2.6.2 Power Requirements

Whilst not universal, the vast majority of the exoskeletons possessed active elements, therefore requiring
power. For the Stationary exoskeletons, power was sourced externally through wired connections,
however for those designed to move independently the only viable solution was some kind of battery
storage often stored in a backpack. The most common battery type was Lithium Polymer batteries (LiPo),
being lighter than Lead Acid Equivalents, making up 13 of 17 instances where power sources were
identified with examples such as the 2800mAh Prolite Battery [49] used in [50]. The next most common

choice being larger wired power supplies such as the 35W E3630A Power Supply [51] used in [52].
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2.7 Actuation Technologies

Actuation is the most significant and energy intensive part of many Exoskeletons. There are different

actuation solutions that each must consider energy efficiency vs weight vs costs, and so on.
2.7.1 State of the Art and Discussion

Actuator data was collected from the 127 eligible papers concerning the development of exoskeleton
technology and the analysis of the actuators used. This consists of actuator characteristics such as weight,
power usage, and cost, and concludes attempts to rank them qualitatively and quantitively on the low-cost
concepts discussed previously. The Actuator Types Identified were Rotary Electric Motors, Rotary Electric
Motors + Ball Screws, Linear Electric Motors, Hydraulic Cylinders, Pneumatic Cylinders, Pneumatic
Muscles, Cables, and Compliant Actuators. Rotary Electric Motors were found to be the most used

implementation, the proportions of each are seen within Figure 7.

Series Elastic
Actuator
Compliant (Elastomer 8%

3%
Compliant (Spring)
10%

Magnetic Brake
2%

Hydraulic

Pneumatic (Rotary)
1%

Pneumatic (Linear) \_Motor (Linear)
4% 3%

Figure 7 - Actuator Type Appearances (Note total number of appearances is larger than total number
of papers as multiple actuator types may appear in one paper, in such cases, the two most prominent
types are used)

For qualitative analysis theoretical implementations that display the overall costs, weights, power usage,
and effectiveness of each actuator type have been created and are displayed in Table 1 to be compared
against each other by collating data provided by those papers listed as “Fully Eligible” (EG: Provided
enough information to identify the specific Actuator used, allowing for its cost to be found, as well as those
costs for any necessary peripherals). For actuator types where less information was available such as
hydraulics, an effort was made to find some examples with available characteristics. These
implementations will consist of the actuator itself, in addition to any peripherals it is stated to require.
Averaged characteristics are averages of several components of a similar type (such as electric servo

motors) while estimated are only of a small (3 or less) number of components.
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While in reality actuator costs will vary wildly depending on specifications, availability, actuated joint

target, and many other factors, the following table can still be considered a possible baseline for such

actuator characteristics. The Benefits and Disadvantages of each actuator type, as well as further examples

of specific actuator technology costs has been covered in [53] [54].

Table 1 - Actuator Type Characteristic and Cost Breakdown [53] [54]

Characteristics Characteristics Total
Actuator Component - -
Type Power  Weight Force Cost (£) Power  Weight Force Cost
W) ] (N/Nm) W) (8 (N/Nm) _ (£)
Rotary Averaged Motor 150W  415g 0.32Nm  £375
! Averaged Encoder 025W 50¢g - £80 48Nm
f/[l(e):grlc Averaged Gear Set ; 400 g! 150:1 £3001 160w 11658 _j39p. £1005
Averaged Driver? +5% 300g - £250
Averaged Motor 150W  415g 0.32Nm  £375
Rotary 4mm
f/[lzs(t’rrlc . Ball Screw 9008 lead £370 160W  1665g ~500N  £1125
Ball Screw Averaged Encoder 025W 50g - £80
Averaged Driver? +5% 300g - £250
Linear Averaged Linear Motor 200w 1000 g* 60 N £700*
Electric Averaged Encoder 025W 50g - £80 210W 1350g 60N £1030
Motor Averaged Driver? +5% 300g - £250
Averaged Cylinder - 600 g* 1800 N £40?
Estimated Valves/Solenoids? 5w 500g - £150°
Estimated Pump Motor? 350W 1000 g 0.8 Nm £500 3600 g
Hydraulic Av. Pump Motor Encoder? 025W 50g - £80
Cylinder Est. Pump Motor Driver? +5% 770 g* - £725*% 370w ;OOO g 1800N E1565
Estimated Piping? - 200 g* - £20
Averaged Fluid Container 2 - 500g - £303
Estimated Fluid? - 2000 g - £20
Estimated Cylinder - 750 g* 1800 N £150
Estimated Valves/Solenoids? 5wW 120 g - £100 2070
Pneumatic  Estimated Piping? - 150 g* - £15* 1105 1800 N £765
Cylinder Estimated Gas Container? - 1000 g - £150 w 27 kg’
Estimated Compressor? 1kwW ;57’000 £350
Est. Fluidic/Inflatable Muscle! - 200 g* 1! 100N*1  £100*!
. Estimated Valves/Solenoids? 5w 120 g - £100
Pneumatic . .
Muscle Estimated Piping? - 150 g* - £15* 35W 2470g 100 N* £615
Estimated Gas Container? - 1000 g - £150
Estimated Compressor? 30wt 1000 g - £250

1Values can range very considerably, this value is a middle ground, in practice, it may either be much more or less than this.
2 This example assumes one of each component is purchased, meaning if multiple components are purchased, the ratio of
this component to other components may not be consistent. This may be because only one is required for the entire
exoskeleton, or that the component can be expanded.
3 This is an estimate to the price of a 3L unpressurised tank as seen in [55, p. 10], a pressurised tank would be both heavier
and more expensive.
4 For the purposes of comparing this torque value to the linear force values of the other actuators, it has been assumed that
the motor is rotating a 20cm shaft, with a force reading taken perpendicularly from its end, as this is a rough estimate to the
length to the CoM of an adult’s upper leg.
5 Pneumatic Compressors capable of providing enough pressure to power cylinders seem to be too large to fit on the
exoskeleton, therefore their weight would not count towards it, however their presence should still be considered. As such,
for the purpose of scoring, pneumatic cylinders will have a normalised weight of 1.
* This information is a “Best Guess” based on limited source components, in some cases as little as one
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Rotary Electric Motors average out to be the lightest of the actuator types, with all electric motor types
benefiting from not requiring any sort of fluid that must be contained and used for force application which
is the primary source of weight for pneumatic and hydraulic actuators. This comes with the downside of a
potentially high cost, especially due to the varying expense of gearing. Rotary motors with ball screws
would not have to deal with as expensive gearing due to a higher reliance on high RPM to rotate the ball-
screw, the less expensive gearing seems to counter most of the extra cost of the ball screw itself. The more
numerous implementations of a motor and ball screw in place of traditional linear motors may be due to a
superior force and lower weight and power usage. Hydraulic is the worst in all categories with the
exception of force, which while on average tied with pneumatic cylinders can be considered superior due
to a higher precision in application. However, due to a high-power usage, weight, and cost it struggles to

offer much relevance outside of industrial exoskeleton technologies.

While Pneumatic Cylinders average out to be both low-power and low-cost, they are let down by a high
weight cost as a result of the necessity of the compressor, without which the system would have no way to
maintain pressure within the air tank or the rest of the system. In all examples within the literature, this
component is external, which would be infeasible for an exoskeleton seeing actual usage. The only benefit
is that there would only need to be one of these components that would then power the rest of the system.
Other than this, pneumatic systems are relatively cheap, low power, and low cost, as such still may find
some use in softer applications which may be able to use a lower power compressor for lower forces,

although still suffer from the considerable downside of potentially requiring a compressor to function.

The normalised values displayed in Figure 8 in addition to the Force to Weight Ratio, Impact, and Precision.
These will further rank the actuator types in a quantitative manner, with each being weighted according to

different approaches. This is a similar albeit simpler financial analysis to what is seen in [56].
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Figure 8 - Normalised Actuator Characteristics, note that for Power, Weight, and Cost higher values are
worse, whereas for Force, lower values are worse.
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Table 2 - Impact and Precision of Actuator Types.

Rotary Electric Rotary Electric Linear Electric Hydraulic Pneumatic Pneumatic

Motors Motors + Ball Screws ~ Motors Cylinders Cylinders Muscles
Impact V.Low (1) V.Low (1) V.Low (1) Medium (0.5) High (0.25)  Low (0.75)
Precision V.High (1) V.High (1) V.High (1) V.High (1) High (0.75)  Medium (0.5)

Impact describes the effect the exoskeleton has on the surrounding environment, such as from spillages,
noise, or repairs. For this, purely electric systems score well, whereas hydraulic and pneumatic systems
score poorer due to their usage of fluids, compressors, and so on providing constant noise, leak risk, and
weight in pump peripherals. Precision describes how well the actuator follows the movements of the
wearer and can accurately be set to a precise position, Electric and Hydraulic systems do well due to the
ability to easily achieve any specific position, whereas pneumatics tend to struggle due to more unreliable
compressive gas outside of end-to-end movements without additional hardware [57]. The values in
brackets represent normalised approximations varying from 0 to 1 with a higher value being “better”, as
actual values do not appear to be readily available it was deemed impractical to calculate. With Impact
ratings of V.Low (1), Low (0.75), Medium (0.5), High (0.25), and Very High (0), and Precision ratings of
V.High (1), High (0.75), Medium (0.5), Low (0.25), and Very Low (0).

Table 3 - Weights of Approach Criteria.

Power Actuator Actuator Actuator F/W Ratio Impact Precision
Usage Weight Force Cost Reduction

Equal-Weights Approach 0,142 0.142 0.142 0.142 0.142 0.142 0.142

Industrial ~Augmentative (0.100 0.125 0.200 0.125 0.225 0.125 0.100
Exoskeleton Approach

Rehabilitative Exoskeleton (0,150 0.175 0.100 0.125 0.150 0.150 0.150
Approach

Assistive Exoskeleton (.150 0.125 0.150 0.100 0.150 0.150 0.175
Approach

Low-Cost Approach 0.175 0.150 0.125 0.200 0.150 0.150 0.05

The weights within Table 3 are defined based on the perceived priorities of different exoskeleton types and
as demonstration for quantitative analysis. The Equal Weights Approach exists as an unbiased control
value to provide values with no special priorities given to them, in a sense showing how well rounded an

actuator type may be.

The Industrial Augmentative Exoskeleton Approach prioritises high power to weight ratios and force,
sacrificing precision and power usage to achieve this, as the exoskeleton is only required to follow the
already healthy user and reduce strain, allowing for bulkier designs and higher power usage to support

stronger actuation.

The Rehabilitative Exoskeleton Approach aims to aid a user capable of some ambulation to improve their
gait pattern, it is therefore important that the exoskeleton does not detract from movement through
imprecise movement or heavy weight, additionally as this device should be used in more home
environments, it must be more power efficient and less impactful on the wider environment as to avoid
disruption. It does not however require high force as the user is still capable of most of the walking motion

themselves.
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The Assistive Exoskeleton aims to provide walking functionality to those that would not be able to walk
otherwise, and to therefore assist in the walking process. As with rehabilitative exoskeletons it therefore
requires high precision, although its weight is less of a concern as the user’s gait does not contribute heavily
to the walking process. Instead, the system requires stronger actuators in order to move for them. Due to

its specialized nature, this exoskeleton does not need to reduce costs as much.

The Low-Cost Approach is the focus of this thesis and seeks to provide an alternative to the Rehabilitative
Exoskeleton Approach that focuses on reducing financial cost by removing the need for high precision

actuators and reducing power usage through using the active elements of the actuator as little as possible.

Other approaches could also be designed to focus on whatever exoskeleton aspects would be desired by
the user, for example rather than focusing on a type of exoskeleton it could instead focus on an exoskeleton
purpose, e.g. a sit-to-stand exoskeleton would weight force-to-weight ratio highly, but may weight power
usage and precision low as the exoskeleton is designed to assist in sporadic but intense generalised

movements. As opposed to continual minor adjustments.

Table 4 - Normalised Actuator Scores for Different Approaches

Rotary Rotary Linear Hydraulic Pneumatic ~ Pneumatic
Electric Electric Electric Cylinders Cylinders Muscles
Motors Motors + Ball Motors
Screws
Equal-Weights 0.9966 1.0000 0.8080 0.8953 0.8861 0.8321
Approach
Industrial 0.9445 0.9934 0.6829 0.9967 1.0000 0.6884
Augmentative
Exoskeleton Approach
Rehabilitative 1.0000 0.9844 0.8149 0.8171 0.7932 0.8114
Exoskeleton Approach
Assistive Exoskeleton (0.9836 1.0000 0.7942 0.9233 0.8744 0.7851
Approach
Low-Cost 1.0000 0.9967 0.7928 0.8329 0.8929 0.9654
Approach

Table 4 contains the normalised results of the data from Table 1 and Table 2 for the different approaches
described in Table 3. For this calculation, the Power, Weight, and Cost were normalised to the lowest value
rather than the highest as displayed in Figure 8, this was so that the highest values were always “better”, as

lower power usage, weight, and cost are more desirable.

The result of the table show that Rotary Electric Motors are, on average the most effective actuator, which
is consistent with it being the most commonly used, either without or in combination with ball screws.
Rotary Electric Motors in combination with ball screws saw higher scores than standard Linear Electric
Motors which may also be why they are so comparatively uncommon as any time where a linear actuator
would be applicable, the rotary electric motor + ball screw has a higher score. Meanwhile, there is a

considerable gap in score between electric motors and Hydraulic and Pneumatic Actuators.
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For Hydraulic and Pneumatic Cylinders, this is as a result of their very high weights, which plummet their
overall score by significant margins, they did however see prominence in Industrial Exoskeleton
Approaches, being the highest scoring methods, although while pneumatic was marginally higher, it
assumes a method of easily carrying the separate compressor that would be required for extended function.
If this method was not present, hydraulic would be superior due to being more easily self-contained.
Pneumatic muscles meanwhile saw little significance in most categories due to a weight score crippling

otherwise promising low power usage and costs.

These values were made with only a single actuator in mind, however as several components would only
need to be purchased once such as motor drivers, or hydraulic pumps, or would not scale directly in some
capacity if multiple actuators were needed such a solenoids or which can have multiple ports in one block,
or fluid piping which would only need to connect between the new actuator and pump, components that
may only need to be counted once or at a reduced rate are referenced in Table 1, under “2”. Furthermore,
it is unlikely all actuators will be functioning simultaneously or continuously, reducing power usage for

electric motors and fluid throughput requirements for hydraulic and pneumatic implementations.

This becomes difficult to calculate, and as such could be a topic for future study. It can however be
speculated that Electric Motor types would suffer considerably as the vast majority of their components
are needed for each new actuator, with only the controller being able to be used across multiple. Hydraulic
and Pneumatic actuators meanwhile could benefit from a single centralised pump and cheaper individual
cylinders or muscles for each actuator, translating into reduced cost, although not necessarily reduced

weight.

When considering the implementation of compliant elements or transmission systems such as springs,
there will be a minor increase in weight from additional hardware, and a potential loss of precision due to
uncontrolled movement from these elements. Each presents different, less quantifiable benefits as outlined
in their relevant sections, cables allowing for the relocation of actuators to more favourable locations, for
example, moving actuators from locations on the leg to a backpack worn by the user, therefore reducing
the effect of inertia on walking. For compliant elements a level of feedback prevention is provided as

compliant elements can absorb impacts as well as store energy.

Series Elastic actuators and other similar implementations are the most common implementation
involving multiple different types of actuators being used within the same exoskeleton, often taking the
form of a spring and rotary electric motor, theoretically a similar design could be made with multiple types
of active actuator. A simple example of such an implementation can be imagined for an industrial
exoskeleton. It would make use of hydraulic or pneumatic actuator for joints that would experience high
force loads, such as hip, knee, and ankle flexion/extension, however for degrees of freedom that may see
less load such as ankle abduction/adduction or hip rotation, geared electric motors could be used due to
their smaller volume. This could reduce complexity and weight due to the need for less hydraulic fluid

capacity and cabling.
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As seen in Table 4, both rotary electric motors and hydraulic cylinders score highly for an Industrial

Augmentative Exoskeleton Approach, using them together could be analysed quantitatively by average the

0.9967 + 0.9445,_  _
two scores ( + /7 = 0.9706).

To place an estimate for individual components lifetimes [58] predicts an electric motor to function for
~20,000 hours of runtime in ideal conditions, which is in line with the estimates given by Maxon for their
motors [59], although they also state 1000-3000 hours is more expected in average conditions. Pneumatic
Cylinders meanwhile have been estimated to last up to 10’s of millions of cycles [60], which is somewhat
in line with a prediction made by the Bimba Manufacturing Company predicting its cylinders could
function for a total travel distance of 3,000 miles [61], if a cycle equated to ~40cm, this would equate to
~12 million cycles. While it does not seem unreasonable to assume hydraulic cylinder and pneumatic
cylinder data would be similar, both are likely to suffer in terms of lifetime as a result of other peripheral
components, notably leaks in piping as well as wear and tear in pumps and compressors which will cause

gradual degradation of actuator quality, necessitating regular replacement or maintenance.

2.7.2 Actuator Summary

The analysis on actuator characteristics reveals rotary electric motors both with and without ball screws
score well for the most types of exoskeleton approaches, which is in line with them being the most common
actuator type within the reviewed dataset. How these scores would be affected by considering multiple
actuators however becomes difficult to calculate. None the less, it seems that they alongside compliant
actuators would make for the ideal implementation within a Low-Cost Exoskeleton in the form of Series
Elastic Actuators, in so doing the Rotary Electric Motor provides relatively lightweight and power-
inexpensive actuation whilst the Compliant element allows for a motor that does not need to be as
immediately reactive or precise, as the elastic nature of the Series Elastic Actuator would give immediate
response to movements made by the wearer, and so effectively provide an extended “reaction time” for the
motor, as well as leniency as to its precision as the elastic element would make up for minor differences in

any desired angle and actual angle difference caused by motor imprecision.

Whilst the Actuators are a core component of the Exoskeleton, they alone are useless without a method of
data input to inform the actuators how they should move. Therefore, the next section will review the
Sensors used within Exoskeleton implementations, what sort of information they provide, and how such

information may be useful.
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2.8 Sensors

For an exoskeleton’s actuators to properly function, they require a control system to drive them and
sensors to provide input data. These sensory inputs can be used to detect the intentions and status of its
user and also detect the environment around the exoskeleton to assist in balance and avoiding obstacles.

As such several types of sensors will be defined in this section:

- “Body Sensors”, those that measure bodily processes (EMG, EEG).

- “Force Sensors”, those that measure the application of force upon them (Force Sensor, FSR, Load
Cell, Torque sensor, Strain Sensor, Force Plates).

- “Motion Sensors”, those that measure the direct movement of the individual (IMU, Motion Sensor).

- “Pressure Sensors”, those that are used to monitor the pressures of actuators that use
gasses/fluids.

- “Rotary/Linear Sensors”, those that measure rotation / displacement in a particular dimension or

direction (Encoder, Potentiometer, Goniometer).

Examples of each will be described in the following sections with their relevance discussed within wider
literature and their potential usage within a Low-Cost exoskeleton system, along with examples and costs
of specific components. Within the Literature Review, most of the reviewed papers possessed some form

of sensor, with the notable exceptions all being compliant or passive designs such as [62] and [63].

. Goniometer
Potentiometer 3%
8% |\ EEG

_ 2%

FSR
9%
Pressure
Sensor
6%
Motion Detector Load Cells
3% N 6%

Force Plates Strain Sensor \ "Torque Sensor”
2% 2% 6%
Figure 9 - Proportion of Sensor Types, separated into subtypes.
As seen within Figure 9, the most commonly used sensor type within the Literature review were Force
Sensors with 75 Instances, followed by 63 Rotary/Linear Sensors Instances, 33 Instances of Motion

Sensors, 32 Instances of Body Sensors, and finally 14 Pressures Sensors. The most common individual

sensor was the Force Sensitive Resistor [64]. Most exoskeletons used more than one sensor type.
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2.8.1 The Role of Sensors

Sensors provide the input data for the exoskeleton control system. They provide information to the
controller on the user’s intent or current condition via the movement of their legs, the electrical impulses
of their muscles/nerves, their joint angles, or so on. This can be used to manoeuvre the exoskeleton in the
way the user desires. For example, if knee flexion is detected through a decrease in knee joint angle, or
force applied to a rear tibia pressure pad, or a contraction of the hamstrings, or some other method, then
the control system can process this information and command the actuators to move with the wearer if it
is within healthy motion parameters. Similarly, if the user were to be detected to be entering into an
unstable state, such as through sudden changes in joint angles, a control system may be able to recognise

this and act in a way to try and avoid falling.

Sensors may also be used to detect the occurrence of key gait moments, such as the heel strike and toe off
events commonly used in gait detection, which could be achieved through the use of Force Sensors placed
on the foot of the user, Motion sensors picking up the jolt of foot to floor contact, or so on. Finally, sensors
may provide information about the surrounding environment, such as whether any objects would block
the path of the wearer when moving, this is especially useful in heavier, rehabilitative exoskeleton designs
which may take over a large proportion of the walking effort from the heavily impaired user, and therefore
has to consider proper balancing and collision avoidance, these concepts will not be as relevant for this
project however, as the intended wearers are still the primary drivers of movement and so capable of these

actions on their own.
2.8.2 Body Sensors

These Sensors measure bodily process. With exoskeletons the most common of these were Skin-Surface
Electromyography (EMG) (28 instances) and Electroencephalography (EEG) (4 instances) with both
having examples being used both for the driving of and testing of exoskeletons. Other examples of sensors
in this category that were mentioned included Heart Rate sensors, however these did not aid in controlling
the exoskeleton and were only used for test purposes and so are not included. Table 5 provides a list of

identifiable EMG and EEG Sensor Components within the Literature Review.

Table 5 - Body Sensors within the Literature Review

Study Sensor Type  Sensor Name Purpose Cost

[65] [52] [66] EMG Delsys 8-Sensor EMG Testing / Data £15,000 [67]
System Collection

[68]1 [69]2 EMG Biometrics SX230! + Testing / Data £3107,
DataL.OG? Collection £3,3852[70]

[71] EMG BTS FreeEMG300 Testing -

[72] EMG Sichiray sEMG Data Collection -

[73] EMG MCRS EMG Controls Knee Joint [74] (no cost)

[69] EEG Brain Products Acticap Exoskeleton Movement -

1,2: Numbers relate to relevant product
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Skin-Surface Electromyography (EMG)

Skin-Surface Electromyography detects the electrical signals of the nervous system from the activation of
muscles. These sensors are used within the medical field, such as in the HAL exoskeleton [10] as a way to
predict user intents, this method results in minimal delay between muscle movement and machine

movement as often these signals will be detected before the limb actually begins to move.

This method is however limited by being easily disturbed by sweat or Electromagnetic noise [24], as well
as requiring the electrodes to be either stuck uncomfortably onto the skin or in a more invasive version
implanted within the skin (which may bypass surface issues such as sweat but can only be done in a
medical setting). Additionally, quadriplegic, or paraplegic patients with spinal cord injuries will likely be
unable to use this method as the nervous connection between their legs and brain has been damaged, and
so signals might not be sent. Alternatively, if the patient has muscle spasms such as with some variations
of cerebral palsy or muscle fatigue from exertion, then erroneous signals or unexpected signals may be

sent making it unhelpful for following movements.

Within the literature, the majority of examples of EMG usage were for test purposes as opposed to being
the primary method of driving the exoskeleton. In effect the EMG sensors were used for making sure the
exoskeleton did not affect the body’s natural motion. The Delsys Trigno [75] was the most commonly used
EMG system with an estimated full cost of ~$15,000 [67] for an 8-Sensor setup, with similar systems used
in [65] and [52], although as in many cases this component is used for testing rather than as part of the
exoskeleton. There are some examples of EMG being used directly in the control of an exoskeleton, such as
in [73] where a bespoke EMG device named MCRS used Hamstring and Quadricep muscle group signals to
control a knee joint actuator. Similarly [76] used the Root Mean Squared input of the EMG signal to drive

DC Motors at the Hip and Knee Joints.

Whilst EMG can provide highly detailed information regarding the state of the wearer’s muscle activity, for
the purposes of a Low-Cost implementation it may have potential usage within testing, but less suitable as

an exoskeleton sensor component.

Electroencephalography (EEG)

Conceptually similar to Skin Surface Electromyography, rather than measuring neural activity from the
muscles, Electroencephalography is a form of Brain Machine Interface (BMI) that measures neural activity
from the brain itself. It most commonly uses a cap of electrodes placed over the head that is capable of
measuring brain activity, such as the Acticap used in [69]. Although more invasive, there are also
permanent procedures where the electrodes can be implanted into the brain. This implementation is very
uncommon, with only 4 examples (2%) within the Literature Review, of which most were used for Testing
Purposes rather than driving the exoskeleton. In theory this implementation could benefit patients
suffering from paralysis due to taking commands directly from the brain, however for a Low-Cost

implementation it is likely not appropriate due to unneeded complexity and cost.
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Summary

Body Sensors, whilst capable of providing very accurate and immediate data, are likely not suitable for the
Low-Cost Exoskeleton, due to their often invasive or inconvenient nature of being required to be directly
attached to the wearer’s skin, as well as having high cost. For this reason, they have not been considered

for this Exoskeleton Implementation.
2.8.3 Force Sensors

Force Sensors are the most commonly used sensor method within the Literature Review, with 91 Instances.
Force Sensors most commonly took the form of Force Sensitive Resistors, Strain Gauges, Load Cells, and
Force Plates although there were many instances of more difficult to identify sensors typically referred to
as either “Force Sensors” or “Torque Sensors”, or “Force-Torque Sensors”. Their most common roles were
the detection of foot to ground contact as a way of signalling gait phases and detecting the user pushing
against the exoskeleton to move it. Pioneered by BLEEX [8], this method detects the force applied between
the human limb and exoskeleton. Essentially, as the patient moves their leg it pushes against the
exoskeleton, the exoskeleton would detect this movement and move in the direction the leg applied force
in, thereby moving with the leg in order to support it. This method has more latency when compared with
EMG or other methods that take direct body signal data significant enough amounts of movement must
occur before the sensor would be capable of detecting it, although will be less susceptible to false or
difficult to read signals due to functioning on the more macro-level of physical leg movement [77]. The
method still suffers from not being very effective if the patient cannot move their own legs. For the
purposes of this project however this is less of an issue, as it is assumed that the wearer has at least a
marginal amount of walking ability. Table 6 provides some examples of identifiable Force Sensitive

Resistors, Load Cells, Strain Gauges, and Force Plates from the Literature Review.

Table 6 - Force Sensors within the Literature Review

Study Sensor Type  Sensor Name Purpose Cost

[78] [47] FSR Interlink FSR 402 Change State / £6.30[79]
Insoles

[80] [81] FSR Tekscan A201 Ground Reaction £66.60 [83]

[82] Force

[84] FSR Tekscan A401 Gait Phase £80.54 [85]

[86] FSR Sparkfun FSE-SEN-09376 Insole Force Sensing  £10.27 [87]

[88] Load Cell Phidgets 50kg Micro Load Cell ~ Strain on Cable £5.75 [89]

[90] Load Cell Futek FSH03904 Strain on Cable £737 [91]

[90] Strain Gauge Omega MMF003129 Torque Applied to £121.64 est.[92]
Ankle

[93] Force Plates  Bertec 6 DoF Force Plate Testing £10k - £16k [94]
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Force Sensitive Resistors

Force Sensitive Resistors (FSR’s) detect force using a conductive film, which is deformed through imparted
force such that it touches a substrate layer below it, altering the resistance of the film which can be
measured to determine the force applied to it. Force sensitive resistors benefit from being simple, small,
thin, and inexpensive and were the single most commonly used sensor within the literature review with
21 instances. Many Force Sensitive Resistors seen within the Literature review were Interlink FSR 400’s
and Tekscan A200’s, such as the Interlink FSR 402 costing ~£6.30 [79] or Tekscan A201 costing £66.60
[83]. This low price however comes at the cost of imprecise readings, being non-linear and having as much
as 25% inaccuracy [95]. In addition to this Force Sensitive Resistors in such insole environments have been
seen to plastically deform due to the force applied to them, skewing results over time [96]. As with all

sensors, there are more expensive implementations as well, although they did not see much use.

The most common FSR implementation consisted of one or more FSR’s placed on a foot plate under or
within the wearer’s shoe to form an insole, allowing the force the wearer applies to the ground, as well as
gait phases such as the heel of the foot touching the ground during heel strike, or the toe leaving the ground
during toe-off to be noted, this can be used to determine the gait phase of the wearer, examples of which
are listed in Table 6. While only used once within the literature review, Force Sensitive Capacitors are a
similar alternative to Force Sensitive Resistors, and in some instances have been seen to produce more

linear outputs less prone to plastic deformation [97].

Load Cells

Load Cells are more advanced methods of detecting imparted force and are seen in many Industrial
Applications. These can be in the form of Hydraulic or Pneumatic Load cells that measure the change in
pressure of their fluid/gas when force is applied upon them as well as more traditional solid blocks which
function very similarly to Strain Gauges with structures distorted by force to alter their electrical resistance,
although they tend to be in the form of blocks that tension/compression are applied to as opposed to thin
strips applied to a surface. Load Cells appear have 15 Instances within the Literature Review, and have
quite a significant variance in cost, from the Phidgets 50kg Micro Load Cell used in [88] costing ~£5.75
[89], to the Futek FSH03904 Load Cell used in [90] costing ~£737 [91]. The Most common usages of Load
Cells were to measure the force applied by an actuator or a component of an actuator, with both prior
examples measuring the tension applied upon Bowden cables, although the Forsentek FL-25 Load Cell

used in [68] measured force applied by an actuating spring.

Strain Gauges and Flex Sensors

Strain Gauges are similar to FSR’s in having a variable resistance due to applied force, although do so via
bending rather than compression to cause a change in resistance within its conductive material. These
resistance differences are however usually incredibly small, and as such multiple strain gauges can be used
on a single strained object (usually on the inner and outer side of the object) and connected to form a
Wheatstone bridge circuit that amplifies the resulting output. This Wheatstone bridge implementation is

seen in several examples such as [47] and [90], the latter using them to measure torque across the ankle.
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Strain Gauges were also occasionally referred to as Flex Sensors, which seemed to have a similar purpose
such as the Bend Labs Flex Sensor used in [98] costing £120 [99]. Strain Gauges were far less commonly
used compared to FSR’s, with only 6 instances appearing within the Literature review, their primary usages

being measuring the torque or bend across a joint.

Force Plates

Force Plates were the least common force sensor within the literature review with only 4 Instances. Unlike
the prior sensors these are external to the exoskeleton, and so primarily used for testing purposes. These
Force plates are used exclusively for collecting Ground Reaction Forces in multiple axes during exoskeleton
testing, such as in [100] where four Kistler Force Plates measured the Ground reaction force of the wearer’s

feet and crutches in 6 Degrees of Freedom.

Information regarding cost of these components was limited, although as they are external and used only
for testing, they would not be needed for each individual exoskeleton, another example [93] used a Bertec

Force Plate costing £10,000 - £16,000 [94].

Summary
For a Low-Cost Implementation, Force Sensitive Resistors, Strain Gauges, and Load Cells all have potential
usage within designs. For the development of the Low-Cost Exoskeleton, Force Sensitive Resistors were

considered for usage in Actuator Force and Ground Force detection.
2.8.4 Motion Sensors

Motion Sensors were the third most common exoskeleton sensor type with 33 Instances. They can be
broken up into Internal, exoskeleton mounted sensors of which Inertial Measurement Units were the
overwhelming majority, and external Motion Detection or Analysis Capture devices. Detecting the Motion
of the wearer is a useful component in creating and testing simulations, for example, in comparing how the
wearer’s gait changes with and without the exoskeleton. They can also be used to track the current location
of the wearer’s legs in space, as opposed to just the direction or amount of movement that is occurring.

Some examples of Motion sensors from the literature review are listed in Table 7.

Table 7 - Motion Sensors within the Literature Review

Study Sensor Type  Sensor Name Purpose Cost

[65] IMU APDM Opal Sensor Foot-Mounted Gait Speed £3500 [101]

[102] IMU Adafruit LSM9DS01/12 Acceleration/Rotation £121 £202

Data [103]
[98] IMU Sparkfun 9DoF Razor MO Shank Movement £30[104]
IMU

[100] [105] Motion Mac3D Motion Cameras Motion Capture £16,420
Capture [106]

[107] Motion Kinect Image Capturing £35[108]
Capture

1,2: Numbers relate to relevant product.
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Inertial Measurement Units

The Inertial Measurement Unit consists of an Accelerometer, Gyroscope, and Magnetometer. With
Accelerometers measuring the Acceleration of the device within a specific dimension, the Gyroscope
measuring the Roll, Pitch, and Yaw of the device, and Magnetometers measuring the direction and strength
of magnetic fields. Most IMU’s contain one of each device for the X, Y, and Z dimensions, allowing for the
movement, rotation, and orientation of the device to be known, to some precision. Although often requiring
recalibration and protection from non-earth-caused Magnetic fields to reduce drift and error. It was a

relatively common sensor within the Literature Review with 26 Instances.

IMU’s are used to measure kinematic data of walking, being placed upon the foot, shank, and thigh joints
such as in [109] [110], for recognising gait motion or phases. Other papers such as [111] used the IMU for

balance or posture control.

Within the literature while there were some high precision Inertial Measurement Unit devices such as the
Tech IMU v4 used in [110] or the APDM Opal Sensor used in [65] costing ~£3500 [101], there were also
several examples of far lower costed MEMS (Microelectromechanical Systems) devices such as the
LSM9DS0/1 used in [102] costing £12-£20 as part of a breakout board [103], these devices have a small
form factor, power requirement, and cost, and would be useful in situations where absolute precision is

not required.

Motion Capture Devices

Motion Capture Devices, typically motion tracking cameras were used for primarily testing purposes in 7
Instances within the Literature Review. These tended to make use of multiple cameras that surrounded a
wearer who would sometimes be fitted with identifying markers to aid in tracking for example, both [100]
and [105] made use of 6 Mac 3D Motion Analysis Cameras. Being Test components they would not need to
be purchased for every exoskeleton, although still present an initial cost of ~£16,420 ($20,000) [106] in
total, Other papers made use of similar Vicon Cameras or a Kinect. These devices combined with markers
allowed for accurate trajectory tracking of the wearer allowing later analysis of how their gait may have

been affected by the use of an exoskeleton.

Summary

The low financial, weight, energy costs of the MEMS Inertial Measurement Unit make them an ideal fit for
a Low-Cost Implementation to measure the motion of the wearer. Larger IMU’s and Motion Capture devices
were commonly used for testing functionalities or validation which would likely be unnecessary for

simpler implementations.
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2.8.5 Pressure Sensors

Possessing no subtypes, Pressure Sensors were sensors used alongside Hydraulicand Pneumatic Actuators
to measure the pressure within them both as a safety feature to shut the system down in situations of
excessive pressure build up and also to provide an indication as to the force the actuator is applying, as this
would be proportional to its internal pressure. Therefore, this pressure sensor can be used to control the
amount of force the actuator provides; if the sensor provides a pressure value less than desired pressure
can be increased, and vice versa. Some examples include the Honeywell 100PGAS5 Pressure Sensor costing
£41.64 [112] used in [113]. As was concluded in [53], Hydraulic and Pneumatic Actuators were generally
not appropriate for Low-Cost Implementations due to unacceptably high weight and reliability costs, and

by extension therefore neither would these sensors be appropriate.
2.8.6 Rotary/Linear Sensors

The Second most common Sensor within the Literature Review, with 63 Instances. Rotary/Linear Sensors
consist of methods by which Rotation or Linear motion amounts could be measured. Their specific
component subtypes consisting of Encoders, Goniometers, and Potentiometers. Their universally common
usages include measuring Joint Angles and the amount of extension of linear actuator designs. Joint Angles
specifically allowing for an exoskeleton control system to know the position of the wearer’s legs,

significantly aiding in detecting Gait Phase and State. Some examples are listed in Table 8.

Table 8 - Rotary/Linear Sensors within the Literature Review

Study Sensor Type Sensor Name Purpose Cost
[114] Rotary Bourns 6637S-1-502 Ankle Joint Angle £41.96 [115]
Potentiometer
[116] Rotary Bourns 3382 Joint Angle £2.85[117]
Potentiometer
[93] Linear Midori Precisions LP- Joint Position £372.28
Potentiometer 100F [118]
[81] Goniometer Delsys S700 Goniometer  Joint Angles £1500 [119]
[48] Goniometer Biometrics SG110 Angle Joint Angles £520[70]
[102] Rotary Encoder Netzer DS-25 Joint Angles £550 [120]
[121] Rotary Encoder 1024ppr MILE Motor Position £150 [122]
[123] Rotary Encoder Avago HEDL-5640 Motor Position £48.96 [124]
[123] Linear Encoder Renishaw RGH-24 Actuator  Position / £552.83
[125] Torque [126]
[127] Linear Encoder Renishaw RGH-41 Linear Actuator Position = £373 [128]
[102] Linear Encoder Maxon ENX16 Compliant Element £88[129]
Length
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Encoders
Several different types of Rotary/Linear Encoders, those being Incremental, Absolute, as well as Optical
and Magnetic encoders were noted within the Literature. Incremental Encoders measure their change in

position and are as such unaware of their starting position, requiring realigning after each use.

Absolute Encoders meanwhile recognise changes in position even whilst unpowered, although tend to be
more expensive. Optical Encoders and Magnetic Encoders are ways by which the prior encoder types may
be implemented. With optical making use of light through a coded disk, and Magnetic using a separate
magnetic disk of north/south pole slits and a latch that flips to indicate a change in magnetic field with
each north/south change. The Majority of the 39 Encoder Instances within the Literature Review were
Optical Incremental Encoders, many were directly embedded within or otherwise a part of an actuator,
typically a rotary electric motor, and so used to directly measure the movement of that actuator, for
example in [121] the electric motor is directly controlled by an attached 1024ppr MILE Maxon Incremental
Encoder, or the Linear Motor in [127] controlled by a Renishaw RGH41 Linear Optical Encoder . Other
examples of their usage include measuring joint angle such as the Netzer DS-25 in [48] and compliant
element length such as the Maxon ENX16 Encoder costing ~£88 [129] in [102], similarly to a
Rotary/Linear Potentiometer equivalent. The Output of an Encoder may not be immediately readable by a
control system, and they are sometimes paired alongside some kind of interface that converts the
Encoder’s output into easily readable data. A Common example used in papers such as [123] was the

PC/104, costing around £380.

Potentiometers

Rotary/Linear Potentiometers function as a resistor that changes resistance when rotated or
extended/contracted with the change in resistance either being linear or logarithmic. These incredibly
simple devices are somewhat common within the literature review with 19 Instances. Rotary
Potentiometers are used almost exclusively to measure the change in angle at the Thigh/Knee/Ankle joints,
such as the Bourns 6637S-1-502 costing ~£42 [115] used to detect the Ankle Joint angle in [114] or Bourns
3382 costing £2.85 [117] used to detect Joint angles in [116]. Linear Potentiometers also saw use to
measure leg position around a joint such as the hip [130] as opposed to angle, as well as being used to
measure the length of a spring as part of a Series Elastic Actuator to determine its compression [131]. In
General, Potentiometers have low sizes, weights, and power usages, therefore making them excellent for

Low-Cost Implementations.

School of Engineering Page | 32



Literature Review

Goniometers

Only having 5 Instances within the Literature Review, Goniometers are specifically used to measure angles,
and as such were exclusively used for measuring Joint Angles. Within exoskeletons Digital Goniometers
appear to be entirely specialist in nature, with the Delsys Goniometer and Adaptor costing £1500 [119]
used in [81] and Biometrics Twin-Axis Goniometer costing £520 [70] used in [113], both used to measure
in two orthogonal planes at once, with a design consisting of two attachment points and a wired
connection. Whilst this device is relatively small and form fitting, weighing as little as 20 grams, its cost is

quite high.

Summary

For A Low-Cost Implementation, Potentiometers are a clear standout of being inexpensive, small, and
possessing low power requirements, however both Goniometers and Encoders of at the lower-end of cost
have potential for Low-Cost as well, especially the encoder due to their close connection to the commonly
used Rotary Electric Motors. As proven by the ubiquity, Rotary Sensors likely would be appropriate for

Low-Cost Implementations.
2.8.7 Sensor Summary and Justification

From reviewing the Sensors commonly used within literature, Force Sensitive Resistors, Inertial
Measurement Units, and Potentiometers seem to be ideal for a Low-Cost implementation. Allowing for an
effective combination for detecting the state of the wearer and/or the gait stage they are currently in when
walking. Force Sensitive Resistors could be placed both on the feet where they may detect whether the foot
grounded or not, whilst potentiometers can be used on the knees and ankles to determine how the wearer
is standing, allowing a control system to detect if the wearer is standing, sitting, or crouching, or possibly

if they are in an unstable position.

When reviewing the usage of sensors within the Literature Review as a whole, Sensor usage is very diverse
regardless of the type of actuator used within the exoskeleton. Some obvious exceptions exist, such as

Pressure Sensors being overwhelmingly more common within Hydraulic and Pneumatic Implementations.

Table 9 and Table 10 describe the total number and distribution of sensors per actuator type, in situations
where an exoskeleton had multiple actuator types such as a Series Elastic Actuator consisting of both
Electric Motors and Compliant, the sensor was listed for both. Sensors are far less comparable that
actuators due to there being less of a unifying metric of comparison between sensor types that specialise
in detecting different stimuli, as such an objective comparison will not be attempted as it was for the

actuators.
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Table 9 - Total Number of Sensors per Actuator Type

Actuator Cable Compliant Hydraulic = MagBrake Motor(L) Motor(R)  Pneumatic
Type

Total 27 41 10 6 5 149 49
Sensors

Instead, As stated prior, as the exoskeleton that will be designed in this thesis to be more passively assistive
than actively rehabilitative, it will instead be considered which sensor types and subtypes would be most
appropriate for the goal of the exoskeleton. Firstly, external sensors for collision avoidance and automatic
balancing have been considered unneeded as these are more appropriate for exoskeletons designed to fully
guide the movement of a patient who may not be able to walk on their own. Otherwise, the sensors seen
as most effective for a Low-Cost Implementation are Force Sensitive Resistors, Inertial Measurement Units,
Encoders, and Potentiometers as each of these devices is capable of being inexpensive, small, and low-
power whilst collectively allowing for a large amount of information about the user, such as when they take
steps, the nature of their movement, and the angle of their joints, which alone would be enough to simulate

their walking pattern accurately.

The Final section of the Literature Review will summarise the Control System, which acts as the
intermediary to take in the sensor’s provided inputs and use them to control the exoskeleton’s actuated

outputs.

Table 10 - Percentage Usage of each sensor per Actuator Type

Sensors Cable Compliant Hydraulic Magbrake Motor(L) Motor(R) Pneumatic
EMG 15% 33% 11% 14%
EEG 5% 3%

Force Sensor 7% 17% 30% 16% 11% 17%
FSR 11% 10% 10% 8%
Load Cell 15% 5% 40% 7% 2%
Torque Sensor 2% 17% 20% 7% 2%
Strain Sensor 7% 5% 2% 6%
Force Plates 4% 2% 10% 2%
IMU 22% 5% 17% 13% 12%
Motion Camera 15% 2% 3% 2%
Pressure 4% 40% 1% 17%
Sensor

Encoder 15% 22% 10% 17% 20% 21% 6%
Potentiometer 10% 10% 20% 9% 6%
Goniometer 2% 6%
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2.9 Control Systems

The act of keeping an exoskeleton balanced quickly became the topic of importance when exoskeletons
were first used in a rehabilitative function. Initial research into areas such as zero moment points were
introduced in 1968 by Miomir Vukobratovi¢ [132] and stated that there is a point where the foot contacts
with the ground such that the horizontal force component is counteracted by friction between the foot and
ground. This horizontal force component consists of the weight of the individual applied horizontally
through the foot to ground contact as a result of this contact point not being vertically aligned to the
individual’s centre of mass, in addition to horizontal movement of the foot itself due to walking. This
concept therefore helps to make sure that the foot does not overstep to the point where it would slip or
otherwise trip over. This, along with other concepts such as the haptic feedback used with the Hardiman
robots were some of the earliest examples of control system concepts which go along with the earliest

examples of exoskeletons themselves [7].

Unlike the prior Literature Review Sections, Control Systems are far more than the hardware that they run
on; therefore, this section will summarise common examples of concepts implemented within control
systems in addition to the hardware that drives them, including examples of such implementations noted
within the Literature Review. At least some amount of Control System Hardware and Implementation

information was identified within 70 of the 127 papers within the Literature Review.
2.9.1 Control System Components

Control System hardware can be split into four primary groups, those being “Controllers”,
“Microcontrollers”, “Peripherals”, and “Software”. Both Controllers and Microcontrollers may perform the
same function, that being controlling the exoskeleton, however the Microcontroller being a notably smaller
and less powerful device, Microcontrollers may also be used as a way of collating data from sensors that it
then sends back to an off-exoskeleton processing device such as a laptop which may act as the primary
Controller. Peripherals consist of other components that may aid in the processing of data, this may be
boards that control motor actions or decode sensor data such as the Addi-Data APCI1710 Encoder Board
used in [127] to decode Encoder data for use in the control system, they may also allow for wireless
communication between the exoskeleton and an external processing device such via as a Bluetooth

connector. Software is anything that is run on the Controllers, either for managing the exoskeleton,

collecting data, or so on.

Controllers and Microcontrollers

There were several examples of both the larger and more powerful Controller devices and smaller and less
powerful Microcontroller devices within the Literature Review. These devices run programmed software
or simulations in order to control or monitor the movements of the exoskeleton, in some cases feeding
sensor data to an offboard device for further processing. Table 11 and Table 12 give examples found within

the Literature Review.
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Table 11 - Controller examples from Literature Review

Study Name Details (Power, Processing, Weight) Cost
[80] [88] [123] PC/104 5V/5.4W, 1-2GB SDRAM + 1.1GHz - £370 (varies) [136]
[133] [134] 1.6GHz CPU, 212g [135]

[121] [131] [137] NICRIO-9082/ 30V/75W, 2x256kb Cache + 4MB Cache No longer available
9074/ 6259  + 1.33GHz-2.44GHz CPU, 3.1kg. [138]
[90] SpeedGoat 12V/15W, 4GB DDR3 RAM + 1.6GHz ~$2,000 (est.)
Intel Atmo x5-E3940, 800g. [139]

Table 12 - Microcontroller examples from Literature Review

Study Name Details (Power, Processing, Weight) Cost

[52] [72] [98] Arduino Uno/Mega 5V, 8kb SRAM + 16MHz ATMega328/ ~£20 [141]

[140] Microcontroller Board = ATMega2560, 25g/37g

[142]* [143]2 ATMegal6l/1282/328% 3V-5V, 1kbl/4kb2/8kb3 SRAM + £5 [145]% £2.20

[144]3 Chip 16MHz Processor, negligible weight. [146]3, £12 [147]?

[78] [50] [148] TMS320F28335 Micro 3.3V, 68kb SARAM + 150MHz C28x £11.75 [149]
Controller Board Processor, ~28g

[130] [150] Beaglebone Black 3.3V, 512MB DDR3 RAM + 1GHz £41[151]
Microcontroller Board  Cortex-A8, 40g

[150] [152] STM32F7 Chip 3.3V, 256kb SRAM + 216MHz Cortex £10 [153]

M7, negligible weight

[86] Huzzah32 Feather 3.3V, 520kb SRAM + 240MHz ARM £16.50 [154]
Microcontroller board  Cortex-7, 6.8g

[155] Teensy 3.6 3.3V, 256K SRAM + 180MHz ARM £24.21[157]

Microcontroller Board  Cortex-M4, Unknown Weight [156]

1,2,3: Number refers to associated product

From the Literature Review the most common implementations were all Embedded Systems, either the
PC/104 Controller Board, of which the Diamond Systems Aurora PC/104 and Cool RoadRunner LX800
were the most commonly used. For Microcontrollers the Arduino Uno Development board and ATMega
Chip were the most common. The Limited space of the exoskeleton design sees many exoskeletons that

employ small and inexpensive Embedded Microcontrollers as opposed to larger controller designs.

For Stationary Designs, such as [90] the controller is not required to be on board the exoskeleton itself,
here a SpeedGoat is set offboard the exoskeleton running a Real-Time MATLAB Simulink Controller that
tracks the joint torque of the wearer, comparing the actual torque value to a desired torque determined
based on an iteratively learning ideal profile and the current percentage position of the wearer’s stride
calculated from average recent stride time. For the purposes of a Low-Cost Methodology, the smaller
Microcontrollers seem the more appropriate choice, as the Exoskeleton design is intended to be mobile

such a control device would ideally be capable of performing all necessary functions onboard.
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For the use of Prototyping, the ubiquitous Arduino would seem an ideal choice, however its comparatively
low processing power may limit what control methods can be explored. Within the Literature the usages
of the Arduino or its ATMega microprocessor included Sensor Data Collection that would then be sent
wirelessly to another device, such as in [72], as well as relatively simple control functions such as in [140]
where the Arduino took in IMU, Load Cell, and Pressure Sensor data to turn on and off the solenoid valves
to a Pneumatic Muscle in line with the flexion and extension of the wearer’s knee to aid in moving the ankle

joint.

Size could be further minimised in comparison to Development Boards by using the component Chips
themselves as part of a custom-made PCB, and thereby only using any required functions, although the
simplicity and convenience of the development board makes it a superior choice for prototyping as making

additions and removals has little to no cost as features are more readily available.

With the exception of the specific languages related to development boards, such as Arduino on the
Arduino Uno or the EspressIF IDF for the Huzzah32 Feather, MATLAB’s Simulink was the most commonly
used software component that ran simulations upon the control system hardware or was used in the
designing of a control system that did, such as in [80] where Simulink was used to design an Adaptive
Network-Based Fuzzy Logic Controller made of a Neural Network and Feedback System. The software that
runs on these hardware components will likely follow some of several of these common Control System

Concepts identified within the Literature Review.
2.9.2 Control System Concepts

How exactly an exoskeleton functions, and the protocols which it makes use of can vary wildly depending
on the purpose of the exoskeleton as well as the maker [158]. Control systems exist to govern how the
exoskeleton itself will function, both in low-level movement of actuators and high-level decision making of
specifically which movements may need to be made in the future or in response to external events. The
level to which to control system controls the exoskeleton is dependent on its purpose, a light, assistive
exoskeleton is not required to respond to the minutia of exact foot placement and counterbalance
strategies that a full, rehabilitative exoskeleton designed to support those with paraplegic SCI would. None
the less, there are several concepts which both may make use of. The Universality of these concepts makes

them all feasible to use within a Low-Cost Exoskeleton Implementation, although not requirements.

Hierarchical Systems

A design methodology that splits control systems into Task-Level, High-Level, and Low-Level [159] systems.
Task-Level acts as the highest level intent for the control system such as rehabilitation of the user by
providing assistive force when necessary; the Task Level controller may therefore adjust the maximum
amount of assistance allowed to be given based on the overall performance of the wearer, affecting the
assistance levels given by all lower levels, it may also decide to completely change how assistance is given

based upon set trigger condition, such as if detecting a fall.
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The High-level controller is an implementation of a specific strategy for achieving a task such as applying
an impeding force to the user if their gait strays too far from the ideal model. It then manages the level of
impedance based on the task-level's long term performance suggestions as well as based on the user’s

current performance (e.g. if they are currently very far from the ideal model, use more impedance).

The Low-level controller directly controls what occurs in the exoskeleton such as the movements of the
actuators themselves, such as through PD (Proportional Derivative) and PID (Proportional Integral
Derivative) position controllers. Most complex exoskeleton designs within the Literature Review

implemented some sort of Hierarchical system.

Finite State Machines

A Finite State Machine consists of a number of different states that can be switched between if conditions
are met via the state machine’s inputs, with each state having a varied effect on how the control system
controls the exoskeleton. States connect with Transition Functions, determining the condition that needs
to be fulfilled to go from one to another. For example, in [78] the Finite State machine shifts between a
“Lifting” and “Lowering” motion depending on the Rising/Falling edges of the Torque Sensor and Inertial
Measurement Unit. There were at least 10 confirmed uses of Finite State Machines within the literature

review.

Each state in the state machine does not have to lead to every other state, if it is assured that the machine
cannot get stuck in a state, then a state machine could look more like a loop than a web, as each state leads
into the other in a predictable fashion. For example in [48] the Finite State Machine has 9 states
representing different phases of the gait cycle, going through 2-9 whilst active in order before repeating
from the start again (stand, shift left, half step right, full step right, lead right foot, shift right, half step left,
full step left, lead left foot) with states shifted between when the centre of mass of the wearer and

exoskeleton shift appropriately.

PID Controllers

PID Controllers, or Proportional Integral Derivative Controllers are used to correct error based on closed
loop feedback. The PID Controller will compare the input sensor “real” value to a desired value and attempt
to correct error between the two. The Proportional Component applies a proportional change to the input
dependant on the size of the error, the Integral considers the sum of the error from the present and recent
past to reduce the effect of fall-off that a proportional component will have due to slowing down as it
reaches a desired value, and the Derivative considers the rate of change of error into the future to
counteract the overshoot caused by the integral component if the rate of change of error ends up becoming
too large. The values of each component (which may be weighted differently by a designer to modify the
significance of their effects) are summed together and applied onto the input, to create an output. This
output is then used as part of a feedback or feedforward loop to see how close this new modified output is
to the desired output. If a component is weighted 0, it is disabled and typically omitted from the PID

acronym (making a “PD” controller for example with no Integral component).
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A Higher control system level may adjust the gains of the PID controller during the course of the

exoskeleton as a way of optimising an exoskeleton’s responses to its wearer.

If the PID is used to control physical hardware these will have upper limits as to the rate they are capable
of correcting themselves. If the PID would push the hardware beyond these limits in trying to correct itself
it would built up a “fake” error where the PID sees itself in error for longer than it expects, leading to
massive overshoot when it arrives at the ideal value whilst it burns off this fake error. Clamping PID values
to a maximum can resolve this and is typically seen most in the integrator component. The derivative
component meanwhile can risk overvaluing high frequency noise values, resulting in error. To prevent high
frequency noise causing issue, a frequency cut-off can be used such as a low-pass filter, to attenuate any

frequencies above a set value set by the designer.

In the Literature Review, PID, or subsets of these controllers were seen quite commonly, with at least 20
confirmed uses within the 70 papers where Control System information could be identified. There was one
example of a P Controller, [90] where a motor proportionally adjusted cable lengths dependant on the
desired force to be applied to them, although generally PI, PD, and PID were more common. Examples for
PI Controllers include [100], [160], and [161] with a total of three implementations, PD Controllers such
as [162], [163], and [164] with a total of seven implementations, and finally PID Controllers with 9
implementations such as [165], [166], and [167].

Ideal Models and Neural Networks

An Ideal Model is a method of creating a target goal for a control system to reach. Consisting of an idealised
or “healthy” stance or gait that can then be compared to the gait of the user. The model may cover the entire
body, or part of it and will usually only be appropriate for a particular action. A common example of this is
a healthy gait model, this will be recorded using the same or a similar exoskeleton to the one being used,
using a similar array of sensors to collect data. This data is then saved and key elements such as the
different gait stages identified. These same elements can then be identified by the control system during
actual use, and relevant sensor data between the ideal and actual results compared. For example, if the
knee angle of the wearer is more flexed than it should be in the healthy model, this can indicate to the
control system that it needs to try and make the knee extend more, as well as by how much in order to
reach a healthier gait. A PID System controller may act as a method to provide the appropriately
proportional push or pull values to reduce error. A Model could also be used to predict how the wearer will
move in the immediate future by comparing the user’s current position to the likely immediate future of

the ideal model. Examples of uses for ideal models are described in 2.9.3.

The model does not need to be a singular set of data representing an ideal gait, for example it could be a
Neural Network trained on a large amount of ideal gait data that then uses the wearer’s sensor inputs to
predict a likely future value of their gait. For example in [76] a Neural Network is used that takes in Hip
and Knee angle data that outputs a modifier to a matrix generated from EMG data on the wearer’s

movement to account for the user’s limb posture, which is then used to predict future motion.
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As Described by Caldas R et al in [168] up until 2016 some of the most common Machine learning
Implementations within exoskeletons were either Artificial Neural Networks (ANN’s) or Hidden Markov
Models (HMM'’s). Common use cases were determining Gait Events such as heel strikes and toe off as well
as swing/stance positions, Spatiotemporal Parameters such as Stride and Step/Stance Times as well as
Gait Velocity and Cadence, and Joint Angles [169]. Earlier examples of Joint Angle prediction and
measurement using machine learning can be seen in [170] which made use of a General Regression Neural
Network (GRNN) to estimate the Hip, Knee, and Ankle Angles based off of motion sensors at the hip, knee,
and ankle joints. Meanwhile Sun et al [171] describes other examples of Machine Learning up to 2020, such

as Reinforcement Learning [172], Support Vector Machines [173], etc.

Convolutional and Recurrent Neural Networks are two types of Neural Network that appear to be quite
commonly used for neural network-based control systems within exoskeletons. Examples for CNN’s
include [174] which separately implemented both a Convolutional Neural Network and a Multi-Layered
Perceptron (MLP) onto an ESP32 Microcontroller, collecting data using a Shank Mounted IMU to predict

foot angular velocity roughly 200ms into the future.

For RNN’s, many examples run on high-power computers, laptops, or dedicated controllers, with regards
to implementations, A type of Recurrent Neural Network, the Long Short-Term Memory Model (LSTM) as
seen in [175] used multiple LSTM Hidden layers each of hundreds of units, whilst allowing for improved
accuracy it also increased the size of the model, as Microcontrollers are limited for memory space a
reduced model size was a necessity. LSTM’s improve upon base RNN’s through reducing the effect of
vanishing gradients that cause older information during training to significantly decrease in effective

influence over the end result compared to newer information [176].

A more recent Neural Network known as a Transformer, first proposed in 2017 in [177]. There have been
some examples of the use of Transformers within exoskeleton Control Systems, such as [178] and [179].
By default, Transformers do not suffer issues of attenuation of data that RNN’s have that would result in
older information having less effect on predictions. However this is achieved through processing
information simultaneously, which is more computationally expensive, and has the risk of removing
temporal significance, which is essential for time series data. Although this is not a hard limitation, which

may be solved such as via encoding the arrangement of information into input data itself.

In terms of papers that use Neural Networks to predict the wearer’s knee angle, [180] used Shank and
Thigh Inertial Measurement Unit (IMU) Data provided to an ANN model to predict walking speed and knee
angle, whilst [181] used IMU and Electromyography (EMG) data provided to an RNN model run on an
STM32F4 Microcontroller (costing £16.40 [182]) to predict joint torque and moment, although did not use
LSTM/GRU due to technological limitations. For Sensor usage paired with control systems, papers such as
[183] used EMG and Knee angle data collected from sensors via a ATMega328p Microcontroller and
processed on a laptop. Meanwhile, [184] make use of an LSTM provided data by Inertial Measurement
Units (IMUs) placed on the lower leg to predict lower-limb joints, which alongside Potentiometers are

commonly used, inexpensive sensors in exoskeletons.
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A summary of such Neural Network methods is seen in Table 13. Noted is a high proportion of EMG and
IMU Sensor-Based implementations. This may be as these implementations less directly measure wearer

movement than direct Joint Angle Measurements, which may make kinematic simulation more difficult.

Table 13 - Summary of Various Neural Network Implementations.

Study  Model Hardware Sensors Prediction Purpose
[170] GRNN ~ Xsens Motion Trackers Gait Kinematics

[172] Reinforcement  Intel [7-8700 EMG Hip/Knee/Ankle Joints
[173] Support Vector  ~ EMG Motion Intention

[174] CNN + MLP ESP32 IMU Hip/Knee/Ankle Joints
[180] ANN Microcontroller IMU/Encoders Knee/Ankle Joints
[181] RNN STM32F4 IMU/EMG Knee Joint

[183] LSTM Macbook Pro EMG/Encoder Knee Joint

[184] LSTM Intel 17 IMU Hip/Knee/Ankle Joints
[178]  Transformer ~ EMG Hip/Knee Joints

[179]  Transformer Intel17 16GBRAM IMU/EMG Motion Intention

2.9.3 Control System Implementations

The Control System primarily represents the Task- or High-Level implementation methods that guide how
an exoskeleton controls actuation in the aim of providing assistance to the wearer. There are a considerable
number of implementations, and accounting for all would be beyond the scope of this Thesis but are
explored further in various review papers on the subject such as [158], [185], and [186]. Instead, some

notable control systems seen within the Literature Review and elsewhere will be looked into further.

Gait Phases/Events

As Described in 3.2.1 the Human Gait can be split into several different phases. These can be identified
through Gait Events such as the Heel Strike and Toe off that might be detected by a Ground Reaction Force
sensor such as a Force Sensitive Resistor such as [84] which used two FSR’s to detect the Stance and Swing
Phases based off of foot placement. [187] meanwhile used FSR’s to detect four states (heel-contact, toe-
contact, heel-off, and toe-off) and used a Finite State Machine to decide how the exoskeleton would act

during them.

A Control System could also use identifiable patterns in walking such as the swing of the knee in the Swing
Phase detected via a Potentiometer measuring knee angle, or both foot and joint angle methods could be
used together for additional reliability such as [188], which used four modes determined by a Finite State
Machine in a High-Level Controller using input data from Ground Reaction Force, Knee Angle, and an
Inertial Measurement Unit, with a low-level controller to move the actuator dependant on the phase. [189]
meanwhile determined three phases: Stance, Early Swing, and Late Swing, and assisted except during Early

Swing using a Finite State Machine to determine the thresholds for when each phase occurred.
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This concept is commonly used as the basis for control systems that wish to provide assistance to the
wearer during a specific portion of the gait cycle by identifying the phase in which this assistance takes
place whilst it is occurring and then applying assistance. Within the Literature Review, there were 11

identifiable instances of Gait Phases being used as part of the control system.

This implementation likely would be appropriate for a Low-Cost Implementation, some of the designs seen
within the literature review capable of reliably detecting Gait changes using low-cost components such as
Potentiometers, Force Sensitive Resistors, and Inertial Measurement Units, allowing for a system that
provides help when needed. It may however struggle if only limited to walking movements, for example if
the wearer were to be transferring from a standing to sitting position or vice versa they would likely benefit
from assistance in making this movement which may require separate “Movement State” identification to

give more general usage and allow an exoskeleton to function in a more diverse environment.

Challenge Based and Assist as Needed Algorithms

Whilst an Assistive Exoskeleton’s primary focus is on the improvement of motor function, in other words
adapting a user’s current gait to that of a more preferable, healthier one, if it merely attempts to fix all
errors within the user’s gait this may lead to a level of passive allowance in the wearer, or a subconscious

expectation that the exoskeleton takes on the burden of correcting innate gait deficiencies.

Two methods of addressing this could be to deliberately introduce acceptable errors within the system for
the wearer to resolve, such as seen in [190] which introduced deliberate haptic disturbances during tasks.
This “Challenge-based” control algorithm effectively allows an introduction of forced difficulty into a
control system. It may for example make a user have to put in more effort in order to move or force the
used of impaired limbs by making use of unimpaired limbs harder, such as a steering wheel that resists if

the unimpaired limb is used.

An Alternative but similar implementation known as “Assist-as-Needed” or “Performance Based” Control
Systems have a varying level of assistance based off of the user’s current walking quality. Such a method
having some form of “ideal” gait of which the control system compares the user to, if the user emulates this
gait well it provides little aid, but if they struggle it provides more. For example, through the use of haptic
feedback the exoskeleton could naturally guide the user along a path of a healthy gait, applying the
feedback dependant on how much the user’s gait differed from its model of a healthy one, encouraging the

user’s leg motions to change in accordance with it.

An example from the literature review, [166], effectively created a tunnel of ideal values in the control
system that formed an “ideal path” of movement, as long as the wearer followed the ideal path no
assistance was provided, however if they began to deviate from it significantly a gradual assistance would

be provided to bring them back in line.

Another example of this is Lokomat [18], which makes use of a “Forgetting Factor” which allows an

exoskeleton to provide less assistance if several gait cycles go by with little error, with its value set between
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0 and 1 determining the “difficulty”, or rate of forgetting, of the system. At its most basic level it follows a

formula seen in (1):

Pi.1=fP,—ge; (1)- Generic Forgetting Factor

Where P; = Control Parameter, i = iteration number, e; is the error of that iteration, f = forgetting value
(constant), g = gain value (constant). Effectively seeing the Control factor reduced by the forgetting factor
over time. Other examples such as [191] and [192] expand on this by looking into the future such as
through an Iterative Learning Controller. The Forgetting factor can be changed over time to increase or

decrease the difficulty of the walking process as the user continues walking for longer periods of time.

Both of these methods benefitting from implementing additional peripherals, such integrating
rehabilitation with VR games to aid in engagement in the form of “gamifying” the rehabilitative process,

this has been seen to be especially effective with children as seen in [193] and [194].

When making rehabilitative devices it is important to make sure that the user drives the device and not the
other way around, otherwise the user may simply develop a dependence on the exoskeleton. However, if
the user has a deformed gait, then the exoskeleton must still have the ability to actively correct gait issues

otherwise no rehabilitation will have actually occurred.

Impedance and Admittance

Impedance and Admittance controllers make use of an ideal gait model from which they compare the
current walking gait to. Actuated joints then change the amount by which they impede or admit movement
from the wearer proportional to the expected error of this movement from the ideal gait. For example An
impedance-based system proportionally impedes movement that would take the user further away from
ideal movement (usually once outside an allowable variance band). The exact thresholds and rates of
impedance will depend on what domain the exoskeleton measures, be it elapsed time, spatial position,
limb velocity, muscle activity, and so on. Some example of their use within the Literature Review include
[195], [196], and [197]. Springs were commonly used as part of the Impedance control method, due to

being able to immediately and passively offer impedance proportional to the force applied to them.

Admittance is effectively the opposite of impedance, providing more assistance or ease of movement whilst
ideal movement is followed and providing less when it isn’t. Admittance control appeared less commonly
than impedance, although in one example [47] the exoskeleton would react to a detected loss of stability
due to an undesired extrapolated centre of mass value and reduce appropriate joint impedances to allow

for easier movements to correct the instability.

A Variance on this is known as “Triggered Assistance” where the system allows the user to move unassisted
unless a specific error threshold is reached, in which case assistance is quickly introduced, such as a sudden
impedance to prevent a person taking a dangerous step. Both Impedance and Admittance are in effect one
implementation of an Assist as Needed control system, with their impedance or admittance effects often

conditional to the state of the wearer.
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2.9.4 Control System Justification

As outlined by the Aims and Objectives in 1.2.1, a Low-Cost Exoskeleton Implementation should prioritise
a generalised simplicity in order to avoid the need for costly hardware or have a control system that only
functions in specific circumstances, such as only whilst the wearer is walking. For example, a generalised
Ideal Movement model that the exoskeleton can use as a baseline to predict the wearer’s current state
(walking phase, sitting/standing, etc) or next move, which can then be used to provide specific help
depending on their state. Aid could then be provided only when necessary if the wearer is seen to be

moving in a non-ideal manner for their state.

In effect, all of the discussed concepts and implementations within the prior two sections would be
theoretically feasible to implement within a Low-Cost Control System. As such a next step would be to

investigate hard and soft prototyping of an exoskeleton concept to see which would be most appropriate.
2.10 Summary

The Intent of the Literature Review was to review many real examples of developed exoskeleton
technologies to understand the state of the art. To this end after reviewing the Actuator, Sensor, and Control
System choices of 127 papers several conclusions can be made to potential ideal solutions for a Low-Cost

Implementation.

For Actuators, Rotary Electric Servo Motors were by far the most commonly used actuator as well as the
most effective candidate from semi-objective observations, these, either in their standard form or in a
linear-actuated form with the aid of a ball screw, alongside some kind of compliant element to form a Series

Elastic Actuator seems the clear choice for a Low-Cost active actuator.

For Sensors, there were a variety of commonly used sensors such as Potentiometers, Inertial Measurement
Units, Force Sensitive Resistors, and Encoders which would likely represent the ideal Low-Cost
Components. Most exoskeleton examples within the literature review did not rely solely on one of these

components, due to the variety of different inputs they receive.

Therefore, for a Low-Cost Exoskeleton it would seem ideal to include Potentiometers for Joint Angles,
Encoders for Motor Position, Inertial Measurement Units for Lower-Limb Movements, and Force Sensitive

Resistors for actuator force and/or Ground Reaction Force.

For Control Systems on the hardware side, Lower-Cost commercially available microcontroller boards such
as the Arduino would be most appropriate as a starting point for prototyping, with the potential to move
on to more powerful, yet still relatively inexpensive commercial microcontroller boards. The nature of the
control system itself likely requires further experimentation and prototyping to see what is and is not

possible given the limited selection of prior components.

When comparing this literature review with other Reviews of similar focuses, papers such as [40] which

reviewed 215 papers similarly broke down exoskeletons into separate components such as Power Source,

School of Engineering Page | 44



Literature Review

Control Unit, Actuator, Mechanical Structure, and Sensor, in addition to considering the Human-Machine
Interface (which the paper considered as part of the Control System), and the Environment. It concluded
that DC motors were the most common actuator implementation, alongside Bowden cables and Series
Elastic Actuators. For sensors it similarly concluded the commonality of Encoders and Force and Torque

sensors (also concluded by [24]), with more visual sensor methods more commonly used for validation.

With the Completion of the Literature Review, it is clear the next step is to use the conclusions reached
within it to formulate a Novel Exoskeleton Structure, Actuator, and Sensor, as well as potential control
system software which can be used to aid a wearer in reducing Gait Degradation. This may be done such
as to test the feasibility of the Low-Cost Methodology in a more practical manner. This will be the focus

covered within the next chapter.
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3.1 Introduction

Using the conclusions of the Literature Review regarding the preference for rotary electric motors, low-

cost sensors such as potentiometers and inertial measurement units, and the potential of a generalised

movement model for a control system, this chapter seeks to perform the initial theory and prototyping to

create an exoskeleton design capable of reducing gait degradation. As such, a set of Core and Additional

Requirements for the exoskeleton developed during this research project shall be created, based off those

initially described in 1.1.1:

Core Requirements that all exoskeletons must adhere to:

Adaptability with a wide range of user proportions and movement/walking patterns, such as those
thatare over or underweight. The device must not exceed joint angle limits or considerably restrict
freedom of movement. Joints of the Exoskeleton are properly aligned to the joints of the wearer.
Sufficient comfort and support to allow for continued usage without strain, harm or undesired
pressure.

Sufficient Energy efficiency and battery life for continued usage, energy source is safe in proximity
or sufficiently protected to avoid potential harm, such as shocks.

Minimised exoskeleton weight, with necessary weights placed as to reduce inertia and avoid strain
of wearer. Wearer is not made off balance by wearing the exoskeleton and wouldn’t be crushed or

experience considerable additional harm as a result of the exoskeleton should they fall over.

Beyond this, there is the set of Additional Exoskeleton Objectives the proposed design will aim for:

Abide by the Low-Cost Methodology, that was outlined in 2.4.

Be mechanically simple and inexpensive.

Be capable of supporting and reducing degradation of users with crouch gait or other pathological
gait disorders, or otherwise be capable of theoretically demonstrating this capacity.

Be capable of assisting in knee flexion/extension and possibly other degrees of freedom, or

otherwise be capable of theoretically demonstrating this capacity.
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This chapter will focus on the theoretical concepts behind a proposed exoskeleton actuator design.

Subsequently this chapter will propose a novel actuator design which along with an exoskeleton structure

will be conceived via mathematical modelling to decide certain optimal design elements, then simulated

in software using a MATLAB Simulink simulation to test kinematic feasibility as well as prove the

robustness of said mathematical model by comparing it to simulated reality. This theoretical framework

will be used to build a practical exoskeleton design within subsequent chapters.

3.2 Human Movement

The Kinematics of the Leg are important to consider when designing an exoskeleton. [25] recognises 8

primary degrees of freedom, 3 in the hip, 2 in the knee, and 3 in the foot, although simplifies it to 6 for

kinematic models. Details of Joint Angles are summarised in Table 14.

The Hip has three degrees of freedom, consisting of:

Flexion and Extension: Forwards/Backwards motion. Limits are 120° flexion and -45° Extension.
Abduction and Adduction: Inwards/Outwards motion. Limits are 40° Abduction, and 30-35° for
Adduction.

Medial and Lateral Rotation: The leg’s rotary motion. Limits are 15-30° Medial Rotation, and up to

600 for Lateral rotation. Knee Flexion can change these values.

The Knee is generally modelled to have one degree of freedom, that being Flexion/Extension:

Flexion and Extension: Decrease/Increase in angle between thigh and shank. Limits are dependant
on the angle of the hip, Flexion ranging from 120° to 160° depending on whether the hip is
extended or flexed.

Medial and Lateral Rotation: Rotation Towards/Away from the centre of the body, only possible
when the leg is sufficiently flexed. Limits of Medial Rotation are roughly 15°, whilst Lateral

Rotation reaches maximum at 50° knee flexion.

The Ankle and foot have two degrees of freedom, consisting of:

Dorsal and Plantar Flexion: Upwards/Downwards motion of heel, limits are roughly 20° for
Dorsiflexion, and 40-50° for Plantar flexion.

Inversion and Eversion: Rotation of foot to bring toes closer to/further from the centre, limits are
roughly 30-35¢ for Inversion, and 15-20¢ for Eversion.

Pronation and Supination: Minor extra movement, a slight sideways abduction/adduction allowing

feet to rest on angled surfaces. Limits are roughly 10¢ for Pronation and ~3¢ for Supination.
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Table 14 - Table of Leg Angle Ranges adapted from [198, p. 4]

Joint Mobility Range of Motion (deg) Comfortable Range (deg)  When this occurs
Hip/Thigh 113 / -45 39.55 /-15.75 Default Standing 0°
(Flex/Extend) 90 /-30 31.50 /-10.50 When knee is flexed 900
Knee/Shank 113 (Standing) 39.55
(Flex) 125 (Prone) 43.75 Hip is Neutral 0°

159 (Kneeling) 55.65

80 (Standing) 28.00 Hip is flexed 90°
Ankle/Foot 38/-35 13.30 /-12.25 Knee Neutral 0°
(Dorsal/Plantarflex) 36 /-33 12.60 / 11.55 Knee Flexed 90°

3.2.1 Movement Kinematics and Modelling

An exoskeleton must however be able to do more than simply move within and up to the constraints of the
body. Ideally it should be able to move with the body while causing as little restriction as possible while
the body itself is performing a movement action such as walking, crouching, standing, or
ascending/descending stairs. It may also have to be able to deal with changes in terrain during these
motions, or combinations of them, such as if a person is walking over uneven terrain, then a pre-set gait
pattern will inevitably fail due to not being able to react to unpredictable changes in the amount of
movement the foot will take or angle with which is it in contact with the ground. Common actions can be
broken into two types, standing actions, such as standing up and sitting down where a user does not move
much from the spot they start in, and moving actions, such as walking and ascending/descending stairs,
where the user must be able to consistently place one foot in front of the other. These actions require far
more control of one’s posture and therefore assuring that their centre of mass stays within a region of

stability [199].

Walking is a very efficient method of movement for a healthy person, with minimal metabolic cost for unit
distance travelled. At a basic level, walking can be defined as consisting of a double support phase (both
feet on the ground), and a single support phase (one foot is on the ground), additionally each leg can
individually be in either a Stance or Swing phase. Stance and Swing are defined as points during a stride
when the foot’s heel first touches the floor (heel-strike/initial contact), and when the toe leaves the floor
(toe-off /pre-swing). As seen in Figure 10, from heel-strike to toe-off the foot will be on the floor and so in
stance phase; from toe-off to heel-strike the foot will be off of the floor and so in swing phase. The stance
and swing phases of each leg roughly oppose each other, such that one leg is roughly in the middle of its
swing phase (mid-swing) while the other is in the middle of its stance phase (mid-stance), and therefore
under single support phase for the majority of gait, with times around either end of each where both feet

are on the floor, a minority double support phase [200].
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Figure 10 - Gait events over one cycle.
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Figure 11 - Knee Angle changes over 10 Gait cycles. 20Hz sampling rate.

During this process, the angles of the hip, knee, and ankle will vary over the course of the stride in a manner
that is consistent across multiple step cycles (presuming a consistent walk), as seen in Figure 11 the
process consists of the Right Heel Strike (1), Left Toe Off (2), Left Heel Strike (3), Right Heel Strike (4), and
finally looping back to Right Heel Strike (5). The Knee Angle seen in Figure 11 follows a consistent loop of
Stance (1-3) and Swing (3-5) phases. Note: 0 Degrees represents standing straight. This cycle is however

delicate, and as such walkers with disabilities may quickly find losses in efficiency.
3.2.2 Differences between healthy and pathological gait

As seen in Figure 12 [201], from a patient with paralysed quadriceps, there is far more variation in joint
angles and sharper changes as the walker is unable to properly extend their knee, they must instead flick
it forwards using the hip, leading to a higher hip angle and a more violent knee angle change. The end result

would require more energy from the hip as well as leading to long-term stretching of the back of the knee.

In comparison with a healthy posture, sufferers of crouch gait for example can have numerous pathological
gaitissues stemming from excessive flexion/extension in the hip, knee, and/or ankle [202]. During walking,
the Hamstring will be overextended when compared to regular walking, leading to more strain on it.
Additional strain can result in stretching and damage to the muscles, which will result in further crouch

and further damage, and so on as the user’s walking ability continues to degrade.

School of Engineering Page | 49



Theory and Initial Prototyping

This can be visually seen as a gradual increase in knee flexion. During the Single Support Phase there is

increased hamstring activity for accelerating the knee and hip forwards.
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Figure 12 - Pathologic Gait [30, p. 13]

Effectively, as a result of undesired strains upon the individual’s bones and muscles in ways that were not
naturally intended there is a higher rate of musculature and bone degradation, to which an exoskeleton
may be able to reduce by supporting the wearer (and so reducing weight upon their muscles/bones) and
correcting their gait. There are a variety of defined Pathologic Gait types, such as Hemiplegic, Diplegic,

Ataxic, etc [203], although this is beyond the scope of this research.

3.2.3 Summary

This section acts as a summary of common terminology within exoskeleton development as well as the
typical limitations of human joints relevant to this thesis. With this information the outline of the initial
aim, that being an assistive exoskeleton able to reduce gait degradation has been completed. Within the
next section, research is conducted regarding the state of the art of exoskeleton technology for both

hardware and software with a focus on a defined Low-Cost Methodology.
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3.3 Human Proportions

Some Exoskeletons, especially those designed for younger patients must consider that wearers will not be
of consistent sizes, and may experience considerable physical growth with age, as it is impractical to
rebuild an exoskeleton continually to fit an exact size, it is instead preferable to design an exoskeleton to
generically allow for a range of wearer sizes, isolating specific age groups and finding a natural middle
point to create an “average” exoskeleton with a certain percentage tolerance. This will be due to within an
age group there still being variation due to natural height differences, weight, and so on, and so some level
of adjustment capability would also be ideal when creating such exoskeletons. Although, it is not feasible
to consider every possible size a person could be for a specific age group due to occasional exceptional
individuals. Therefore, a reasonable cut-off point can be set for a lower limb exoskeleton such that it is able
to adjust to fit roughly 95% of possible candidates (values within 2 Standard Deviations of the mean leg
length and width), with this example given for an age range of 6-16 years old. Leg length variation can
come from numerous factors, such as diet, health, and pre-existing conditions, If a wearer suffered from a
gait disorder from a young age, this may cause growth stunts from excess strain to the legs as a result of a
pathological gait, and so their proportions may be lower than average especially for later ages [204].
Furthermore, leg lengths may vary on a single person, for example with Hemiplegic CP, where one leg may
be shorter than the other. It should be noted, figures for males will be used in all following examples, as

males tend to be both heavier and taller than females, and it is these maximum values that are of focus.

According to [205] 6-year-old male children have a mean Femur (Upper leg) and Tibia (Lower Leg) length
of roughly 30cm and 23.4cm respectively, with 95% being between 26.6cm-33.6cm (Femur), and 20.3cm-
26.4cm (Tibia). For 16-year-old male teenagers there is a mean Femur and Tibia Length of 45.5cm and
35.3cm respectively, with 95% being between 41.7cm-49.2cm (Femur), and 32.0cm-38.7cm (Tibia). This
shows a maximum physical change of 22.6cm in Femurs, and 18.4cm in Tibias over the course of 10 years.
This data is however provided by a Korean source, with Korean male adults being on average slightly
shorter than UK male adults (173.8cm (South Korea) vs 178.2cm (UK)). Additionally, this measures the
length of the bones, not the total leg length (the foot would not be included in the lower leg length for

example).

Additional information collected by M.O.T..O.N Interreg [206] which was collated from several sources
([207], [208], [209]), reported average upper leg lengths of 31.8-38.7cm, and lower leg lengths of 30.0-

36.2cm for children between 8 and 12 years old (male and female).

Upper and lower leg width must be considered as well as length in order to make a properly fitting device.
There however seems to be much less documentation on average leg widths, this factor is primarily tied to
average weight, which is the final necessary known quality in order to calculate force requirements for
actuators. For designing an exoskeleton to account for a variety of leg widths, the use of softer attachment
methods such as belts with multiple locking points is relatively common and allows for a simple

implementation that covers most reasonable leg widths.

School of Engineering Page | 51



Theory and Initial Prototyping

According to the NHS [210], UK Male children weigh between 16.5-27.5kg at 6 years old, and between 45-
86kg at 16 years old (2rd-98th percentiles). It also predicts total heights between 106-126cm at 6 years old,
and 158-189cm at 16 years old. The weight of individual leg sections can be found as a proportion of the
total body weight, for an adult the proportions of the upper (thigh) and lower (shank + foot) legs are
14.78%, and 6.10% respectively, or 7.39% and 3.05% per leg [211]. It should however be noted that the
leg length and therefore weight in relation to total height tends to increase with age from child to adult,

especially around puberty.

However, by comparing the Body Height (BH) to Leg Length (LL) ratio of an adult with that of a child we
can estimate the appropriate leg weight proportions of the child. According to [209], men aged 21 have an
average BH/LL Ratio of 1.06, 16-year-old children have a ratio of 1.045, and 6-year-old children have a
Ratio of 1.18. From these results an 11% decrease in leg proportion between the 6-year-old and adult
values can be observed, as such it can be presumed that for this age group, the average weight proportions
of the upper and lower legs would be 13.27% and 5.48% respectively (6.64% and 2.74% per leg). These

values are displayed in Table 15.

Table 15 - Averaged Leg/Body Length and Weight for 6- and 16-year-olds (Sitting Height from Buttocks to Head)

Upper Leg Lower Leg Body (Sitting Height)
Age  Length(cm) Weight (kg) Length (cm)  Weight (kg) Length (cm) Weight (kg)
6 26.6-33.6 1.1-1.75 20.3-26.4 0.45-0.75 60.0-70.0 13.41-22.34
16 41.7-49.2 2.98-5.71 32.0-38.7 1.23-2.36 84.0-100.0 36.56-69.88

These values can be used as a baseline for children and young adults in future calculations. However, prior
to this a basic model would be created to outline how the wearer’s dimensions and leg positions would

affect the amount of weight the exoskeleton would theoretically need to be able to support.
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3.4 Concepts

This section will cover the mathematical theory developed for the research project, consisting of a
simplified mathematical model of a potential wearer within the sagittal plane, as well as the initial design
concept of the Exoskeleton, the actuation technique behind it, and the arithmetic required to calculate the

ideal actuator position using the wearer’s current state.
3.4.1 Centre of Mass (CoM)

To find the centre of mass, one can model the lower leg, upper leg, and body as a three-part inverted
pendulum (Figure 13), with the centre of rotation being at the point where the foot (modelled as an
infinitely small point) touches the floor. Assuming the leg/body length and weight values are known and
remain constant, the Horizontal (Equations (2), (3), and (4)) and Vertical (Equations (5), (6), and (7))
Coordinates of the wearer’s centre of mass can be estimated per body part. As this is a Lower-Body model,
it does not consider the upper body, assuming the arms and head remain in line with the body. Similarly,
the model assumes the wearer does not angle themselves outside of the sagittal plane. Note this model
measures forward/down as negative and backwards/up as positive with zero as the Centre of Rotation.

The Horizontal Coordinates for Lower leg X, Upper leg X,, and Body X; CoM’s are:

wy, = Body Weight
w,, = Upper Leg Weight
w; = Lower Leg Weight
1, = Body Length

1, = Upper Leg Length
l; = Lower Leg Length
8, = Hip Angle
0, = Knee Angle
0, = Ankle Angle

Figure 13 - Sagittal Plane Linear Inverted
Pendulum Diagram
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X, = %cos(ﬁa) (2) - Lower Leg CoM X Position

X, = I, cos(6,) + lu/2 sin(@k + (6, — 90)) (3) - Upper Leg CoM X Position

Xp = 1 cos(6) + Lysin(0) + (0 — 90)) + 2/ sin(6) + 6, + (6, —90)) (4] Body CoM X Position

The Vertical Coordinates for Lower Leg (Y1), Upper leg (Yu), and Body (Yy) CoM’s are:

Y, = %sin(@a) (5) - Lower Leg CoM Y Position

Y, = I, sin(6,) + lu/2 cos(@k + (6, + 90)) (6) - Upper Leg CoM Y Position

Y, =1;sin(8,) + lucos(ek + (6, + 90)) + lb/z cos(@b +0,+ (6, + 90)) (7) - Body CoM Y Position
The lower leg is directly connected to the rotation point, the upper leg connected via the end of the lower
leg (and therefore its orientation angle is dependent on the angle of the lower leg angle), and the body
further connected to the end of the upper leg (and therefore its orientation angle is dependent on both the

upper and lower leg angles).

The position of the Centre of Mass Horizontal and Vertical Coordinates of each part (lower leg, upper leg,
and body) are biased by their weights to determine the total Centre of Mass. (10) and (11) show the full
CoM Calculation considering both the left and right legs (denoted with “/’ and “#’ subscript notation) as
well as body position. Orepresents any offset between the connection to the ground in the X/Y plane for
the right leg and left leg, with the left leg considered the origin “zero” point. Offset O can be found either by
physically measuring this distance or calculating it ((8) and (9)).

o0,= (sin(Qhr + Gkr) - Sin(GhT)) - (sin(ehl + Hkl) - sin(ehl)) (8) - X Axis Offset of non-centred
leg

0, = (cos(@hr + HRr) - cos(@hr)) - (cos(ehl + ka) - cos(@hl)) (9) - Y Axis Offset of non-centred
leg

((Xu sw ) + (X xwy ) + (Xb,z * %)) + (Ox + (X xwip) + (X *wy ) + (ij * %))
XCOM N Wl_l + Wl_?" + Wu_l + Wu_r + Wy
(10) - Centre of Mass X Coordinate relative to Centre of Rotation
Y ((Yl_l * Wl_l) + (Yu_l * Wu_l) + (Yb_l * %)) + <0y + (Yl_r * Wl_r) + (Yu_r * Wu_r) + (Yb_r * %))
CoM =

Wl_l + Wl_T‘ + Wu_l + Wu_r + Wy

(11) - Centre of Mass Y Coordinate relative to Centre of Rotation
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Model Limitations

The Model seen in Figure 13 has several limitations innate to it that shall be expanded upon. None the less

it will continue to be used within future chapters.

This model defines all objects as having all mass located at a single point-sized CoM (Centre of
Mass), assuming an unchanging density throughout the object that results in the CoM being
directly located at the centre of the object, rather than a mass distributed continuously throughout
the object relative to any varying densities. This is done to retain simplicity.

This model considers all mass above the hips as a uniform “Body” mass, and so changes to the
distribution of the centre of Mass due to the movement of the arms and head are not considered.
As this model is a Lower-Limb Exoskeleton, and is therefore limited to the lower-limbs, there
would not be any way of measuring the movement of the arms, and as such the model reflects this
limitation.

This model assumes there is always enough friction in connection with the foot to the ground such
that the user would not slip, effectively meaning that the foot is fused to the floor and that all force
is directly applied by the foot to the ground without creating additional movement. Similarly, it
implies both feet are touching the ground. Considering these factors would increase model
complexity beyond necessity.

This model only considers the weight of the user, and not any additional weight they may be
carrying. Negligible examples could include clothing, technological peripherals, etc. Less negligible
examples include backpacks or the to-be designed exoskeleton itself. Known weights such as the
latter could be factored into final calculations as additional body/leg mass when they are known.
This model only considers force due to gravity, and not any additional force due to muscle strain
or torque/inertia from movement such as the user deliberately flexing/extending, or an
exoskeleton actuator doing the same, or an external force applied to the user. This is deliberately
not considered as part of this model which aims to find the base centre of mass. Effectively, the
model only considers gravity, and later considers actuator counterforce for a single instant
assuming that the model was entirely static prior to this point and that any initial inertia is ignored.
This model only considers the sagittal plane, and as such assumes the user’s legs are not angled to
the side (abducted/adducted) or that the surface the user is standing on is not angled outside of
the sagittal plane. Considering other planes would make the model more complicated. The
exoskeleton design will also be focusing on the Knee Joint, which only has Sagittal plane
flex/extension movement.

This model assumes that the body, upper leg, and lower leg cannot collide with each other, as the
ability for the upper leg to rest upon the lower leg such as during a high knee flexion squat reduces

the torque of the upper leg due to gravity [212].

With these limitations considered, this Linear Inverted Pendulum Model can be used to simulate the

supporting force a knee-mounted linear actuator design could provide.
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3.4.2 Theoretical Actuator Force

The Core exoskeleton concept is the support of the wearer’s upper leg by providing a way to rest it upon a
compliant linear actuator, easing the work of the natural movement of the Quadriceps Femoris and
Hamstring Muscles during walking and crouching. When simplified and viewed in the sagittal plane as seen
in Figure 14, the body and leg can be described as an Inverted Pendulum with a linear actuator connecting
from the lower leg to the upper leg applying a force “F” to the upper leg. As with the prior model in 3.4.1
this too consists also of an attachment point to the ground representing the Ankle and two further joints
representing the Knee and Hip. This model considers the applied counterforce to be an infinitely small
point whose angle can always be perfectly calculated by knowing the knee angle. In practice this will not
occur due to bending of the linear actuator and attachment points, resulting in a slight uncontrolled

deviation.

wy, = Body Weight
w, = Upper Leg Weight
w; = Lower Leg Weight
l, = Body Length

1, = Upper Leg Length

W

], = Lower Leg Length
1, = Upper Leg Actuator
Connection Point
Iz = Linear Actuator
Length

8, = Hip Angle

B, = Knee Angle

6, = Ankle Angle
Br = Force Angle
Fy = Horizontal
Force Component
F = Actuator Force

Ankle

Figure 14 - Sagittal Linear Inverted Pendulum
with Actuator
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The Length values /, 1, and I, represent the lower leg, upper leg, and body lengths respectively, with I,r
representing the length between the knee joint and linear actuator connection point where force is applied

to the leg. Irrepresents the effective length of the linear actuator, which varies with knee angle.

The Weight values, w;, w,, and w; represent the weights of the lower leg, upper leg, and body respectively.

They apply a constant torque about the Centre of Rotation due to gravity.

The Angle values 8, &, and &, represent the joint angles at the Ankle, Knee, and Hip respectively, with &
representing the angle at which Actuator Force is applied to the Upper Leg (The “Force Angle”). Within

Figure 14 it is part of a triangle with 8xand may be derived from it.

Finally, #Represents the force applied upon the upper leg by the linear actuator, which would connect
between upper and lower leg connection points. This Actuator acts to support the wearer’s knee, with the
force it provides acting to counteract some percentage of the torque applied by the upper leg and body
weights due to gravity (itis assumed the user is not deliberately flexing their knee and attempting to crouch
or applying some other kind of force, as otherwise the resistance of the actuator would be undesired). Only
the Horizontal component of this force perpendicular to the upper leg value Fywill be useful in supporting
the knee. The vertical component meanwhile is parallel with the upper leg and so not aiding in rotation
(Horizontal and Vertical are used relative to the upper leg in a standing position). For example, if the wearer
was standing perfectly straight (6 = 180, 8r= 0), Fy would be zero as the force and leg weight would be
perfectly in line with the lower leg and the ground, and as such would entirely consist of its vertical force
component. The proportion of useful force varies with 85 at 90°, the linear actuator would be
perpendicular and so all force would be applied usefully. In later sections the value of 8- dependant on &k

will be modified to provide more desirable angles at times where more force is needed.

Modelling The Force Applied to Upper Leg
To calculate the value of F at any value of ;the model can be simplified for ease of calculation. By assuming
that 8, =90 one can display the three forces acting upon the upper leg as a series of infinitely small points

applying torque about the knee, which acts as the Centre of Rotation (CoR). (Figure 15).

.FH = IIIF * FS.I‘:HI:HF]

[ .
Fy = “;/2 + sin(fy) * wy v
. [ .
F;, = (Eusm.(ﬂkj + ”fz sin(8, + H‘kj) £ W,

Figure 15 - Moment about the Knee
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These equations assume positive values as backwards and negative as forwards.

- F,=Torque about knee due to Gravity from Upper Leg Weight

- Fp=Torque about knee due to Gravity from Body Weight

- Fy=Torque about knee due to Linear Actuator Force Perpendicular to Upper Leg
In a worst-case scenario, assuming that the wearer is entirely resting upon the actuator and providing no
muscular force, then the equation Fy = F, + Fp would result in a stable system where the force provided

by the actuator balances the weight of the body and upper leg. Substituting £, F5 and Fyin (12):

(lupsin(ep)) *F = ( l“/z sin(@k)> * Wy, + (lusin(ek) + lb/z sin(8, + Gk)) * W
(12) - Balanced Equation where Linear Actuator Counterforce matches Torque from Gravity about knee.

Which can then be Re-Arranged to find F to form a simplified equation for calculating the required

supporting force described in (13).

lys .. . Ly, .. (13) - Re-arranged Horizontal
/2 sin(By) |+ wy + (lusm(Gk) + /2 sin(y + ek)) * Wb Force Component Calculation

Fy, =
H lyr * Fsin(6g)

To make a model that also considers the position of the lower leg and ankle, each term must consider the
effect of the lower leg length on its horizontal length component, and the angle of the ankle on all future
joint angles. As such, each Equation gains the term “I;cos (6,)” and adds (6, — 90) to each subsequent joint
angle. This creates the full Equations (14), (15), and (16).
l ) (14) - Upper Leg Torque on Knee due to gravity
F, = (ll cos(8a) + u/2 sin(By + (0o — 90))) * Wy that considers ankle angle.
Fp = (ll cos(0,) + lusin(Bk + (6, — 90)) + lb/z sin(Gh + 0, + (6, — 90))) * W
(15) - Body Torque on Knee due to Gravity that considers ankle angle.

Fy = (l;cos(8,) + Lpsin(6p)) * F (16) - Horizontal Component of Actuator Counterforce that
considers ankle angle.

If the F, Fp, and Fy sub-equations are combined as was previously, they can be re-arranged to find the
required Actuator Force Fto counteract the weight of the upper leg and body, assuming no other provided
forces such as the muscles. Effectively making it the “worst case” scenario. If considering two legs, the force
of the weight of the body would be split across each leg proportionally, this proportion would vary
dependant on the position of each leg, if the legs occupied the same sagittal position then this split would
be 50/50, if one leg was supporting the body whilst the other did little the proportion would be closer to
100/0, the equation for this proportion value is seen in (17). This proportion is shown in the equation as
P or prfor left or right knee respectively and would vary between 0 to 1 and is calculated as a ratio of the
force applied by the body upon the left or right knee (F},, or F,_) over the sum of the forces applied to both

knees. The Full equation finding the actuator counterforce Fis shown in (18).
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As has been stated, these equations are designed for a model that only considers the sagittal plane, if the
wearer were to move their body to the side to press more force on one leg than another or abduct/adduct
their legs these factors would not be considered. Similarly, Force Fis only considered in a single instant,
prior inertia is not considered.

Fpivr (17) - Proportion of Body weight on left and right knees.

LVR =
p v FbL+FbR

I cos(0a) + "/ sin(6y + (6, — 90))) wwy + (1 c05(0) + Lysin(0 + (6 — 90)) + 2/ sin(0 + 61 + (0 — 90)) ) * wy * pLy
Fovem = Iy cos(6y) + lyp * sin(6g)
(18) - Full Equation for Calculating Linear Actuator Counterforce on Left (F1) or Right leg (Fr)

Applying the Model to Worst-Case and Reasonable-Case Squats

While the model cannot provide predictions for the force applied to the actuator during movement as it
does not take into account joint torque or inertia from movement, only the effect of gravity, as this would
considerably increase complexity (examples of such derivation are seen in [213]). It instead can estimate
a “worst case” rest force scenario for if the wearer were to rest their entire weight upon the actuator and
provide no assistance at the knee as with a squatting position. From there it can be assumed that all “real”
values will be lower than this worst-case, assuming that the wearer was not performing an active crouching

motion or some other deliberate act.

Figure 17 - Worst-Case Squatting

Position Figure 16 - MATLAB Simulink simulation of

worst-case model. (red: upper actuator
connection point, yellow: lower actuator
connection point)
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A Worst-case squatting position shown in Figure 17 is defined as the position with the highest horizontal
moment about the knee, which is when the upper leg is horizontal and lower leg vertical. The Weight and
Length Values of the Upper Leg and Body will be drawn from Table 15’s 16 Year old average values (w, =
4.22kg , I, = 45.45cm Lower Leg, and wj, = 53.22kg, /» = 92cm Body & Head). The length of the actuator
counter force from the knee joint is defined as 1/3 upper leg length (I,r = 15.15cm), both legs are assumed
to be in the same sagittal position (body weight is split equally across both legs, so p; = 0.5). (19) displays
the calculation process.
(19) - Calculating Counterforce for
F,= (0 + 0.454-5/2 sin(90 + 0)) «422g=9.4077 N Worst-Case Scenario
Fp = (04 0.45455in(90 + 0) + 092/, 5in(90 + 90 + 0)) » 53.22g = 237.2891 N

180-90

FH=O+O.1515*Fsin( ):Fu+ Fp * P,

p - (94077 +(237.2891 » 0.5))/ > F=1195.335164 N
- 0.1515 sin(45)

Assuming the Lower Leg Actuator Connection Point is an equal length from the knee joint as the Upper Leg
Actuator Connection Point is, the distance between the upper and lower linear actuator connection points
Ir will be 21.43cm calculated via Pythagoras theorem. By creating a triangle from the knee angle and
upper/lower connection lengths, with the linear actuator length as the hypotenuse. If the Linear Actuator
is modelled as a spring of unloaded active length / , loaded active length /; and active spring constant %,
Equations (20) and (21) can be formed to find the unloaded Spring Length. The Loaded Spring length will

either be equal to /ror derived from it (32):

F=k(lsy—1)- lgu= F/k + 1 (20) - Calculating Unloaded Spring Length

Substituting Ir = 21.43cm into /, F=1195.43, and k= 5000 (arbitrary spring constant).

l. = (119534 + 0214 - L. = 0.453068 (21) - Calculating Unloaded Spring length in
- ( /5000) - Worst-Case Scenario

These calculations are appropriate for a 65.5kg individual that is around 172.85cm tall, values derived

from Table 15.

Using these values, a simulation was created in MATLAB Simulink (Figure 16) to test the validity of the
Mathematical model. This Simulink model had dimensions and weights equal to those used in the prior
equations. Using the previously stated kvalue to represent the spring constant, the ideal spring length was
calculated to be 0.453 metres (21). A Spring force of this length was placed between the red and yellow
boxes shown in the figure, with the knee joint using a free-moving revolute joint. When this simulation was
run the instantaneous force registered by the spring was 1193.58 N at 90.00 Degrees, with the force after
10 seconds of simulation stabilising at 1198.919 N at 90.54 Degrees. These results, being within 0.3% of
the predicted value of the model were considered sufficiently accurate, with rounding error considered the

likely reason for this minor difference, with a slightly higher force resulting in a slightly higher knee angle.
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As shown in Figure 18, the Simulink Model consists of a Main System component for initialising gravity
and the World Frame, this connects to two leg components each consisting of three revolute joints. The
Foot of each leg is directly connected to the world plane and immovable, the ankle joint is locked at a pre-
setvalue, the hip joint is weighted such that the body always remains vertical, and the knee joint is allowed
to move freely. A Spring Force connects between the lower and upper leg components that is preset to a
certain length prior to the simulation.

Right Leg Right Knee Force

SpringForce | B3| 1202.1056991636

vty Ground Connection

KneeAngle 4»_%. 90.536664760818|

Right Knee Angle

Elaity HipConnection

-\ Left Leg Body
Create Plane, Gravity, Etc o
P HipConnection

Attached to Surface 2% Ground Connection Left Knee Force

] | : 1198.9193311482
Gravity ) SpringForce |———>p———P]

Gravity1 @ Gravity KneeAngle b : > > 90.536664760818

Main System Left Knee Angle

Figure 18 - MATLAB Simulink initial lower-leg model

This basic model will be expanded later in 4.3 to further optimise the system. Currently much of the force
Fapplied to the leg is lost within the Vertical Component. Ideally, the moment about the upper leg would
be increased. Theoretically increasing the value of the upper actuator connection length /,rand so placing
the Horizontal Force Component Fy further away from the centre of rotation would increase the torque
applied by it due to improved leverage. In reality unless the lower actuator connection point of Fwas also
increased to match on the lower leg this would cause a reduction in the Force Angle 85 which would result
in the Horizontal Force Component Fy being a lower proportion of force Foverall, therefore requiring the
actuator force to be increased to counteract this, additionally it would increase the linear actuator length
Ir, increasing its weight and size. This force inefficiency can be seen with the already existing example in
Figure 17, as whilst Fwas equal to 1195.42N, the actual usable force, £ was only ~70.7% of this (845N),
with the rest of the force effectively being lost due to the fact that the force was not perpendicular to the
lower leg. As such, the Vertical Force Component can be lowered by increasing the Force Angle 5 however
as it is innately tied to the Knee Angle 6 it would instead be desired to make it such that a high 8-would
be most prevalent during the times where the supporting force would be most useful, such as when the
wearer was squatting or flexing/extending their knee during walking, where the moment about the knee

will vary in both stance and swing phase [214].
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3.4.3 Ideal Actuator Placement and Force Transfer

Not all torque the linear actuator applies to the upper leg will be in its horizontal component, the exact
proportion of horizontal to vertical component forces is innately dependant on the knee angle and the
position of the lower and upper linear actuator connection points as these determine the force angle “&¢.
These Linear Actuator connection points can be adjusted vertically (parallel to the leg) to be placed closer
or further from the knee joint, as well as horizontally (perpendicular to the leg) by shifting them out of line
with the leg and on to “Stickouts” set out perpendicular to the legs at known lengths, examples of both can
be seen in Figure 20 with (B - Vertical Adjustment) and (C - Horizontal Adjustment) both being examples
of increasing the Force Angle by altering the actuator connection points. The distance between the Upper
and Lower actuator connection points and the Knee Joint is represented as /,»and /i respectively. When
creating a Stickout, these force connection lengths themselves consist of a Horizontal and Vertical
Component; /,zand 1,y for Upper Leg, or /zand /iy for Lower Leg. Irrepresents the Length of the Linear

Actuator.

For the purpose of finding the efficiency of useful force transfer the exact pose of the upper and lower leg
are irrelevant for this calculation, only the knee angle between them. Although it is assumed that any force
applied to the lower leg by the linear actuator would not cause it to be pushed away. As with prior model

examples this model looks at a single instant of force without considering inertia or prior torque.

Whilst the Force Angle is still affected by the Knee Angle, it can no longer be assumed that the Force Angle
will be exactly half of (780-6k), as the upper and lower actuator connection points lengths may be different,
or not directly attached in line with the upper/lower leg. Therefore, first it is required to calculate the
distance between the Linear Actuator Connection Points /= The length of the linear actuator across the
knee can be estimated via the knee angle using the Cosine Rule, as /5 /5 and Ir form a triangle. The

Stickouts are assumed to be perpendicular to the exoskeleton itself, as seen in Figure 19.

If not already known directly, /,-and /are calculated via Pythagoras theorem, The Angles between these
lines and their leg sections would be 8,and 8, these would be used to alter the Knee Angle, which, due to
the horizontal Stickouts would no longer represent the angle between the Actuator Connection points, the

new angle representing the angle between the connection points would be G~
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(A) (B) (C)

Figure 19 - Calculating Linear Actuator  Figure 20 - Adjusting 6r by moving Actuator Connection
Length “Lr” and Force Angle OF Points. (A: None, B: Vertical, C: Horizontal (Stickout))

Based on this, a new set of equations can be made to calculate the length between the knee joint and

actuator connection point /,rand /= As well as the angle between them and the knee itself 8,and 6,

Find length between Upper/Lower Actuator Connectors and Knee Joint ((22) and (23)):

R ) (22) - Length from CoR to Upper Actuator Connection Point
Lyp = g+ 1y
) 5 (23) - Length from CoR to Upper Actuator Connection Point
Lr = |liy +liy

Find Angle Between Actuator Connectors by altering Knee Angle ((24), (25), and (26)):

1 <luH) (24) - Angle between upper leg and connector
0,=tan" (—
uv
1 (llH) (25) - Angle between lower leg and connector
0,= tan " | —
Ly
Orr = 0, —(6,+6) (26) - Adjusted Knee angle to consider connector angles and stickouts

Hence, Actuator Length is calculated via Cosine Rule (27):

27) - Length of Linear Actuator
lp = \/lﬁF + 12 — (2 % Lyp * Lip % cos(8kr)) (27) gth of

Additionally, using Actuator Length and the Sine Rule, the Force Angle 6k can be found (28):

0 — <ll}:‘ * Sin(BkF)> (28) - Force Angle between Upper Leg and Linear Actuator
F=sin"" | ——

lp
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The Force Angle, the Angle at which the Linear Actuator applies force to the leg determines the proportion
of “useful” force within the horizontal (perpendicular) component that may rotate the leg and “wasted”
force in the vertical (parallel) component that is pushed up the leg and provides no assistance in knee
motion (29).

Fy = Fsin(6p) (29) - Horizontal Force

Component Fy
(From
Stickout)

Fy
(From Upper Leg)

Whilst £y does not appear Horizontal to the leg, as
seen within Figure 21 it is tangent to an arc that
when rotated to be in line with the leg would be
perpendicular. Applying force to the Stickout rotates
the effective pose of the leg. With the Force Angle &r
now able to be calculated, the ideal Stickout design
would be one that would maximise the Horizontal

Force Component Fy for the most useful angular

period, such as during squatting or walking. Figure 21 - Upper Knee Force Components Example

Four different designs were considered to try to find the ideal position of the actuator connections and
Stickouts. For each of these, the proportion of force contained within the Horizontal Force Component was
calculated as a percentage for all angles between 180° (Knee is Straight) and 0° (Knee is folded in on itself).
The four general designs displayed in Figure 22 were No stick-out (a), only bottom stick-out (b), both stick-
out (c), and top inverted stick-out (d). The horizontal force component would then vary with knee angle,

and so each was calculated and graphed.

(a) (b) (c) (d)

Figure 22 - Actuator Connection and Stickout Designs.
a: No stick-out, b: Bottom stick-out, C: Both stick-out, d: Top inverted stick-out
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There are four variables concerning the Horizontal and Vertical Actuator Connection Distance Components,
these being /,; and /iy for how far the actuator connection Stickout are from the knee joint, and /,» and /iy
for how long it is; these would be tested at several variations to look for an optimal value. The resulting
“Best” values were determined based off of calculating the summed total force Frequired to support the
wearer at all angles between 0- and 180-degree knee angles during a crouching motion. The crouching
motion calculated was an idealised crouch where the lower leg remained perpendicular to the ground, and
the hip angle would be the inverse of the knee angle, such that the body remained vertical during knee

motion (eg: when knee angle was 180°, body would be 0°).

These calculations followed the model created in this chapter. A Python program was created to iterate
through each possible combination of /5 L# /i, and Jzincrementally. The length between the knee and
Upper leg actuator connection point /,» varied between 4cm and 20cm, and Lower leg connection point
length /iy between 4cm and 16cm, these being half of the minimum average lengths of a theoretical 16-
year-old participant from Table 15 and used in prior calculations (Figure 17 and (19)). Meanwhile the
stickout lengths /., and /i varied between Ocm and 16cm. Each value would be tested initially with 1cm

increments, resulting in a total of 49,152 combinations with 8,847,360 total iterations.

The program would calculate the force profile for each of these combinations between a range of knee
angles between 180 to 0 degrees and retain the “best” value based on the finite integral calculated between
this range. The Lower the integral value, the lower the total required force and such it was theorised the
more efficient the overall force transfer would be across the entire crouch movement. As this process was
effectively O(n*), or O(n®) if considering knee angle, more detailed ranges could not reasonably be
performed without resulting in excessive processing times. Instead, a broad test would be performed first
before then later tests with more limited ranges but more precise increments would define exact values.

The full Finite Integral for the simplified crouch is seen in (30).

o <lu / Sm(gk)) ewy + (Lusin(8) + '/, sin((180 — ) + 6,)) * w * 0.5
Frun | |
sum o L+ (llF * sin(0, — (6, + 9[)))

lp

doy

(30) - Finite Integral of all Force values over set Knee Angle Range

During this crouching motion, it would be possible for the Stickout sections to “collide” if the knee angle
were to decrease below certain values that would cause the Stickouts the be in the same position as each
other. This would result a in sharp spike of force values (that would in a continuous integration go to
infinity) and the force values to become negative afterwards as it would be “pulling” on the upper leg to
support its weight as opposed to “pushing” to return to the point of collision. This would not be possible
in the reality and so to de-incentivise these values such that there would be as large a region as possible
before collision when calculating the summation of forces, negative values were made positive and
multiplied by a multiplication value, effectively making negative values proportionally worse than equal
positive values as lower values were preferred. Several different multiplication values were tested,

between 1 and 10 discussed later in Figure 28 and Figure 29.
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All values were capped to a maximum of 2000, such that the large collision “spikes” would not overly bias
results negatively as well as prevent integrals getting stuck on tending to infinity, with 2000 being slightly
higher than the largest expected value (~1600). The results, seen in Figure 23, are the force profiles of a
simplistic crouch model where exoskeletons of ideal Horizontal and Vertical Stickout length values are
supporting all of the weight of the user (the same weights used in Figure 17’s equations). In both cases
Negative “Collision” Values are displayed as their actual calculated values rather than their modified
disincentivising values. Note that in Figure 23 and Figure 24, the four numbers after the name represent

Luv, Lum, Iivand iz respectively as defined in Figure 20. The ideal lengths were:

- No Stickout: /Z,y=20cm, Z,z=N/A, Ilv=16cm, /Iz=N/A

- Low Stickout: /,v=20cm, L,z=N/A, ly=16cm, /ly=12cm

- Both Stickout: ,y=20cm, luz=3cm,  fy=16cm, /xy=12.25cm
- Inv. Stickout: Z,,=20cm, /,z=-9.75cm, /;y=15.5cm, /jz=16cm

1600

1400

1200 I
8
£1000
=3
20800
iz
= 600 .
2
& 400
]
£ 200
g o0
o

-200 NoStick 20, 0,16, 0 — = NoStick (Negative)

400 LowStick 20,0, 16, 12 LowStick (Negative)

BothStick 20, 3, 16,12.25 BothStick (Negative)
-600 InvStick 20,-9.75,15.50, 16 InvStick (Negative)
OnN o nownmowmownonowmounowmowmnowmownolwnowmownowmowmn oo

Knee Angle
Figure 23 - Force values required of ideal Stickout designs for knee angles of simplified crouch.

The similarities between the Stickouts included a clear preference for the largest upper vertical component
and lower horizontal component (No Stickout does not have a lower Stickout horizontal component, and
so was zero), which was expected as maximising these values would increase the moment about the upper
leg and universally increase the horizontal force component respectively, leading to better force transfer.
No Stickout was a clear outlier, which was expected, having a notable increase in required force at higher
knee angles as opposed to all other designs. While higher knee angles would require a lower amount of
force due to more of the user’s weight being directed down their legs as opposed to rotating their knee
joint as torque, there would also be a decrease in the percentage of the horizontal force component of the
actuator out of its total applied force. For No Stickout this would approach zero percent useful force applied
at 1800 knee angle shown in Figure 24, therefore it would tend to infinity up until zero force is applied (not

shown in graph due to resolution). This would not be the case for any design with a lower leg Stickout.
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Figure 24 - Ideal Stickout designs Horizontal Force Component Force Proportion.

Other designs, possessing a lower leg Stickout of some
length retain a horizontal force component at 180°, and
therefore tend to zero force at 180° as assuming the body is
also vertical there would be no rotational force about the
knee as all the wearer’s weight would be directly

downwards through the leg. Each of these other designs

however encounters a collision at some point earlier than

Modelled
Collision

Figure 25 - Inverted Stickout Modelled
Collision vs Realistic Collision positions.

Real
Collision

00, noted by the force profiles when switching from positive

(pushing force) to negative (pulling force).

As seen in Figure 23 and Figure 24 while Both Stickout has a more efficient transfer of force at higher angles,
and therefore an overall lower force requirement, Lower Stickout and Inverted Stickout possess longer
ranges before collision whilst maintaining similar force profiles. From this experiment it was deemed that
Lower Stickout was likely the mostideal option, as whilst Inverted Stickout possessed a mildly larger range
before collision, this would be under the assumption that collision would only occur when the actuator
connection points collided (See Figure 25), in reality the lower leg Stickout would collide with the
exoskeleton itself before this point which would limit its range of motion to being worse than or equal to
that of Lower Stickout, which also possessed slightly superior force profiles. Only Both Stickout possessed
a notable spike in values near to collision as was seen in testing (See Figure 27). It is possible that the
program prioritised profiles with a lack of a spike, and therefore an overall lower summed force value, with
some results not having a spike due to limited resolution. It is unknown whether the spike in force would
have any real world effect, although it can be reasonably assumed to not due to it occurring immediately
prior to collision and likely represents the Stickouts not perfectly passing through each other during
collision but rather than being slightly ajar from each other, causing a brief period where the direction of

the linear actuator would rapidly turn as it continues facing between the actuator connection points during
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theoretical collision. At a single instant this would cause it to face away from the knee joint while being
perfectly in line with it, resulting in infinite required force as the horizontal force component would be
zero. Figure 26 shows an example of this. This infinite force does not appear during summations due to the
deliberate limitations put in place to prevent divide by zero errors within the code and excessive values
added to force summations, with any force value above 2000 set to a value of 2000 and any calculation that

would result in a divide by zero error skipped.

Figure 26 - Example "Collision” that would
result in infinite required force due to no
Horizontal Force Component, further flexion
beyond this would result in a negative force and
true collision with exoskeleton.

Seen as a “Spike” in required force within force
profile graphs, such as Figure 27.
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Figure 27 - Example of force profile (20/9/17/12) with "spike" around collision. Force Profile graphs only
display one value for each 1°, as such the spike may sometimes be missed if it occurs closer to the middle of
10 increments.

As was discussed prior, negative, or post-collision values were deliberately given a modifier that made
them worth a larger amount (EG: A Force value of -500N would be converted to +2000N). As the program
summed all force values and considered lower sums to be preferable, this acted as a primitive negative
reinforcement that de-prioritised negative values. This implementation would allow for there to be a trade-

off between minimising the Force Profile and Maximising the Knee Angle range before collision.
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To test which multiplier would be most appropriate, this trade-off was visualised by testing multiplier
values of 1 to 10. This formed the graph seen in Figure 28, with higher multiplier values resulting in the
“ideal” force profile having a smaller negative section, and therefore a wider knee angle range before
collision. They however paid for this with a less efficient transfer of force at higher knee angles (see Figure
29). It was clear that, given an infinite multiplier, the system would trend to a profile that collided at exactly
18009, in effect creating an identical profile to that of the “No Stickout” Implementation. As this was also not
ideal, the chosen multiplier would be between the two extremes. As there was not a strictly “Optimal” value,
nor a way to decide such a value that would not be equally arbitrary, a multiplier of 4 was chosen as its
collision point of ~26° was roughly halfway between 0 degrees knee angle and the collision point of the
Force Profile produced with a multiplier of 1.
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Figure 28 - Change in Lower Stickout Ideal Force Profile depending on Negative Force Multiplier Value
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With this design considered, it was implemented into the previously developed MATLAB Simulink model
seen in Figure 18. This model was modified to perform the simplified crouch manoeuvre. With a static
ankle angle of 90° and a freely moving knee joint supported by a Simscape multibody prismatic joint and
hip joint whose angle would move relative to the knee joint such that it maintained a vertical position. The
model was given the Stickout dimensions matching the ideal Lower Stickout (/,y=0.2m, /,z= 0, /y=0.16m,
Iz = 0.2m) and the prismatic joint was set with a force calculated from the force profiles to support all of

the model’s weight at a knee angle of 90°.

The Model was then set to a different starting knee angle to observe whether it would settle at 90° over
time. Additionally, the full model calculation was set to predict what force the prismatic joint would
theoretically be providing based off of the model’s actual joint angles. If the model successfully stabilised
at 900, and the predicted force matched the actual force, the model and theory would be considered
successful. A Second test would then connect this predicted force to the prismatic joint, which would

ideally stabilise the model at whichever angle was selected.

The force at 90° for the model using the specified Stickout dimensions and weights used in Figure 17 was
theorised to be 715.834N, the model started at a knee angle of 120° and as was hoped the model stabilised
at 90.002°¢ with a predicted force of 715.839N at this angle. During the second test, started again at 120°
with the predicted force connected to the prismatic joint force, the model stabilised almost immediately at

119.9890 with a supporting force of 741.104N, similar to the 741.0859N predicted in theory.

This was considered proof enough that the theoretical model was appropriate for predicting force values
within the simplified reality it was designed for, that being only considering static positions within the
sagittal plane. As such, the next task would be to further develop the theoretical exoskeleton design based
upon this model. For further resources regarding the development and testing of this model, see the listed

addendums at the end of this thesis.
3.4.4 Initial Exoskeleton Design

Minimising Financial, Weight, and Energy Costs whilst maintaining effectiveness represents the core
concept of the exoskeleton. The First implementation theorised the concept of an actuator design that did
not need to provide assistance constantly, but instead only adjust a passive compliant force providing
element when a threshold was reached. This idea effectively allows the actuator to remain unpowered for
the majority of the exoskeletons use-time, minimising energy cost. Additionally, if a passive element could
be the primary provider of assistance that would merely be occasionally adjusted by the actuator, the
actuator would not necessarily need to be of high precision, as the compliant nature of the passive element
would naturally adjust to minor inaccuracies by providing the leeway seen in Series Elastic Actuator
designs. This implementation is similar to others seen in [215], [216], and [217], with the actuator very

similar to a Jack Spring.
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Figure 30 displays this initial actuator design. Consisting of a rotary electric motor and a spring that acts

similarly to the ball screws on other exoskeleton designs that used rotary electric motors to provide linear

actuation.

Upper
Section

Spring
Compresses
under stress

Active Spring is
shortened by
motor as wearer
crouches

Figure 30 - Initial Exoskeleton Actuator Design

The spring, unlike the ball screw would be compliant allowing for
compression and extension as the user flexed or extended their joints
(The Knee, in this example), with the spring resting on a dowel-like rod
slotted through the Lower Section called the Spring Rod (see Figure 31).
Similarly to a Ball Screw, the Rotary Electric Motor could then rotate this
Spring to increase or decrease its effective length, with the spring being
split into an “Active” side between the Upper and Lower Section that
would be compressible as the Upper Section and Spring Rod that the
spring rests upon would be forced together during flexion. The “Inactive”
section beyond the Spring Rod where the spring would have no object to
force its compression meanwhile would remain uncompressed. The
Central Spring Restriction Rod through the spring would be required to
prevent the spring from bending, which would considerably reduce the
applied force as well as potentially apply unwanted stress upon the Upper

Section as it would too be bent, making rotation difficult.

School of Engineering

Upper
Section

Compressible
Active Spring

Actuator
Connection

Incompressible
Inactive Spring

Spring
Restriction Rod

Figure 31 - Lower Section of
Actuator Design
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Effectively, the system could compare an “Unloaded” Spring Length and “Loaded Spring Length” to
determine the force applied to the spring. If this force exceeded or decreased beneath set values, the system
could adjust to decrease or increase the amount of Active Spring. The Unloaded Spring Length would be
calculated using a servo motor encoder to determine the length of the spring based on the known values
of the spring’s starting unloaded length, its unloaded pitch, and position of the servo motor at time of
calculation. Essentially, a closed loop motor could counts each time it completes a full 360° rotation, adding
one to the count if it rotates anticlockwise (increasing spring length) and subtracting one if rotating
clockwise (decreasing spring length). As the amount of active spring changes with the rotation of the motor,
a full 360¢ is one unloaded pitch-length of the spring either added or subtracted from the Active Spring’s
total length, allowing one to know roughly how long the spring should be. This is more reliable with closed
loop motors, as using open loop motors runs the risk of steps being skipped and the motor going
permanently out of sync if its movement were to be resisted until recalibrated, as an open-loop motor

would not be aware of its own absolute position.

The Equation for calculating this theoretical Unloaded Spring length would vary depending on the nature
of the motor used. But, assuming a motor currently at position m that had M possible positions per 360
Degree Rotation and that could count infinitely positively or negatively to represent multiple full
anticlockwise or clockwise rotations, in tandem with a spring of unloaded pitch L, and an initial Active

Spring starting length of L, ;it would take a form similar to (31)

Ly, = (% " Lsp) + Ly (31) - Unloaded Active Spring Length calculation using Motor Position
The Loaded Spring length has already been calculated, being equal to Ir from (27) Although Ir assumes that
the spring passes through or stops directly in line with the actuator connection point as seen in Figure 31.
If this is not the case, then this excess distance between the start of the spring and actuator connection
points (Lus and Li) would need to be removed to achieve a true Active Spring Length I (32).

ly=lp — (Lys + Lis) (32) - True Active Spring Length

Based on these final values by comparing the loaded “True” Active Spring Length (/) and the Unloaded
Active Spring Length (/; ,), one can find how much force is theoretically being applied to the spring based
on the difference in compression between unloaded and loaded lengths. In addition to the two previously
mentioned values, the spring constant & of the spring used would vary due to the changing length of the
Active Spring. This change would be inversely proportional to the changes in Active Spring length (if the
length of the spring doubles, the spring constant will halve as there are twice as many coils that can be
compressed/stretched). The full Unloaded Spring consisting of all usable active and inactive length would
have a static length of Lsand Spring Constant of Kand would be compared to the Active Spring with variable
length /; , and spring constant & shown in (33).

k=K Ly (33) - Calculating dynamically changing Spring Length due to changing length of
=Rx Active Spring
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Finally, Hooke’s Law can calculate the force applied upon the spring via the difference between the loaded
Spring Length and Unloaded Spring Length multiplied by the Active Spring’s Spring Constant in (34). This
finds F, the force applied to the upper leg, whose Horizontal Component supports the upper leg against the

wearer’s weight.

F= —kx*(l;— lgy) (34) - Calculating Force applied by Linear Actuating Spring to Upper Leg

The Difference between unloaded spring length / , and loaded spring length /, as well as the provided
force Fwould act as the basis for the Low-Level Control System of the device. If the value of Fbecame too
high, such as going beyond an “expected” value calculated based off of the positions of the wearer’s legs
and body and the force moments that would naturally impart, this may mean that the user wishes to
deliberately flex their legs, and as such the system would then reduce the length of the Active Spring to
allow this process. Similarly, if Fbecame too low, or even negative due to the user attempting to extend
their legs, the system would then increase the length of the Active Spring to both prevent the system from
restricting extension movement and provide more assistive force. In Summary, the final equations are as

follows:

Equation (35) represents the calculation of expected Actuator Force within the theoretical model using

ankle, knee, and hip joint angles in the sagittal plane.

<ll cos(6,) + l“/z sin(Oy + (6, — 90))) * Wy + (ll cos(8,) + U,sin(0k + (6, —90)) + lb/z sin(Op + Oy + (6, — 90))) *Wp * D

I, cos(8y) + lyp * (M)
(35) - Full Force Equation considering position of Lower Legs, Upper Legs, and Body

Meanwhile (32) and (33) represent the actual length of the spring based upon the current knee angle, and
the unloaded length of the spring predicted by the current motor position and known starting length

respectively.

Finally, (34) represents the force produced by the spring by comparing the difference between actual and
unloaded spring lengths, if the required conditions of the theoretical model are met, this “Real” Force value
will be the same as that seen in Equation 38. This functions effectively as the “Low-Level” of a potential

exoskeleton control system, by calculating the current force at a leg position.

A Higher-level system could then provide a predictive or identifying element, such as predicting a knee
angle likely to be reached within a short period of time, a current gait phase, or so on, such that the control
system could pre-emptively support the wearer as they moved or provide the right kind of support for the
wearer’s state, rather than working entirely reactively. However, as the current control system and model
exists only as mathematical theory and as simulated models, steps were taken to test effectiveness in reality.
The first implementation of this was deliberately crude, both because it was designed as a bare minimum
proof of concept and because chronologically it was constructed before the mathematical and simulated

model were completed.
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3.4.5 Key Variables

This Section will summarise the key variables of the mathematical exoskeleton model.

Basic Model Values:
- Basic Lengths: [, I, and I, represent the lengths of the lower leg, upper leg, and body
- Basic Angles: 8, 6), and 6 represent the ankle, knee, and hip angles.
- Basic Forces: F,, F: The Force applied by the Upper Leg and Body about the knee due to gravity.
Actuator Values:
- E The Counterforce applied by the linear actuator upon the upper leg,
- Fyand Fy represent the useful Horizontal and useless Vertical Force Components of F.
- I, and lir represent distance between the ankle and the linear actuator’s upper and lower contact
points
- Lnw, lin, and liv represent the Horizontal and Vertical Components of lyr and lir.
- Irrepresent the distance between the contact points of the linear actuator and the upper and lower
legs. This may be different from the active length of the linear actuator itself (ls).
- I, the unloaded active length of the spring, the length of the active spring if no force was being
applied to it. Lsrepresents the length of the entire spring, both active and inactive, as described in
Figure 31.
- Or Force Angle, represents the angle at which the Linear Actuator meets the upper leg contact

point.

3.5 Summary

This Section contained the summation of work done prior to the full development of the Low-Cost
Exoskeleton design. Whilst more work would be needed to understand the intricacies of the control system

and structure, further work would be done in situ with exoskeleton construction itself.

It consisted of the development of a mathematical model that took the form of an inverted pendulum that
could simulate the starting effects of gravity upon a wearer within the Sagittal Plane. From this, an applied
force to the knee representing an ideal actuator could be calculated that would support the wearer’s upper
leg and body. The accuracy of this model compared to reality was tested within Matlab, with the resultant
kinematic Matlab simulation independently producing results nearly identical to those produced by the
mathematical model. With this proven, the ideal upper and lower connection points of the linear actuator
and exoskeleton were calculated, considering a full range of knee rotation from 0 to 180 degrees to
maximise useful force applied perpendicularly to the leg, as well as maximising the range of motion of the

knee before this theoretical exoskeleton would collide with itself.
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The Ideal position of “Stickouts” represented the maximisation of applied force by the linear spring
actuator upon the wearer during the most useful range of knee angles. As a No-Stickout design would
provide little to no assistive force during times where a wearer was standing up due to the linear actuator
being in line with the wearer’s own leg, therefore seeing all assistive force lost to the Vertical Component
(In effect, just pushing up the leg, rather than rotating it about the knee). Therefore, by adjusting this angle
at which the linear actuator meets the knee, a higher proportion of useful, Horizontal force could be applied

at these angles. Allowing better assistance whilst the wearer was standing up or walking.

The final actuator design took the form of a rotating spring that took inspiration from Rotary Electric Motor

and Ball screw designs seen commonly within the Literature Review, in addition to Jack Springs.

These simplified models acted as the initial testbeds for proving the feasibility of the design, however the
actual implementation of the Low-Cost Methodology in the construction of an actual functional
exoskeleton was considered essential for establishing the legitimacy of the concept. The work of
developing the physical exoskeleton structure and hardware and its accompanying high- and low-level
control systems in ways that best follow the outlines of the Low-Cost Methodology occupied the majority

of the work of the research project. The next sections will detail this development.
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4.1 Introduction

The Development of the Full Exoskeleton and the control system governing it were some of the major
contributions of this thesis. This section will document the development of the physical hardware,
structure, and Low-Level Control System of the Exoskeleton with which the exoskeleton would perform
basic movement functions, with Chapter 5: covering the development of the High-Level Neural Network-
based Control System which would predict the movement of the wearer to allow the exoskeleton to move
proactively. The First “Advanced” prototype structure design was a conservative iteration on the initial
prototype discussed in Section 4.2.1 using 3D Printed PETG Structural components built around a pre-
existing structural knee orthosis, with the High-Level Control System consisting of a Convolutional Neural
Network that would identify “Movement States” in the wearer based on collected sensor data, then adjust
the actions of the actuator dependant on these states. This would lay the groundwork for a more advanced
exoskeleton and control system that made use of a servo motor based compliant linear actuator guided by
a High-Level Control System that would instead use a Recurrent Neural Network to predict future knee

angle motion of the wearer. This second implementation would become the final, successful design.
4.2 Initial Prototype

One of the primary focuses on the research project is the constructing of a functioning prototype. As such,
before deciding on ideal values, a rough initial prototype was constructed to test the developing theory.
This “Version 0” prototype, due to being a proof of concept, had dimensions, components, and component
placements decided either arbitrarily or based on what hardware could be found without unnecessary
expenditure. The intent of this was to build a device that was capable of functioning, and thereby proving
at least some of the theory could be relied on. After this, simulations could be made to better optimise for

a more final design.
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4.2.1 Initial Knee Prototype

This prototype consisted of a first draft design of the linear series-elastic actuator design, which was
attached to a simplistic knee analogue (two 4.5x4.5x40cm wood struts connected via a hinge joint) that
could have additional force applied via manual effort in order to adjust the angle or simulate a person

flexing or extending their legs.

This prototype sought to answer three questions: “How would it work?”, “Does it actually work?” and “If it
does work, what is the best implementation?”. Therefore, first, there was a necessity for a reliable way of
threading a spring such that it can be split into the compressible “active” section and incompressible
inactive section, as well as a method to adjust the proportion of active to inactive spring automatically via
an actuator. The spring used was a steel spring of 2cm outer diameter, ~5mm pitch, 18cm free length, with
a spring constant of ~2700N/m, these were not specifically chosen requirements, but as with all
components of the initial prototype, was chosen from limited pre-existing available hardware without

requiring unnecessary expenditure.

The solution consisted of a copper pipe section of a slightly larger internal diameter than the spring’s outer
diameter, allowing the spring to move freely through it, and a single stainless-steel rod (a repurposed nail)
that would enter through a hole in the side of the copper pipe at an angle such that it would emerge ~5mm
higher, as such being in line with the spring such that the spring would rest upon it vertically. This would
mean the rungs of the spring could pass harmlessly by the Spring rod if rotated, however if compression
was applied upon one side of the spring (the active side) it would rest on the Spring rod without innately

bending due to improper resting. This Spring rod was then soldered in place to prevent it from moving. See

Figure 31 for visual design and Figure 32 and Figure 33 for initial design.

Figure 32 - 3D Mockup of final design: (A) Motor Upper
Section. (B) Spring Rod Lower Section in Pipe. (C) Hinge
"Knee" Joint. (D) Potentiometer. Figure 33 - Initial Prototype Actuator

A 12V 350mA NEMA-17 Stepper Motor [218] would be attached to the spring through its centre via a
locking cap that kept the spring in place via friction between it and the locking cap, such that rotating the
motor would rotate the spring without slippage. This Stepper motor would rotate the spring through the
copper tube, if it rotated in the same direction of the spring’s spiral would result in more spring being on
the inactive side and less on the active side thus reducing the stiffness and pushing force of the active side
as well as making the active side shorter. The motor was attached to a metal bracket which was itself

attached to the upper “leg” via a revolute joint analogue (a screw) in a way that allowed it to rotate freely.
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Similarly, the copper tube was attached to the lower leg via a revolute joint analogue and also allowed to

rotate freely. This would allow the system to change its angle with the bending of the knee.

This produced a system that, when the leg analogue was flexed, the spring would compress in resistance,
if the active side was larger, the spring would provide more resistance. This system had several flaws, most
notably that the spring itself would bend much more than desired, considerably reducing the amount of
force it provided over if it stayed perfectly straight. In order to reduce the ability of the spring to bend, a
metal restriction rod was implemented that sat inside the spring and attached to the motor shaft, this rod
would attach to the centre of the motor locking cap in line with it, and extend the length of the spring and
out the end of the copper pipe, being at a slight angle as to be to one side of the Spring rod within the
copper pipe. This resulted in a much better application of force, with little bending of the spring, as the rod
would prevent the spring bending more than a minimal amount. Additionally, the lower attachment point
of the actuator was moved such that it was attached to the inner side of the leg, this had the effect of
increasing the horizontal component of the force the spring applied to the upper leg and spring as

described in in the above section.

This resulted in an altered Knee Angle “Oxs” value with a 9° difference to the true Knee Angle. The exact
positioning of the upper and lower actuator parts on the leg was experimented with in simulation in a later

section.
4.2.2 Initial Prototype Sensors and Control System

In order to direct the motor and keep track of the knee’s angle, sensors were required. Initially, it was
believed that three sensors would be appropriate, that of a Potentiometer to measure the knee angle, an
Inertial Measurement Unit to measure knee movement, and a Force Sensitive Resistor to measure the force
the spring applied to the lower section of the knee. The sensors chosen for the device were an a RS Pro P25
2500 Rotary Potentiometer [219], LSM9DS1 Inertial Measurement Unit Breakout Board [220], and an IEE
15.25mm Strain Gauge (Force Sensitive Resistor) [221].

The Potentiometer was placed in line with the knee joint, to measure the Knee Angle, with the upper
section of the Potentiometer connected to the upper leg and the lower rotating section connected to the
lower leg, such that the movement of the leg would rotate the potentiometer. The Inertial Measurement
Unit was placed in a static position at the upper ankle to measure the position of the lower leg and its

movement. The FSR was placed just above the lower leg connection of the counter force spring to the leg.

This connection was free to pivot slightly, the sensor itself was placed in between a thin metal wedge as to
spread force applied to it by this pivot, which will naturally occur as force is applied to the spring when it
is stressed. Each sensor was connected to a breadboard, and further to a Hobby Components 2560 [222]
Microcontroller which initially ran a simple program to output all sensor values to a serial monitor. (The
Potentiometer, FSR analogue readings, and the Accelerometer, Gyroscope, and Magnetometer X/Y/Z

Values).
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From this a basic control system was developed that was designed to follow the diagram shown in Figure
34. Built with a level of forward planning for future prototypes, the initial prototype would consist of the
low-level, short-term adjustment of spring length in response to knee angle in a passive manner. With long-
term, rehabilitative efforts handled by some kind of recognition/prediction system or state machine that
had yet to be decided upon. The Control system was programmed in Arduino, with the control system
reading in data directly from the potentiometer which ranged from 0-1023 and map it into its relevant
angle 1023-0 - 180°-0°, where 180° was standing straight up. During this Initial Implementation, it was
found that the Potentiometer alone could provide sufficient information to control the movement of the
motor, following the calculations made in 3.4. The NEMA-17 Stepper Motor used in hardware ran at 200
steps per revolution, as such every 100 steps, or half a revolution, the system would recheck the length of
the spring in order to see what changes in knee angle had been made in the meantime, adjusting what

position the spring would move to.

Leg ™
e Knee Angle | User Force [+
MU POT FSR Counter Force
AccellGyro Variable Variable
Mag Data Resistance  |Resistance
MicroProcessor Spring Motor
—————» —
Rotation
POT and Commands
IMU Datgf | J------ Basic Model +
n — Sensor Data
) pper Angle
Basic Model €— Calculation

Figure 34 - Theorised Prototype Control System Diagram

The Control System consisted of a simple code loop described in Figure

Start
35. The System would read in the analog value of the potentiometer and 1
convert this to the appropriate knee angle value, as well as using the Update Knee Angle
Update Stepper Position

“Stepper” Arduino Library to read the current position of the Stepper 1
Motor relative to a known starting position. These would be used to Calculate Ideal and J ‘ i DEIED

Actual Spring Length
calculate the Unloaded/Ideal and Loaded/Actual Spring Length values as J ry

per (31) and (32). These would then be compared to calculate the
Do |deal and Actual

difference in length between them, if this difference in length was greater Spring Length Differ?

v

than a preset value then the system would command the servo motor to
move to a position where the difference in length between the ideal and

actual lengths was zero, calculated by re-arranging (31) to find m, the new - Is Difierence = Preset .
Value

position, and then calculating the difference in steps between this new m Wotor Delay)

v

and the current position of the motor. The Stepper Motor would then
[ Calculate and Move to

move to this location, and the control system would repeat once the New Position.

entirety of this movement was completed. Figure 35 - Basic Control System
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While somewhat slow, this provided a functional knee exoskeleton (Figure 36) that would react to the knee

being flexed by reducing the active spring length and increasing it if extending the knee.

Figure 36 - Functioning Initial Prototype

4.2.3 Summary of Initial Prototype

While deliberately simple, the initial prototype was capable of reacting to movement, rotating the spring
to lengthen or shorten when the “knee” was moved. It however struggled if overstrained, getting stuck and
losing its position such that it would be permanently out of sync until reset; this was as a result of the open-
feedback nature of the stepper motor. The Force Sensitive Resistor was found to not be of much use, while
theoretically allowing the system to know when to shorten the spring during knee flexion, it was of little
benefit during extension due to providing no information as to the extend to extension, and did not offer
much accuracy as to how much movement was needed by the spring due to a limited range of values. The
Potentiometer alone provided all necessary information, with its values being able to be used to predict

exact required force values in combination with motor rotation.

Other limitations of the design were primarily as a result of its simple nature, such as a weak spring, or it
being directly driven by the motor as opposed to via a gearbox, or not being practically attachable to a knee.
The core design was however considered feasible enough that it could be adapted into a better prototype,
which would have a more accurate way of calculating the length of the spring, and in general be more

feasible for usage.

In summary, the prototype successfully answered two of the three questions it set out to achieve, those
being “how would it work?” and “does it actually work?”. Answering “If it does work, what is the best
implementation?” was now worthwhile and to be achieved with more advanced prototypes. However, it
was first considered prudent to consider the most ideal placement of upper and lower actuator
connections as well as minimum hardware requirements such as the base Spring Constant of the Spring,

and the Torque of the Motor, which would be done within simulation.
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4.3 Simulink Simulation of Actuator

A MATLAB Simulink simulation was previously made in order to provide
additional proof to the mathematical model developed in Sections 3.4.2,
3.4.3, and 3.4.4. This section will go into further detail regarding its
functions, in addition to its effects on the chosen actuator Stickout
dimension values beyond the previously considered “ideal” values

discussed in 3.4.3.
4.3.1 Simulation Details

This simulation of the simplified model discussed in previous sections
consisted of two sets of three revolute joints representing ankle, knee,
and hip flexion. During Simulation (Figure 37), the Ankle joint was set to
a static value whilst the hip joint was indirectly connected to the ankle

via a cartesian joint that meant that its orientation was always parallel

to that of the ankle, and that the hip angle was always the inverse of the }
Figure 37 - MATLAB Multi-

knee angle 6, = (180 - 6y). body Simulation.
Finally, the Knee joint was left to move freely, being supported by a prismatic joint visibly represented by

the rod connected between the lower (yellow) and upper (red) Stickout actuator connection points.

Based on the conclusion of section 3.4.3 that the Lower Stickout format would be the most effective, the
Stickout design can be seen in Figure 37. The initial dimensions being those found as optimal within that
section: /,y = 20cm, Jux= 0cm, = 16cm, and /= 12cm. (lux was set to a value very close to zero to avoid
divide by zero errors). With the lengths and weights of the lower leg, upper leg, and body being those used
in Figure 17 and its accompanying equations: Lower Leg: 0.387cm, 2.36kg; Upper Leg: 0.4545cm, 4.22kg;
Body: 0.92cm, 53.22kg.

This model was attached directly to the ground plane, and as such the feet were unable to move. This, along
with the limitations of the simulation to only the sagittal plane meant that this simulation would not
accurately represent reality but would act as a “close enough” estimation for the simplified mathematical
model it was designed for. The Full Model Diagram is displayed in Figure 39. Consisting of a Main System,

two Leg Systems, and the Spring force Calculation Systems.

The Prismatic Joint force would either be controlled by a static force value separately calculated for a
specific ankle, knee, and body joint angle position, at which case assuming the ankle joint was preset to its
appropriate value the system would naturally settle at the appropriate knee and hip angle that this force
was meant to support. Alternatively, the system could be set to act as a feedback loop, with the force
calculated based on the system’s current knee angle fed into it, meaning that the system would settle at

whatever the starting angle was set to.
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4.3.2 Evaluation

Creating the model allowed a glimpse as to the theoretical exoskeleton’s real design implementation, which
led to considering its real-world usability with the currently theorised Stickout vertical and horizontal
dimensions. At their current length, they required a linear actuator/spring of a maximum length of, at
minimum, 36¢cm, this was considered potentially too long, as when the user would perform a crouching
manoeuvre, especially if they possessed shorter than average legs, there was a high likelihood of the linear
actuator/spring touching or brushing against the ground, limiting further movement as seen in Figure 38.
Such a spring would also have a not-insignificant weight factor, and could potentially interfere with the
wearer’s ability to sit down (which would have been potentially be entirely impossible if the “Both
Stickout” implementation was used, as the upper Stickout would have extended past the user’s leg and into
any chair they sat on). Similarly, a large lower Stickout length could limit the user’s ability to bend their
legs, with the current implementation allowing flexion between 180° (standing straight up), and ~36¢° for

the proposed “Lower Stickout” implementation as was shown in Figure 23 and Figure 24.

Shortening the Stickout lengths and positions was considered preferable to improve usability, at the
sacrifice of some amount of efficiency. This way allowing the Stickout and linear spring actuator to be less

disruptive to normal movement behaviour.

It was decided that the exact length of the Stickout dimensions would be finalised during exoskeleton
development based on its structural requirements. The Original Ideal structure maximised distance from
knee joint in the Y Axis for both upper and lower leg sections (20cm and 16cm), had no upper leg X Value

(0Ocm), meanwhile having a lower leg X Value 34 that of its Y value (12cm), and so this would be considered.

Figure 38 - Crouching Design shows Linear
Actuator Close to touching the ground.
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Figure 39 - Full Simulink Model

4.4 Structural Design

Based upon the developments of the Initial Prototype, work could now begin on the Advanced Prototype
version 1. The intent would now to be to create a more practically usable design that performed all desired
features. The primary components would be the Physical Structure, Actuator, Low-Level Control System,
and High-Level Control System. The first of these to be designed would be the Physical Structure and

Improved Actuator.
Upper Section

Spring + Spring Rod

Lower Section

Figure 40 - Conceptual 3D Design, motor would rotate spring to allow for range of flexion/extension to
change.
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4.4.1 First 3D Designs

A 3D design of the basic knee actuation system was created in Autodesk Fusion 360 to act as a blueprint
for future development (Figure 40), displaying the basic elements of the actuator. The Upper section would
contain a motor and gearbox connecting to the spring. The spring would then pass through the lower,
rounded section which would contain a Spring Rod. The decision to separate the motor from the spring via
a gearbox instead of directly driving it was made to both reduce stress on the motor from force applied to
it via the spring, as well as to enable the possibility of sacrificing speed for additional torque or vice versa

through gearing.

The True Actuator Design was made to attach to a pre-existing knee orthosis (The ROM Adjustable Knee
Brace [46]) seen in Figure 55. The Additional components were designed to attach directly to this orthosis
via the pre-existing slots used for holding the soft Velcro-held leg straps in place. As such, the top and
bottom actuator sections had undermounted Hardpoints that fitted directly into these slots and could be
screwed in place (Figure 42) The basic design of which was that of two slot shaped boxes and would fit
through the slots of the knee orthosis and held in place with 2mm screws. To these would attach via screws
a flat upper plate that would both act as a Stickout for the lower section and flat hardpoint for the upper

section to rest on. These are displayed in Figure 42 and Figure 41.

Figure 41 - Exoskeleton Hardpoint Top/Stickout
(Pre-existing Orthosis in black)

Figure 42 -  Exoskeleton
Hardpoint slots (Pre-existing
Orthosis in black)

Upper Section v1

The upper section (Figure 43 and Figure 45) consisted of
a block of several double helical gears attached to the
motor. Gearing was designed using “GF Gear Generator”,
an addon for Fusion 360. The Stepper motor, a NEMA-17
Type motor (Motech MT-1704HS168A [223]), had 2.5:1

Gearing (2.5 Rotations of stepper motor = 1 rotation of

spring) to apply more force to the spring. Figure 43 - Upper Leg Actuator version 1 (Front)
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An ACE-123 Rotary Encoder [224] would measure the current motor position, this absolute encoder was
chosen due to being inexpensive and having the ability to be rotated indefinitely, as well as retaining its
position data even if the system was depowered. It provided 128 states over 360 degrees, (~2.815° per
state) which was more than sufficient for this implementation, as the motor did not directly control the

position of the knee. This upper leg actuator design would attach to the upper leg hardpoint via a 4mm
screw, with enough looseness to act as a revolute joint

The spring, a 30cm SODEMANN Spring was chosen due to being reletively inexpensive and being of the
desired dimensions was attached to a 3D printed spring connection section, with a restriction rod running
its length to hold the spring in place and prevent it bending. This rotating spring attachment (Figure 44)
consisted of three sections, the main section the spring attached to (1) which was of an outer diameter
equal to the spring’s inner diameter allowing the two to stay put via friction, an inner part (2) held in place
by a hole through which a screw would go to keep the spring being pulled out, and an outer slot (3) which

could freely rotate via a loose screw connection between it and part 2. (4) refers to the spring restriction
rod that prevents the spring bending during compression.

Here, a long 3D printed hollow cuboid shape would run the length of the spring, going either side of the
spring rod and acting as a spring restriction rod. This acted as a replacement for the metal restriction rod

to prevent the spring from bending under compression. Although in reality due to being made of 3D printed

plastic, it mainly acted as a stand-in for something more durable made of metal.
=

1

Figure 44 - Rotating Spring Attachment. 1: Spring Attachment point, 2: inner connector to allow
rotation of restriction rod, 3: Restriction Rod Connection, 4: Restriction Rod

The encoder allowed for the actual position of the motor to be reliably tracked with little risk of it falling
“out of sync”. The Encoder used 8 digital inputs for a potential of 256 values, of which 128 were used. The
encoder used a grey code system, such that the output 8-bit value of the encoder did not itself represent
the current rotary position, instead, the input value was received from the 8 digital inputs, summed as a
binary number and stored as an integer, then compared to a lookup table array to find the actual rotary

position from 0° to 360°. The Lookup table and other data regarding the encoder were found within its
datasheet [224].
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Knowledge of the absolute position of the spring, and thus both its starting length and change in length
over time allowed for the full implementation of Force Calculation seen in 3.4.4. With this full
implementation, a higher-level control system making use of a Convolutional Neural Networks was
designed (described in 5.2). While quite slow, this full implementation was capable of reliable tracking of

a wearer’s knee angle. As seen in Figure 46 with the full 3D Printed Implementation.

Figure 46 - 3D Printed Upper Leg Actuator Version 1.

Figure 45 - Upper Leg Actuator, Version 1 (full)

Knee Section v1

The First Version of the Knee Joint Section displayed in Figure 47 consisted of a 3D printed gear attached
to the knee joint of the orthosis by a tight screw such that it was held in place and moved with the
movement of the upper leg, meanwhile a separate attachment on the lower leg held the potentiometer
(P25 250Q Rotary Potentiometer) and gear with a 2:1 Gear Ratio to the larger knee gear. As the Larger gear
was capable of moving ~120° with the movement of the upper leg, as the change in knee angle between
the upper and lower leg occurred the knee gear would rotate the potentiometer gear, altering the
potentiometer value. Converting the 120° range to a 240° range in the potentiometer gear. The
Potentiometer gear is held in place by a lock screw to the potentiometer itself, which had one side of its

round surface sanded down to a flat point, such that there would not be any slippage.

While the central knee gear was held tightly enough that it would not move on its own due to the force of
the potentiometer gear applied to it during rotation, with sufficient manual force it could be adjusted to
help with recalibration. The Potentiometer would then have a wired connection to the exoskeleton’s

microcontroller.
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Figure 48 - Exoskeleton Lower Section Version 1

Figure 47 - Exoskeleton Knee Section Version 1

Lower Section v1

The Lower Section displayed in Figure 48 had no electronic components, and simply consisted of a plate
similar to the one in the upper section, but raised such that it was in line with the upper section. The hollow
cylindrical section which the spring would pass through would hold a metal spring rod that the spring
would rest upon when compressed, when rotated the spring would then slot past it, with the spring beyond
the Spring Rod not being able to be compressed, and so considered “inactive”. The Lower section had to be
well aligned with the upper section such that the spring did not apply any undesired abducting or
adducting force, as such both the upper and lower connection points would be able to rotate such that they

could always face each other, as well as be on the same plane.
4.4.2 Exoskeleton Dimensions

As the exoskeleton frame consisted of several slots where sections could be attached at set locations, it was
not feasible to align the upper and lower sections to the ideal distances from the centre of rotation as was
defined by theory in 3.4.3. In addition to the consideration of keeping the spring of a reasonable length, the
positions of luv =17cm and lux = -1.5cm, from centre of rotation for upper section and liy =12.5cm and iy =
9.25cm, for lower section were chosen, as close estimates to the ideal values that kept the spring shorter.
The force profile and proportions of the used profile in comparison with the ideal profile are seen in Figure

49 and Figure 50.

2000
1800
1600
1400
1200
1000
800
600
400
200
0
-200
-400
-600
-800
]iggg e [Jsed Profile 17, -1.5, 12.5,9.25
-1400
-1600
-1800
-2000

Required Stabilising Force

e ]deal Profile 20, 0, 16,12

'] NoONonNoOMNMOoONNoONn ool o
[l WM~ W oUW FFmomo] o3~ —

180
175
170
165
160
155
150
145
140
135
130
125
120
115
110
105
100

Knee

Figure 49 - Used Force Profile vs Ideal Force Profile

=
&
A

ngle

School of Engineering Page | 87



Exoskeleton Development

0.8 \

0.6
0.4
0.2

-0.2

-04
e [Jsed Profile 17,-1.5,12.5,9.25

Ideal Profile 20, 0, 16, 12

Horizontal Force Proportion
=

-0.8

-1
ONOoONOoOLOoONOUNONONOUNONoONONOoONONOnoOnoOLwnomolln o
WM~~~ Oo O F=tFonmolcdd O OO0 WM~ 'OLWwmw =k [ar o o M e
P i T e B B T e e B B e B i IR =

Knee Angle
Figure 50 - Horizontal Force Proportions of Used Profile vs Ideal Profile

These values were deemed close enough to the ideal that their difference was an acceptable exchange for
ease of implementation. This was a potential innate limitation of pre-constructed structural components.
Whilst inexpensive and simple, they risk not allowing for an exact ideal implementation. While the Used
Profiles show a larger angle range than the Ideal Profiles, as per Figure 49 the real collision point would be
prior to this, due to the small negative (-1.5cm) upper section length value. The real collision point ends
up being at ~36 degrees, the same as the ideal profile. In effect, the Used profile has the same angle range,

but slightly worse force profile and a lower maximum spring length.
4.4.3 Review of Effectiveness

While the Stepper Motor implementation did successfully demonstrate the basic low-level control system
as was outlined within theory, its slow speed and lack of sufficient torque made it unsuitable for any real-
world usage. As was described within the literature review, stepper motors saw little to no usage within
exoskeletons, with Servo Motors being the majority of all actuator implementations. A Stepper Motor was
originally chosen simply due to it being freely available for test purposes, which while appropriate for such
test purposes, had delayed effective implementation. As such, during the Structural Redesign, it would be

replaced to abide by the conclusions of the literature review and therefore the Low-Cost Methodology.
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4.5 Improvements and Redesigns

The new implementation of the exoskeleton structure would aim to fix the primary issues of the first
iteration. These being primarily that it was far too slow and underpowered for any practical usage. This

would be achieved by finally replacing the stepper motor with a servo motor.
4.5.1 Structural Redesign

As stated, a servo motor replaced the stepper motor used in the initial prototype. The Rhino Motion RMCS-
2206 [225] was chosen for this, while relatively large it was also lightweight (180g, same as the much
smaller NEMA-17 Motor previously used) as a result of an aluminium frame and ran at an acceptable
600RPM whilst maintaining high torque. Additionally, an internal encoder provided an innately closed
system, such that the motor knew its own position without requiring external hardware. This Servo Motor
connected to a ESP32 Microcontroller via a USB-to-UART protocol Serial connection, allowing data to be
printed and read from the motor. The Servo motor could be commanded to change maximum speed and

position (either relative or absolute), and also be asked what the current speed and position were.

The Arduino Microcontroller’s limited usability had necessitated its replacement with an Adafruit
HUZZAH-32 Feather. Due to its multiple cores, Sensor data receiving, motor angle calculations, and serial
communication with the motor could be performed simultaneously, rather than one having to wait until
another was complete. The ESP-32 was compatible with Arduino programming via usage of PlatformIO,
and so the already existing control system code of the prior prototype could be ported across with minimal
difficulty, and then further improved via EspressIF programming features such as Real Time Operating
System (RTOS) Task management to make use of the ESP32’s multiple cores. Meanwhile, to support this
Visual Studio Code became the primary IDE, supplanting the Arduino IDE.

Initially, while a SODEMANN Spring was used as the spring for the design, being of the correct length and
possessing a high spring constant of ~2700Nm, this was later replaced with a custom-made spring with a
larger pitch and lower spring constant (~1500Nm), to allow for a more responsive passive compression of
the spring when force was applied, as well as being able to actively shorten and lengthen the spring faster

via the motor.
4.5.2 3D Design

The New Actuator required a new Upper Leg Structure to hold it, which was again designed within Fusion
360 to fit onto the pre-existing leg orthosis. During this time, all other components were revised and

updated to higher standards based on observations of their effectiveness.
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Upper Section v2

The new upper section displayed in Figure 51 and Figure 52 was designed similar to the prior versions,
although now sporting a larger Servo motor it had larger 3D printed Double-Helical Gears meant to easily
handle the potentially high load they would carry, these gears were printed in PLA as opposed to PETG for
higher fidelity. No additional gearing was present, with the two gears being of equal size and so of 1:1 ratio.
As with prior upper leg actuators, it attached to the upper leg hardpoint via a M4 loose screw, acting as a
revolute joint. The point at which the spring affixed to the upper actuator section was directly in line with

this attachment point, such that it would not impart any notable torque on it.

The servo motor did not need a separate encoder as it had one built in, making the ACE-128 from the
previous iteration of the design redundant and the design far simpler. The same Spring Connection method

discussed in Figure 44 was re-used here.

Figure 52 - Upper Leg Actuat;)r, Version 2
Figure 51 - Upper Leg Actuator, Version 2. (Top-Down View)

Knee Section v2

The Knee section displayed in Figure 53 was nearly
unchanged from its prior version with its primary update
coming in the form of a new set of gears of a smaller tooth
size to improve accuracy and slot to allow for a screw nut
to better hold the gear in place. The primary knee gear
was also thicker, such that the larger motor could

comfortably slide across it. These gears were also printed

in PLA Plastic. Figure 53 - Exoskeleton Knee Section Version 2

The Potentiometer used by the knee joint was unchanged, although as with the Knee gear, a new gear with
a smaller tooth size was used. As before it was in a 2:1 ratio with the larger knee gear (60 teeth to 30 teeth),

such that one turn of the knee gear would result in two turns of the potentiometer gear.
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Lower Section v2

The Lower Section displayed in Figure 54 had to be
A

adjusted as a result of the position of the spring increasing

in height when compared to prior designs. As such to  85mm
make sure that the spring did not bend in undesired
directions the lower actuator connection point was raised
such that both would be in line. However despite this it

retained a functionally similar design to its prior iteration.

\ 4

Most 3D printed components were made in PETG plastic Figure 54 - Exoskeleton Lower Section Version 2

apart from the gears, which were made in PLA.

Other Components

The ESP32 microcontroller was placed at the top-most part of
the orthosis, wired into a Veroboard with additional ports for
Ground and 3.3V wires. The LSM9DS1 Inertial Measurement
Unit was placed at the bottom of the orthosis near the ankle,
where it would best be able to collect movement data. Both of

these were given protective boxes that attached directly to the

exoskeleton frame, with ports to allow for easy access/egress
for wires, seen in Figure 56. Additionally, for later use, a Figure 56 - Hardware Protection Box
battery holder with in-built fuse was constructed, to allow the
exoskeleton to run off of Battery power as opposed to a static

power supply.

All designs were made to allow for easy deconstruction and
reconstruction, held together using screws and no adhesive materials.
Once the prototype was completed, it was intended that some key
components would be rebuilt in metal to improve durability. Notably
the Actuator connections to the exoskeleton and Spring Rod. The Final
design as itappeared in reality is displayed in Figure 55 (minus Spring
Rod) and in design in Figure 57. This consists of the redesigned
components assembled and attached to the exoskeleton frame. The
frame attaches to the leg via two straps at the top and bottom, held by
velcro, and supported by two further straps around the knee that

wrap around the exoskeleton to keep it in line with the knee.

When activated, the low-level control system would rotate the motor

such that the spring would always be of the correct length between

e <

the upper and lower spring connection points to apply no force. The L W PR e
Figure 55 - Full Exoskeleton Build

improvement of this system is described in the next section.
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Figure 57 - Full 3D Design of Final Exoskeleton Design
4.5.3 Low-Level Control System

The Low-Level Control System would now be refined into its final form, consisting of four separate
“Threads” that would run as part of a Real Time Operating System (RTOS) (see Figure 58). The first of these
threads would be the primary input, the sensor input thread readSensors, which would be responsible for
reading in sensor data from the potentiometer and Inertial Measurement Unit. This data would be sent to
both the other two Threads. The Second of these Threads would contain all model-related and prediction
functionality, doModel would take in sensor data from readSensors and output predictions to the third
Thread, it was considered the High-Level Control System. The Third Thread doMotor controlled the
movement of the Servo Motor and was considered the “Output”, and Low-Level Control System. The Final
thread printData was a debug thread that would receive important information from all other threads and

print it to the serial monitor. If data was to be collected this thread was disabled to prevent interference.

Each Thread had an associated setup function which would initiate some aspects of the thread prior to its
running, such as finding the initial motor position, loading the model from file, and initialising the Inertial
Measurement Unit Sensor. Whilst in operation the ESP32 would run the doModel thread on one of its cores,

while handling all other threads on its second core.
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Figure 58 - Diagram of Control System function connections

readSensors() Function

readSensors was responsible for reading in sensor data from the Potentiometer and Inertial Measurement
Unit. This sampled data at a rate of 100Hz, however would only record data as an average of 5 values,
resulting in readSensors recording data at a rate of 20Hz. This allowed for the benefit of higher sampling
rates, that being a reduction in noise and a higher fidelity of sampled values, however meant that the
system would not need large numbers of samples in order to observe notable changes, keeping the input
size of the model small. The function would provide a history of the last 20-40 samples stored as a 2D array
to the doModel function to act as the model input, as well as providing the current potentiometer value to

doMotor for calculating knee angle, and provide the current sensor samples to printData for debug output.

Each of these sample outputs would be updated after receiving a request from the relevant function in the
form of a flag being set to indicate new data was required. The Function would in turn reset the flag to

indicate new data had been provided. A Block diagram of readSensor’s function is seen in Figure 59.
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The System was kept in sync using the FreeRTOS ESP-IDF Component [226] to create individual tasks for
each function, with each key function using vTaskDelayUntil() to extend the time between the start of one
function loop and the start of the next to be exactly the desired time, for readSensors this was 10ms to allow
for a 100Hz sampling rate, although for the other functions it was 50ms (20Hz) as readSensors would only
record the average for every 5 cycles. This was a compromise to reduce the input size of the Neural Network

Control System.
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Figure 59 - readSensors() Function Flowchart

doMotor() Function

The Servo motor required a different approach to command than the stepper motor, being able to both be
sent data and be requested to return it. Via the RMCS-2206 Datasheet [225], writing data used a command
letter followed by a value, such as “G2700” to move to the absolute position of 2700. Meanwhile to request
data from the motor, just the command letter was sent, for example sending “P” would return “P2700\n”,
for Position 2700. Sending and receiving using Serial Communication Serialprint() and Serial.read()
respectively. It was required to read after sending any command, as the motor always responded with at
least the command sent. The writeMotor Function was therefore created both to write commands to the

motor and read the result.

As to not interfere with debug data, information sent to the motor was done along the Seriall channel as
opposed to Serial. This data would not appear in the serial monitor as it was not connected to it. Instead
writeMotor would first print the string containing the relevent command to Seriall, then, it would wait

until a response was received.
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If reading was required, after something was detected within the serial buffer (or a timeout point is
reached, in which case an error would be sent), the function would serially read in one character at a time
and append it to a String. Once reaching a “\n”, or new line character, there would be nothing left worth
reading at which point anything left in the buffer would be emptied by repeatedly reading until nothing

was left. It would then return the read value (or nothing if reading was not asked for).

askMotor was a function that would call writeMotor, its purpose was to build on writeMotor when
specifically asking for an integer value to be returned from the motor, such as when asking for its position.
askMotor would write a command letter via writeMotor, such as “P” to ask for the motor’s current position,
on receiving the output from writeMotor as a String that would take the form of “P####\n”, with “#” being
a number, it would then convert this string number into a true integer that would represent the current

position of the motor.

These two functions were used in the main doMotor Function (Figure 60), which primarily consisted of a
loop that would first check whether a new present potentiometer value and model predictions were
available from readSensors and doModel, and update if there was. After this, following (32) and (33), it
would calculate the knee angle using the potentiometer value and known knee and exoskeleton Stickout
dimension constants, as the input potentiometer value between 0 and 4095 on the ESP32 (or 0 to 1023 on
Arduino-based systems) could be converted to the knee angle by multiplying it by 285/4095, with 285
referring to the potentiometer’s angular range, acquired from its datasheet [227]. As the potentiometer’s

gear was in a 2:1 ratio with the knee gear of the exoskeleton, this value would then be halved (36).

0, = 180 — ((Pot * 285)/4095)/2  (36) - Calculating Knee angle from 12-Bit Potentiometer value

As data was collected in terms of potentiometer values, knee angle graphs within this thesis will be
displayed in terms of potentiometer values rather than knee angle itself. To see an example of both

compared to each other, refer to Figure 71.

The Function would also calculate the current number of motor rotations based on the current motor
position requested using askMotor. Using these values the function would calculate the actual and
unloaded spring lengths, and by finding the difference between these calculate how much force was being
applied to the spring (34). Based on the predictions of the doModel function and this known force, a motor
movement amount would be calculated based upon the difference between the knee angle that the motor
has rotated to support and the current knee angle, plus or minus an additional modifier applied by
doModel’s prediction. If this difference was above a set minimum the motor would be commanded to move
this set amount using writeMotor such as to re-align the exoskeleton. If the motor did not move for a set
number of cycles, it would set the motor to sleep by using writeMotor to set the motor speed to 0, which

would prevent power draw.
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Figure 60 - doMotor() Function Flowchart

doModel() and printData()

doModel was the function that held the TensorFlow Lite Model that would act as the predictive, High-Level
control system element. It would take in as an input a 2D array of the last 20-40 samples of sensor data,
convert this into a 1D input array and then process this data to predict an output. This output prediction
would then be sent to doMotor to aid in motor movement. doModel was the function that took by far the
longest amount of processing time, due to the complexity of the prediction system, as such it was isolated
to its own processor core, such that it would not be interrupted or interrupt the running of any other task.
The development and implementation of the Prediction system and Neural Network model will be

discussed further in Chapter 5:.

printData was a minor function that received data from all other functions. It existed to provide easily
readable debug information during development by printing values to the serial monitor. The Function
printed the current sample data, the current model predictions, and the current position, movement, and
desired position of the motor as well as predictions about the calculated values for the spring’s length and

unloaded length.
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»pVal: 51.8-> 66.7 kAng:172.98->178.71 mPos: -2 mMov: -791-> -268 mRot:8.88 slen:8.2418-»9.2484 slenl:8.2586 @ -598,-1864,
551,8,36,62,20486,0,-160,28252,28252,25113,23543,25113,21974,15695,18987,21974,48657,86327,130275,168008,175724,169515,142832,1
02823,59644,31391,10987,-108,4556383,2418, 24084 ,2586, -200, -165188,17298,nan,

»pval: 67.8-> 78.6 kAng:178.56->1708.16 mPos: -2 mMov: -895-> -879 mRot:8.8@ slLen:8.2397-»0.24008 slenl:0.2586 @ 684,-781,-4
19,8,158,87,27126,9268@,-160,28252,26683,23543,21974,20404, 204084 ,204084,23543,43948,769@9,117719,152258,172654,169515,145971,1114
4p,69861,31391,18987,3139,-1686,4561383,2397, 2400, 2586, -2808,-177460,17856,nan,

»pVal: 86.8-> 66.7 kAng:168.682->178.71 mPos: -2 mMov: -962-> -268 mRot:8.88 slLen:8.2381-»8.2484 slenl:9.2586 @ 533,-1853,-
62,18,-66,70,34248,0,-180,32961,260683,23543,18835,20404,21974,293822,48657,84757,1239897,1608098,175794,172654,149111,186732,67492
,26683,4788,3139,7847,-108,4566363,2381,2484,2586,-288, -182860,16882,nan,

>pVal: 79.8-> 66.7 kAng:169.88->178.71 mPos: -2 mMov: -931-> -860 mMRot:8.08 slen:8.2389-308.2484 slenl:0.2586 @ -134,-1877,
-133,13,-36,54,34466,0,-160,31391,25113,23543,18835,21974,31391,56505,91836,133415,166376,1820872,174224,145971,185162, 59644, 208

Figure 61 - Debug Information Example

Collectively, the Control System was Hierarchical. Firstly, consisting of the Low-Level immediate
calculations of doMotor which would reactively keep the length of the Actuating Spring of the ideal length
for any particular knee angle such that it would neither push nor pull against the wearer. Secondy,
consisting of the High-Level predictive system of doModel which would modify this Low-Level action to
proactively move with or slightly ahead of the wearer to the knee angle it predicted, thereby applying an

assistive force to the wearer’s knee.
4.5.4 Summary of Improvements

These improvements upon the initial implementation acted to bring the hardware side of the exoskeleton
in line with the results of the literature review and better suited the Low-Cost Methodology by improving

effectiveness with as little increase in further costs.

The RMCS-2206 servo motor’s replacement of prior stepper motors for example, did not add to the weight
cost of the exoskeleton, with a weight of ~180g, similar to that of the prior stepper motor. With a cost of
~£80 considered comparatively small to those commonly seen within other exoskeleton designs. The use
of 3D printed components, whilst not suitable for real usage, was considered satisfactory for testing

purposes and gathering data.

4.6 Exoskeleton Effectiveness

To determine whether the exoskeleton was well suited for wear, the form of the exoskeleton was tested
qualitatively through requesting test participants to review their experience wearing the exoskeleton for
extended periods whilst it was not fully activated (whilst no Spring Rod was present, and so preventing the
Linear Actuating Spring from applying any force). Quantitatively, the maximum speed and accuracy of the
exoskeleton were tested to see whether or not it could keep up with a wearer if the exoskeleton were fully

activated.
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4.6.1 Qualitative Effectiveness

As outlined by the Core Requirements in 1.2.1, the exoskeleton in addition to being sufficiently supportive
for the wearer should also be comfortable enough to wear for extended periods of time and should not
notably restrict or inhibit movement. 12 participants wore the exoskeleton for the purposes of collected
sample data, as expanded upon in Chapter 5: each also completed a simple question form detailing their
experience with the device during their time wearing it. Table 16 below displays the provided questions
and the average score of all candidates that answered it, each result having an associated score between 1

and 5, with a higher score indicating a more positive opinion.

Table 16 - Simple Questionnaire provided to Test Participants to gauge exoskeleton comfort.

Name: Highly Mildly Neutral Mildly Highly
Agree (5) Agree (4) (3) Disagree (2) Disagree (1)

The Exoskeleton was comfortable. 25% 50% 25% 0% 0%

The Exoskeleton did not inhibit 25% 62.5% 0% 12.5% 0%

natural movement.

The Exoskeleton would be wearable 62.5% 12.5% 25% 0% 0%

for extended periods of time if

required.

The Exoskeleton fitted to your 37.5% 50% 0% 12.5% 0%

proportions and did not sag, slip or
feel excessively tight.

8 of the 12 Participants completed the survey, with results generally presenting the exoskeleton as
comfortable to wear for extended periods and not excessively inhibitive of natural movement. For real-
world use, the exoskeleton may benefit from an external cover to protect wiring and actuator components

from the environment.

With this review of current development, the next sections focus on the Improvements and Redesigns
made to improve the exoskeleton to preferred functionality. The next section will cover the development
of the Neural Network based Control System that would act as the High-level controller of the exoskeleton,

and the challenges faced in its implementation.
4.6.2 Quantitative Effectiveness

For measuring Qualitative Effectiveness, the accuracy of the potentiometer measurements compared to
the actual angle of knee. Additionally, the speed and calculated position of the motor were measured. In

effect, determining how well the input data used for the prediction system would mimic reality.

To accurately measure knee angle, as the structure of the exoskeleton was not directly straight from knee
joint to upper/lower actuator connection point, instead the unloaded spring length between the upper and
lower connection points will be set based on knee angle, as defined by Equation (27). The results of which
are seen in Table 17 based on exoskeleton dimensions /,y=17cm, Z,z=-1.5cm, /y=12.5cm, and /x=9.25cm

defined in 4.4.2. Measured potentiometer values were converted to Knee angle using (36).
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Table 17 - Comparison of set Knee angle vs Potentiometer measured value and calculated knee angle

Set Knee  Knee Angle due Unloaded Potentiometer  Calculated Calculated
Angle to Stickout Spring Length Value Knee Angle  Spring Length
600 28.540 817cm 3352 63.35° 9.07 cm
900 58.54° 16.00 cm 2520 92.30° 16.57 cm
1200 88.54° 22.79 cm 1690 121.19° 23.03 cm
1500 118.54° 28.04 cm 778 152.93° 28.46 cm
180° 148.540 31.40 cm 0 1800 31.40 cm

As seen, there was only minor difference (~4.2% if excluding 180 degrees due to it being a maximum value)
between the set unloaded spring length and calculated spring length, which may be attributed to some
mechanical leeway in the gearing that rotates the potentiometer, in addition to inaccuracies in

measurement.

Motor Speed

From observing the rate of change in length of the motor versus the rate of change in length required it
was clear that the motor was not rotating quickly enough to provide the required rate of change of spring
length at a healthy walking pace. The motor was connected to the spring via a 1:1 gearbox, therefore by
increasing this gear ratio the length change could be increased. In leu of reconstruction this gearing was
simulated (As shown in Figure 62 and Figure 63) by modifying the constant value determining the length
of the unloaded spring within the code to be a larger value. This would result in the control system
believing that the motor’s rotation produced a greater amount of spring length change than it actually did.
As the spring was not loaded, with no spring rod present during this testing period, this had no effect on

the exoskeleton itself and did not cause any effect on the wearer’s movement during wearing.

By doing this, different gearing ratios could be tested in quick succession, with 1:2, 1:3, 1:4, and 1:5 tested.
Testing Revealed 1:4 gearing was capable of matching the average walking speed of the author, with 1:5
providing higher reliability during anomalous peaks of faster movement, and so 1:5 gearing was chosen to

provide room for faster gaits.
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Figure 62 - Change in Spring Length between Reality and Motor. With 1:1 Gearing. Motor moves too
slowly to keep up with reality. 20Hz Sampling Rate. “Reality” represents actual loaded spring length as
derived from knee angle; “Motor” represents unloaded spring length according to motor position.
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Figure 63 - Change in Spring length between Reality and Motor with 1:5 Gearing. Motor keeps up with
reality. 20Hz Sampling Rate. “Reality” represents actual loaded spring length as derived from knee
angle; “Motor” represents unloaded spring length according to motor position.

The result provided an output profile that better matched reality and therefore would allow the

exoskeleton to keep up with the movement of the wearer.
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4.7 Summary

This chapter focused on the development of the physical design and structure and low-level control
software of the exoskeleton. Pulling from and realising the initial theoretical work done in the previous
chapter. The final actuator design especially, taking inspiration from works such as [216] and [215] to
produce a novel, Low-cost implementation designed to minimise cost by reducing the need for low-latency,
high precision devices through use of a compliant linear spring element to replace the typically solid ball-
screw seen in commonly used rotary electric motor and ball screw designs that were common within the

literature review. Within future chapters the effectiveness of this design will be tested.

The Low-Level Control system realised the theoretical work of the prior chapter in calculating the required
active spring length based off of knee angle and known upper and lower actuator connection points. With
the knee angles of the potentiometer being within ~4.2% of the real angle of the knee, and the control
system adjusting the spring to similarly accurate lengths to what was be calculated in theory. The system

was tested both qualitatively and quantitatively, showing promise in both aspects.
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Chapter 5: Prediction System Development

5.1 Introduction

Neural networks, such as those made using Keras and TensorFlow Libraries within Python, were the next
step for the research project, however presented several challenges. Primarily: creating a functional
Recognition system using exoskeleton data, converting this functional design to run on a microcontroller
or other portable implementation, and then improving its effectiveness such that it would be capable of

recognising common movement actions such as walking, standing, sitting, etc.

Within this chapter, a prediction system will be developed that is capable of reliably predicting the motion
of the wearer’s knee. This will then be deployed to the exoskeleton itself to drive the motion of the motor

and spring actuator.
5.2 CNN Control System Prototype

Convolutional Neural Networks (CNN’s) were chosen due to the precedence for their implementation on
microcontroller technology, although not for the “Movement State” purpose that was intended for them
within this implementation. The feasibility of any level of implementation was the first aim of the prototype.
With a functional, if not fully considered recognition system developed, made capable of recognising gait

states, and then implemented onto a microcontroller to test its functionality.

Convolutional Neural Networks are a deep learning method that extracts features from a dataset by sliding
a filter over a dataset, with features arising from dataset patterns. These features can then be pooled to
identify those features most prevalent within the dataset. While typically used to identify images through
patterns of colours, edges, textures, etc, here it was used to identify a change in angular values over time.
Convolutional Neural Networks were chosen as an initial benchmark due to pre-existing support for micro-
controller implementations already existing and being well-documented. They were therefore a useful
method of testing whether the implementation of a recognition system onto low-power microcontrollers
would be feasible outside of external sources and what challenges may be faced in doing so. After this had
been established, it would be considered whether a potentially superior, if less well supported network

may be more suitable.
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Many Neural Networks, including CNN’s consist of three “layers”. The first being a single Input layer, whose
dimensions will match that of the input data and provides the starting point of the system. After these will
be a number of hidden layers, who are the intermediate, processing steps of the neural network, with each
unit, or neuron of the hidden layer receiving all inputs of the neurons of the previous layer and applying
weights and biases upon them which vary with training. Finally, the Output layer’s dimension will be that

of the output data, this may be a single value, a series of percentages, a continuous set of values, etc.
5.2.1 Initial Data Collection

Data was collected manually using a program that ran on an Adafruit Huzzah ESP32 Feather [154] that
would replace the previously used Hobby Components Mega, with the ESP32 possessing a far faster clock
speed (240MHz vs 16MHz) and multi-core functionality whilst remaining low-cost. Connected to the
ESP32 via a serial connection would be a laptop that would capture the input serial data and decode it back

into its component sensor values. Data was collected for a series of different “movement states”.

The Results were acquired through wearing the basic exoskeleton
structure on the left leg, with the potentiometer attached to the
knee joint and Inertial Measurement Unit attached to the outer
side of the ankle. Data was collected at a rate of 50 samples per
second, with the average step taking between 1.1 to 1.3 seconds
(55 to 65 samples). Sensor data was normalised to between -1 and
1 such as to be equally weighted. The Inertial Measurement Unit
was oriented as described in Figure 64, with the Accelerometer

measuring acceleration in three dimensions, and the gyroscope

measuring rotation about three dimensions (Positive =

Anticlockwise Rotation). Figure 64 - IMU Orientation

The process of collecting data was completed for each of the states that the recognition system would be
trying to predict. Those being “Walking”, “Walking up Stairs”, “Crouch Up/Down”, “Standing”, “Sit”, and
“Rest”. With this, the recognition system itself could be developed. These Movement States were decided
based on the most common everyday movements that a wearer would perform. Waking data is seen in
Figure 66, Figure 68, Figure 67 showing Potentiometer, Accelerometer, and Gyroscope data respectively.

Walking up Stairs Potentiometer data is seen in Figure 65.
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Figure 68 - 32 Instances of Accelerometer X, Y,
and Z Data for Walking Cycles. Sample rate: 50Hz
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Figure 67 - 32 Instances of Gyroscope X, Y, and Z
Data for Walking Cycles Sample rate: 50Hz.
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Crouch was split into “Up” and “Down” states, with Crouching Up consisting of a wearer moving from a

sitting position to a standing position and Crouching Down consisting of the inverse (Figure 69).
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Figure 69 - 32 Instances of Potentiometer Values for Crouching Up and Crouching Down. Sample rate: 50Hz.

Standing, Sitting, and Resting were all static states, with little movement occurring. As such their profiles

did not show much change, appearing as flat lines (Seen in Figure 70). Rest was specifically used as a test

state, with the exoskeleton resting on its side. Differentiating it from Standing.
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Figure 70 - 32 Instances Potentiometer Data for Sit and Stand Values. Sample rate: 50Hz.

When viewing the resultant data continuously as seen in Figure 71, walking data showed similarities to

other datasets, such as seen in Figure 72 with data collected by [228]. This data was collected at a rate of

one sample per 1 millisecond (1000Hz) as opposed to 50Hz.
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Figure 71 — Change in Knee Angle over multiple cycles (180 degrees equal standing leg). Knee Angle
and Potentiometer Value compared. Sample Rate: 50Hz.
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Figure 72 - Example sample data by [218], edited to show sample rate of 50Hz.

Each Sensor within the Dataset was individually normalised, (In other words, accelerometer X, Y, and Z
would all be normalised together, Gyroscope X, Y, and Z would all be normalised together, and the
Potentiometer normalised on its own), where 1 = highest value. This was due to sensor types that had
innately higher values being erroneously given more significance if all values were collectively normalised,
so, for example the potentiometer which would vary from 0-4095 would have its results hold more
significance than the Gyroscope, which may only vary between 0-10. Therefore, normalising the values

based on the sensor type made each sensor of equal weight.

The Recognition system would run for 100 epochs where it would have access to the training data and
training states. The reduction of loss over the training epochs (Figure 73) indicating the improvement of
the recognition system and recognising the desired states, although it did not necessarily mean that the
model was “better” at generalised recognition. Overtraining a model could lead to overfitting, where it
would only recognise the training data and nothing else unless it looked exactly like the training data. After
this training completed, the model would be allowed access to the testing data, although not its answer

states, instead it would try to predict these states itself, not “knowing” whether it was correct or not.
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Figure 73 - Loss Reduction over training Epochs
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5.2.2 State-Based Recognition Core Issues

It was found that the system took a long time to react to changes in circumstances, with it taking upwards
of a second to change its prediction from one Movement State to another. This was attributed to the
problem of new information taking time to “shift” through the recognition system’s input (displayed in
Figure 74). With a new movement state only recognised when recognisable data of this Movement state

made up the majority of the recognition system’s input.

At a bare minimum if at least 50% of the input needed to be of a particular movement state for it to be
recognised, it would take 0.64 seconds, For Stance to Swing phases, this meant that the reaction time to
realise a state change was about as long as the state itself lasted during average walking cycles, effectively

meaning the system did not realise it was in a new state until that state had been left.
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it is in Stance Phase. of data is still showing Stance Phase, so the phase, however only some time after they
system still believes it is in stance phase. actually entered Swing phase.

Figure 74 - Delay between changing state and its recognition, assuming perfect state recognition capacity.

Despite promising theoretical results with accuracies of >90% when using test data, there was not a
translation into real-world accuracy, with the system often struggling to maintain the correct Movement
State if this state had considerable changes in direction or motion. For example, whilst the system would
accurately detect a wearer standing, sitting, or resting for extended periods of time, it would fail to
accurately detect a walking or crouching pattern as such, often instead switching between several states

that appeared more “likely” during that particular moment.

It was decided that the system’s lack of reliability made it infeasible for usage. When viewing theoretical
predictions per state, accuracies varied with state, although seemingly remained high (Figure 75). However
when the state prediction system was applied to data as it would be seen in reality (in other words, quickly

varying between states), it failed to provide accurate predictions as seen in Figure 76.

One potential reason for this difference between theoretical and actual may be that data arrays were
separated on a per-state basis before being provided as training data. In other words, the training data

consisted of a “block” of Walk-Swing Data, followed by a block of Walk-Stance data, followed by a block of
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Crouch Up Data, and so on. Although as Convolutional Neural Networks compute for each sample

separately this was assumed not to be the case. It was decided this possibility was not worth testing and

that instead a different network would be looked into that may be more appropriate for time series

, that being a Recurrent Neural Network.
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Figure 75 - Output of State-Specific training, note varying accuracies dependant on states.
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Figure 76 - Walking data with overlayed state predictions. Variation primarily between state
4, 5, and 6 (400/500/600), representing Crouch Up, Down, and Sit

5.2.3 Implementation Review

For the Recognition System, there was a notable disconnect between how effectively the system could
potentially predict movement states when tested using test data and how well it actually predicted
movement states when tested in reality. With a tendency to only be able to predict Movement states that
remained relatively static, such as Standing and Sitting. The exact reasoning behind this was unknown,
however it was decided that instead of investigating the reasoning, a different implementation would be
chosen instead that would draw inspiration from several other Al-driven control system examples seen
within the literature, with many prediction systems predicting a time variant value such as Knee Angle or

kinematic motions, which could be considered more “Pattern-Based” classification [171].

Furthermore, the source of sample data was improved, by collecting additional movement data from a
diverse set of 12 Healthy Candidates, of which 8 were Male and 4 Female between 22-58 Years old (Majority
of candidates between 20 and 30 years old). Each candidate would wear the exoskeleton whilst their
movement data was recorded performing several simple activities that collectively covered common
“Movement States” performed by the average person, these being Walking, Crouching, Walking Up Stairs,
Sitting, Standing, Wandering, and Resting:

- Walking upon flat ground for ~3 Minutes. (Walking)

- Sitting down and Standing up from a chair for ~2 Minutes. (Crouching)

- Performing Random Walking and Sitting/Standing actions of their own volition to simulate every
day movement for ~2 Minutes. (Wandering)

- Static Sitting and Standing for ~2 Minutes (Sitting and Standing)

- (If Available) Use a StairMaster to simulate walking up Stairs for ~2 Minutes. (Walking up Stairs)

Resting, being a test case, did not require data acquisition from multiple candidates. This diversity of data
was required as ultimately a recognition system was incapable of “implying” information, if soley trained
on walking data for example it may predict the user to be walking even in situations where they clearly

were not, as the only state the recognition system “knows” would be walking.
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Such an example is seen in Figure 77, where the recognition system that will be discussed in the next
section was trained exclusively on walking data, and it failing to predict the knee angle (potentiometer
position) of a wearer standing completely still. Similarly, if a recognition system was trained on data from
a single individual, as it had been previously, the recognition system would only effectively predict the

movement patterns of that individual, which may differ from others.

While during initial development, test data was entirely collected by the author, and existed for the purpose
of making sure that the developed model functioned at a basic level, it was clear that it would be beneficial
to collect data from additional candidates in order to broaden the diversity of movement patterns that the
model would be exposed to. Otherwise, the model would have become proficient in predicting the specific

movement patterns of the author, rather than the movement patterns of a generic wearer.

There were a total of 12 Participants, including the Author, whom each performed the series of movement
actions that were defined above. In addition to this a large batch of additional data was provided separately
by the author, having been collected prior and consisting of extended sections of walking data collected by
walking from the Author’s place of residence to the University of Kent. This resulted in ~215,000 samples

or ~3 hours of samples. Which was used for some initial testing of the new Recognition System.

This would form the basis of the training and testing data that would be used for the reworked control

system described in the following sections.
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Figure 77 - Prediction System trained only on walking data knee angles struggles to predict the wearer’s knee
angle standing still, as it has not been trained to “know” what standing still is. Z0Hz Sampling Rate.

This Data Collection Experiment was conducted following the University of Kent Central Research Ethics
Advisory Group’s Experimental guidelines. As to determine whether the number of participants was
sufficient, an additional set of tests were performed, and are described in 5.3.6. The dataset created would
be similar in nature to other exoskeleton datasets, consisting of multiple candidates performing a set of
actions, with information stored separately for a set of sensors. For example, [228] collected EMG, IMU,

and Goniometer data from 22 candidates performing level, ramp, stair, static, and treadmill walking.
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5.3 Improvements and Redesigns

Due to the failure of the Convolutional Neural Network as a result of an inability to recognise consistent
patterns of samples over several rapidly changing cycles in addition to a slow reaction time for predictions,
a different method and recognition system was considered that aimed to resolve this. Recurrent Neural
Networks are designed to process sequential information, consisting of recurrent cells that combine
received information with prior information, identifying potential patterns. This was seen as appropriate
for sequential or Time-Series Information, especially if the output can be related to the input. Similar to
the previous method, the input would be in the form of an 8-width snapshot of data collected from the IMU
and Potentiometer (Accelerometer X, Y, and Z, Gyroscope X, Y, and Z, Potentiometer Knee Angle, and

additionally Rate of Change of Knee Angle).

LSTM’s (Long Short-Term Memory) are a type of Recurrent Neural Network possessing effective Long-Term
Memory capabilities, meaning that it is less prone to “forgetting” older data than some other Recurrent
Neural Networks whose rates of learning gradients can tend to zero [229] over time. As the system would
be provided a long series of continuous information of several distinct movement states, such as walking,
crouching, and so on, it was imperative the system did not forget these states or merge them together.
LSTM’s have also been proven to be capable of effectively running on the Cortex-M Microprocessors used
by many inexpensive microcontrollers [230]. Being directly supported by TensorFlow, a well-established
Machine Learning API, with TensorFlow Lite being used in this implementation. Therefore, this is why this
method was chosen, as the capacity for memory and compatibility with Cortex-M Architecture were

essential features.

Some common examples within the literature of sampling rates include [231] and [232] using rates of 100-
120Hz, with [233] claiming a sampling rate of 120Hz was a “minimum” when calculating spatiotemporal
data for variability and sample entropy, as only more general recognition was required it was reasoned a

slower sample rate could be used

When viewing effectiveness of microcontroller-based neural network predictions in terms of Average
Percentage Difference from reality, [174] achieved an accuracy of ~3.75% with a CNN predicting 20-200ms
into the future. Meanwhile [181] achieved an accuracy of ~4% with an RNN predicting 50ms into the future.
The LSTM developed within this thesis achieves similar accuracies with predictions made up to 1000ms

into the future.

The LSTM Neural Network created for this implementation did not use a State-Based prediction system as
the previous Convolutional Neural Network had. Instead, it would rely on a simpler system that would
predict a future knee angle based on known current knee angles. Based on this future prediction the
system could then command the actuator to move pre-emptively to provide support as the wearer was

moving,.
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This Time Series Prediction method being a common type of implementation for Recurrent Neural
Networks. The system would use a combination of knee angle data provided by the potentiometer and the

Inertial Measurement Unit located at the ankle, similar to [234], [235], and [236].

For the Initial Implementation, the Prediction system would sample data at a rate of 100Hz, twice that of
the prior implementation. However, to keep the input window small as to reduce reaction times, it would
only provide the average of every 5 samples, resulting in a 20Hz prediction and processing rate. These
samples would be provided as a “Snapshot” of data consisting of the last 40 samples (2 seconds) prior to
the present point in time across each sensor (Accelerometer X, Y, and Z, Gyroscope X, Y, and Z,
Potentiometer, and Potentiometer rate of change). This would be stored as a [40,8] Array of data,
Accelerometer, Gyroscope, and Potentiometer data would each be normalised separately to between -1 and
1 based off of known likely maximum and minimum values collected during training, which would be equal
to the largest and smallest value of the training set for each sensor that was within three standard
deviations of the average as to prune out anomalous spikes that would otherwise bias the dataset. This
would then be compared against a [30,1] Prediction array during the training purpose, where the
prediction would be the next 30 values after the end of the set of 40 that made up the training snapshot

(Figure 78), or 1.5 seconds into the future.
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Figure 78 - Display of Input (Blue) and Prediction (Orange) Data. 20Hz Sample Rate.
Normalised potentiometer values represent Knee Angle, where 0 = 180-degree Knee Angle

Much of the backend code for taking in stored data inputs was re-written, with the system pre-calculating
the appropriate size of the Three-Dimensional Data Array to hold multiple [40,8] snapshots. For example,
a 1000-length .csv sample file with a sliding window moving at 1 sample per snapshot for a [40,8] input
and [30,1] output would provide 930 snaphots, (the length of the file minus the size of the input and output
arrays). This considerably improved data processing times allowing hundreds of thousands of samples to

be processed in a few seconds.
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Other than this the general Sliding Window Principle used in the second iteration of the Convolutional
Neural Network, where a “Snapshot” of continuous data was taken to represent one sample, before moving
the window along by a set value before taking another snapshot remained unchanged (see Figure 79). This

Snapshot process was also used to produce the [30,1] Predictions.

Using the Sliding Window Technique (Figure 79) on collected data, there was a total of 215,000 samples
or ~3 hours of sample data. This would be randomly shuffled before being split 90/10 to Training and
Testing data. Training data would be used to train the model, which consisted of a [40,8] Input, and finished

with a [30,1] output Dense Layer, this would then be trained for 15 Epochs.
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Figure 79 - Shifting Snapshots of data of a gait cycle to create a “Sliding Window”.

Potentiometer Value

Walking Up Stairs Data (Figure 65) was collected using a StairMaster Exercise machine to provide more
consistency and allow for longer periods of consistent data collection to occur. There was no easily
accessible safe alternative for Walking down Stairs for long periods of time at once, and data for it ended

up not being collected.

A key benefit of both collecting potentiometer data and it being the value predicted by the Prediction
system was that for testing purposes a Knee Angle Prediction could be directly compared with the actual
knee angle at that point in reality to see how accurate the predictions were, a process that could be made
to occur in real time to allow for prediction improvement via linear regression. The theoretical
implementation achieved a Mean Squared Error of ~0.013. Linear Regression (Figure 80) showed a strong
association between predicted values and real values, which in turn displayed the prediction system as
capable of recognising patterns within its input samples and accurately outputting predictions similar to
reality. Predictions of future potentiometer values created from the test data that the model was not trained
on were recognisably similar to the actual potentiometer values, although predictions tended to exaggerate
reality, later found to be due to having too much sample data from a single source, drowning out variation
from other sources. After Linear Regression, values tended to look more similar to reality (Figure 81).

Therefore, Linear Regression could act to reduce systematic errors in predictions.
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Figure 80 - Linear Regression comparing real potentiometer values to predictions. “Real” referring to
sampled wearer data during walking. “Predicted” to data predicted by LSTM Neural Network.

Post regression, values tended to look more similar to reality (Figure 81), interestingly, Linear Regression
was most effective when only trained on a small number of samples prior to the predicted samples that
would have regression applied to them, as opposed to training a Linear
Regression model for the entire test dataset. This may be due to the predictions tending to vary in how
much they over and underestimate reality over the length of the dataset, and so a smaller, more immediate
set was better able to counteract the errors of the present prediction. Although, this would mean that a
trained Linear Regression model would only be effective for roughly a second before needing to be

retrained on new data, which for early Microcontroller Implementations was infeasible.
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Figure 81 - Prediction (Orange) and Post-Regression Prediction (Red) vs Reality (Blue). Dividing
line separates input data and output data. 20Hz Sampling Rate.
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As many Examples of Regression Model Implementations made use of a Laptop to host the model, which
would then be serially or wirelessly connected to a controller, both a Laptop-based and Microcontroller
based implementation would be created using this initial design. The Laptop-Based version having access
to higher processing power would make use of a more powerful model, and therefore test the difference in

effectiveness between it and the lower power microcontroller.
5.3.1 Laptop-Based Model Implementation

To act as a comparison to the Microcontroller a prediction model was tested on a high-power laptop that
received sensor data from a connected exoskeleton and returned prediction data via serial connection. This
allowed for the usage of a much larger LSTM network and would act as a baseline for comparing a model
designed to make full use of a computer’s predictive capability versus a microcontroller, having 4 Size 128
LSTM Layers similar to [231], as well as a Dropout and output Dense Layer. The Laptop would be placed in
a backpack, with a USB cable providing the serial connection between the ESP32 located on the exoskeleton
and the Laptop. The ESP32 would use basic Arduino-based Serial print()/Serial.read() Functions to send
sensor data to and receive predictions from the Laptop, where a Python program would run to collect data,

storing it in a Pandas Dataframe and return a knee angle prediction to the ESP32.

If the Laptop was set to only collect data rather than predict it, it would instead send a dummy reply back

to the ESP32 to confirm that data had been received and that more data was to be sent.

Converting a model to be read by the laptop was relatively simple, using the inbuilt Tensorflow model.save()
functions. The System would be saved as a .pb SavedModel file with an accompanying concrete function
that stored the model’s expected input dimensions and type. This could then be loaded by the similar

model.load() function to run the model again without having to recreate or retrain it.

If the Laptop Implementation reading and recognition program was set to predict data it would prior to
the beginning of sample-reading load such a SavedModel file, upon then receiving at least the minimum
number of samples to form an [40,8] Dataset (or 2 seconds of samples) from the connected ESP32 it would
begin predictions. This program was the final iteration of the Python serial reading program, whose basic
functions are detailed in Figure 84, and iterations of it were used for both the Laptop and Microcontroller
implementations. Although for the Microcontroller implementations, prediction and regression were
disabled, and the program would instead receive both sensor data and predictions from the

microcontroller.

For the Laptop Implementation the Program would make use of the .predict_on_batch() function to output
a single prediction based on a normalised array containing the last 40 received data samples, the data was
normalised using a set of scalars which made it such that each sensor was normalised identically to how
training data was originally for the model by cutting off values outside of 3 standard deviations of the
average and using a MinMax Scaler on the rest. Both predictions and sensor data were saved within the
same Pandas Dataframe to be later saved to a .csv file once a set number of cycles had been completed or

a manual stop command was issued.
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This manual stop was issued via a button located on the exoskeleton that would send a specific serial
character that triggered the software to save all collected data and stop, this button would also be used to
start the act of collecting data, allowing the process to be performed by the wearer of the exoskeleton
without interacting with the laptop, this allowed the laptop to be safely stored in a backpack with the

program running on it without further interaction needed.

If enough predictions had been made then the program would be able to use the previous predictions made
before the most recent prediction and compare them to the actual potentiometer values that had occurred
at these times (EG: A Prediction made 5 cycles into the future would be compared to the actual
potentiometer value that occurred 5 cycles after the prediction was made). These comparisons would form
a Linear Regression model that would be used on the latest set of predictions before then being
recalculated for the next, as such always relying on the most recent data. Due to the high processing power
of the laptop used, despite performing 30 regressions a cycle, one cycle would take ~20-30ms to perform,

which was well within the maximum time of 50ms per cycle that the system would run at.

Linear Regression would be performed on all values by comparing previously made predictions to the
actual potentiometer values that were recorded at the times the predictions predicted, then applying this
calculated regression value to the present set of predicted data to account for any notable errors seen
within the recent past predictions that may still affect the present predictions. Testing the effectiveness of
the Laptop-based implementation was done in the same way as data was originally collected, by running

the system in real time whilst an exoskeleton wearer was walking and logging predictions.

On the Microcontroller side, the system was effectively identical to Figure 58, minus the doModel() function,
which was offloaded to the Laptop. For testing of prediction accuracy purposes, motor functionality was
also disabled, with no Spring Rod present to allow the exoskeleton to move freely. This was to allow for

testing a potentially imperfect prediction system without interruption from the exoskeleton.

5.3.2 Microcontroller-Based LSTM Implementation

The Process of implementing LSTM onto an ESP32 (Adafruit Huzzah32 ESP32 Feather Board) used the
TensorFlow Lite for Microcontrollers library [237], specifically the tflite-micro-esp-examples [238] due to
ESP32 specific optimisations and ease of use. Prior to September 2022, Rolled LSTM’s were not fully
supported, causing a “UNIDIRECTIONAL_SEQUENCE_LSTM” Error when attempted. Unrolled LSTM's were
considerably larger than rolled in terms of file size and were effectively non-functional due to these size
limitations severely limiting processing capacity. After the limitations of rolled LSTM’s were resolved, the
rough size of the tflite model was 245kb in size, as opposed to the 3.2 MB savedModel file used by the
Laptop. It consisted of two LSTM layers of size 64 and 32, plus one Dropout layer to reduce overfitting and
a Dense layer to format the output to a [30x1] size 1D array. This comfortably fit within the loadable file

size of the ESP32, and the model processing time limit of 50ms with room to spare for other functions.
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Converting a PC-based TensorFlow model to function on a Microcontroller was not the same for Recurrent
Neural Networks as it was for Convolutional Neural Networks, with there being little in the way of pre-
existing support for such conversions. Instead, it first required converting the model to the TensorFlow
Lite Format and saving the model in the .tflite format. Replacing TensorFlow Operations with their

equivalent TensorFlow Lite Operations compatible with Microcontroller firmware.

After being converted to a .tflite file, the file requires further conversion to a.h header file containing an
array of hex codes that represent the model, a section of which is seen in Figure 82, to allow it to then be
loaded by the tflite-micro code. This is done using Vim, and the xxd command “xxd -i model.tflite > model h”
within the command line. After this conversion, the following lines seen in Figure 83 must then be added
to the .h file in order to allow for compiling on devices that do not have a file system, such as
Microcontrollers. The Final line “const unsigned char model_data[] DATA_ALIGN_ATTRIBUTE = {“ replacing

the pre-existing array definition.

const unsigned char model_data] DATA_ALIGH_ATTRIBUTE = {
exlc, ex0e, oxea, exed, ext4, exdo, oxdc, ex33, 6xld, oxes, 8x28, exee,
exlc, exed, 6x18, Bxe6, 8x14, exea, exle, exes, Bxec, 9xba, ax6a, Bxd6,
8x08, @x06, oxed4, 6x88, oxl4, ex0e, Bxbe, 8x88, Bxlc, @x8a, exbe, 6x88,
8x38, 9x08, 0xe0, 9x08, Oxed, ox00, O0x88, ©x00, Oxdd, @x85, oxbe, oxee,
Bxed, 8x35, Ox88, Bx88, @xdc, 8xSb, OxB8, Bx88, Bx83, 9x8a, 2xed, \xes,
exel, 9x0e, oxeo, 0xo8, oxe4, ox89, Ox88, Oxes, Oxds, ex79, exff, exff,
@xBc, ex8d, 6x86, Bx86, 8xlc, 8xB8, ex8Bd, ex85, Bx33, 9xb68, exba, Bxd6,
éxef, @x0e, oxe6, 8x88, 8x73, exe5, Ox72, 8x76, Bx69, @xbe, @x67, Bx5T,
Bxbd, @x65, Bx6b6, 8x6l, @x75, exbc, Bx74, Ox88, Bxel, @xo8, oxbe, ox88,
8x04, 9x008, 6xe8, 0x88, a@xf94, axff, exff, exff, 6x31, 9x08, 8xed, /xes,
@xed, 8x0e, oxeo, Bxed, 6x86, exed, ox8e, Oxes, exaf, ax75, ex74, ax7e,

Figure 82 - Example
of Header File Hex
Code Section

#ifdef _ _has_attribute
#define HAVE_ATTRIBUTE(x) _ has_attribute(x)
#else

#endif
#if HAVE_ATTRIBUTE(aligned) || (defined(__GNUC__ ) && !defined(__clang_))
#define DATA_ALIGN_ATTRIBUTE _ attribute_ ((aligned(4)))

felse ) Figure 83 - Required
:"'E;j: PRTAALIGE_ATIRIBUIE Additions to Model Head
Fendt Files for functionality on

Microcontrollers.

const unsigned char model_data] DATA ALIGH _ATTRIBUTE = {
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This code is seen within Official TensorFlow usage within [239] as part of the TensorFlow Python GitHub
within the “convert_bytes_to_c_source()” function. Although within the implementation for this project, the
lines had to be added manually. This Model Header File could then be made available to the Microcontroller
program to be used, with the initialising getModel function loading all layers used by the model as well as
defining its inputs and outputs as displayed within Figure 85. The Model Layers were determined using

the Third Party Program “Netron” [240].

model = tflite::GetModel(model data);

resolver.AddQuantize();

resolver.aAddReshape();

resolver.AddDequantize();

resolver.addihile();

resolver. AddStridedSlice();

resolver.AddFullyConnected();

resolver.AddLess();

resolver.Addadd();

resolver.addGather();

resolver.addSplit();

resolver.AddRelu();

resolver.AddLogistic();

resolver.AddMul();

resolver.AddSlice();

resolver.AddConcatenation();

resolver.AddUnidirectionalSequencelSTM(); //add all layers used by the model (see netron)
/{ Define the input and output tensors

static tflite::MicroInterpreter static_interpreter(model, resolver, tensor_arena, TEWSOR_AREMA_SIZE);
interpreter = &static_interpreter;

ffinterpreter = new tflite::MicroInterpreter(model, resolver, tensor_arena, kTensorfrenaSize);
interpreter-»AllocateTensors();

input = interpreter->input(@);
output = interpreter->output(8);

Figure 85 - Microcontroller Model Initialisation

The Author made use of the “tfmicro-esp-examples” Library, [241] an offshoot of the Official TensorFlow-
Lite library optimised for the ESP32. The VSCode IDE, alongside PlatformIO and ESP-IDF Extensions was
used. Additionally, at the time, it was required to edit the flatbuffers third party library included within
such that flatbuffers/include/flatbuffers/base.h lines 45, 46, 47, and 49 were commented out, and the line

48 #include <utility> was therefore always active.

Once the Microcontroller model was created, it could be used similarly to the Python Model. Predictions
would be made using the Tensorflow Lite Micro Libraries’ interpreter->Invoke(); function, that would made
predictions based off an [40,8] input array of sensor values, to make 20 output potentiometer predictions
(1 second into the future). This was reduced from the 30 of the laptop’s implementation to reduce the
amount of data sent to the laptop, it had no effect on model size or speed, although sending too much data
via serial print at a time slowed down the microcontroller, occasionally resulting in cycles not sending data.
The program would then consistently send each prediction along with the continually collected sensor data

via serial connection to be stored in a.csv file similarly to the Laptop Implementation.
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The Parameters of the Model were determined by trial and error to discover a model that was effective
within the limitations of the microcontroller’s maximum allowable size and that possessed reasonable
processing times. For example, more than two LSTM layers of similar size resulted in the model unable to
function. As will be expanded on in the next section, the limited processing power of the microcontroller
made live Linear Regression infeasible, and so for this microcontroller implementation, it was not

implemented.

5.3.3 Effectiveness of Laptop and Microcontroller Implementations

As was expected the Laptop Implementation was of a similar accuracy and produced similar results to that
of the freshly trained model run on a PC and had an average Processing time per sample of less than 50ms.
When comparing reality to predictions and regression predictions, Mean Average Error (MAE) between
reality and prediction varied between 3.63% to 8.1% for predictions made 50ms to 1000ms into the future,
or 3.68% to 9.71% for regressed predictions. Both examples were averaged over 5,000 samples, a short

depiction of 120 samples is seen in Figure 86.
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Figure 86 - Laptop Prediction vs Reality for data. Prediction made 0.25 seconds into the
future. 20Hz Sampling Rate.

While this laptop implementation was reasonably accurate in predicting future values, it was limited in
requiring a high-powered laptop in order to function at speed, the device used, a ROG Zephyrus M16
GU603ZX costing ~£4,000 [242] was more powerful than required however any device used would need
to be capable of running TensorFlow, in addition to requiring a wired connection and backpack to carry
the laptop and its power supply. In comparison, the ESP32 used in the Microcontroller implementation
costed only £15.50, over 250x less expensive in addition to a smaller size and power usage. Of course, this
difference in cost between the PC/Laptop Implementations and Microcontroller was countermanded by a
difference in processing power. The Laptop Implementation, even whilst limited by running on CPU rather
than GPU for model processing, possessed a 5GHz, 14 Core Intel 19 12900H, considerably faster than the
240MHz Dual core of the ESP32.
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As aresult of the smaller model deployed to the microcontroller, predictions could not be made within the
50ms sample window. Instead, predictions would take an average of ~180ms to process, allowing for a
maximum lossless prediction rate of 5.56Hz, considerably lower than the desired 20Hz. If making
predictions in real time as would be intended for actual usage, the Mean Average Error would be ~8.93%
to 11.87% as a result of fewer predictions being able to be made and so some prediction attempts would
be lost as the previous prediction had not finished processing. This resulted in a graphed output with a

notably stepped or blocky appearance (Figure 87, grey “Real-Time” output).

Due to the predictions already being slow Linear Regression was not attempted, limiting corrections to
predictions. It was noted that those predictions that did occur would be relatively accurate, as such the
system was re-run in a way where it waited for each prediction to complete test data to allow it to run at
its own pace. When performing non real-time processing, i.e. the prediction system was run on a set of pre-
existing samples stored in an array that were fed in one at a time with no sample skipping, the predictions
show that the microprocessor implementation was capable of reasonable accuracy, in this case the Mean
Average Error between Prediction and Reality varied from ~6.1% to ~10.9%. This output, seen in orange
in Figure 87 showed impressive accuracy, although still inferior to the laptop. It none the less implied that
by either reducing the size of the model, or increasing the speed of the microcontroller, reasonable levels

of accuracy could be achieved with a Recurrent Neural Network on a microcontroller.

As was expected when comparing the Laptop Implementation to the Microcontroller Implementation, the
Laptop implementation benefits considerably from access to higher processing power by being able to run
a much more powerful model much faster. With the HUZZAH32 ESP32 Feather possessing a 240MHz dual
core microcontroller, compared to the 5GHz and 14 Cores of the Laptop CPU. This Necessitated the
Microcontroller implementation to be much smaller to be able to produce predictions within a reasonable
time frame. Therefore, when running both prediction systems on a 5,000-sample length dataset they had
not been trained on, the average percentage differences between Reality and Prediction for both prediction
systems were observed to be somewhat as expected. (Figure 88). With both seeing a decrease in accuracy

(an increase in Mean Average Error) with a further prediction into the future.
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Figure 87 - ESP32 Prediction vs Reality data for Slowed and Real Time Microcontroller Implementations.
Prediction made 0.25 seconds into the future. 20Hz Sampling Rate.
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Figure 88 - Comparing ESP32 and Laptop Differences between Predictions and Reality at varying samples
into the future vs the actual values that occurred at those predictions. 1 Sample = 50ms

For both the Microcontroller and Laptop Implementations, predictions followed a straighter line, with a
clear linear increase in percentage difference for further predicted samples. As expected, the Laptop
Implementation produced results of a higher accuracy overall accuracy and was capable of doing so at a
more rapid rate, however considering the hardware required to produce these results was 250 times more
expensive, the microcontroller being capable of producing technically inferior yet “almost as good”
predictions was promising. These implementations showed the feasibility of the microcontroller
implementation, although made apparent the issue of the lack of processing power reducing the rate at
which predictions could be made and therefore decreasing the overall accuracy of these predictions. A
Potential solution to this was to look for a more powerful microprocessor board that was still within a
reasonable price range. Additionally, optimisations to the model could be made to reduce its size, and

therefore the time taken for it to process information.
5.3.4 Improving Speed of the Prediction System

It was decided that the Prediction System would benefit from improvements to the model as well as faster
processing speeds, achievable by either using a different, more powerful Microcontroller and/or reducing

the size of the model. Several Tests were performed to see the impacts and are displayed separately.

Improving Training Data Quality

It was originally stated that ~215,000 samples were collected to be used in training. Much of this data was
collected by the author in the form of long form walks. It was at the time assumed that a larger dataset
would improve the quality of the model. The end result however of using the full 3 hours of collected data
was an inferior accuracy as opposed to using a smaller subset of ~50 minutes of data, with the larger
dataset predictions made against test data were consistently less than their real values, in these cases the

Linear Regression of the Laptop Implementation corrected for this error (Figure 89).
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Figure 89 - Laptop Implementation that used full dataset produced values that consistently
underestimated reality. 20Hz Sampling Rate.

The assumed reasoning for this was that most of this 3 hours of data was collected by the author
performing relatively consistent walking, it is possible that this overwhelming majority of very consistent
data polluted the dataset as a whole, by making any variety provided by test data from other participants
comparatively insignificant. When retroactively corrected, as seen in Figure 86 and Figure 87, predictions

were far more consistent with reality.

Reducing Input Size

For reducing the size of the model, the two most likely places to do this would be to reduce the size of the
input array from [40,8], and/or reduce the size of the LSTM layers from 64/32, it was already known
reducing the size of the output predictions of the model had no effect on its size of processing speed. For
input size, It was found that while reducing the input size of the model did not affect model file size, it did
have a proportional effect on the speed of the model, with a smaller size resulting in a faster processing
time. An increase in model size of 80 (+[10x8]) resulted in a ~44ms increase in processing time (Figure
90), as such a range of models of different input sizes were run in real time to test the Mean Average Errors
of their predictions vs reality. Table 18 shows the results of running each of these models for ~2 minutes
whilst walking the same path. The Mean Average Error was calculated as the average of the percentage
differences of all predictions vs the real potentiometer value that occurred at that time, made from 1-20

samples into the future for a particular input size, with these results shown in Table 18.

Table 18 - Variance in Mean Absolute Error for ESP32 Predictions vs Reality due to input size

Input Size | [40,8] [30,8] [20,8] [15,8] [10,8] Laptop (40x8)
Av. % Diff. | 10.56% 10.29% 8.22% 8.88% 9.41% 6.09%
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As seen by the results of Table 18 and displayed continuously in Figure 91, the [20,8] input size presents
the lowest percentage difference, acting as the intermediate between having sufficient input size to make
an accurate prediction and being able to do so at a quick enough speed to remain useful, although this

result is still ~35% less accurate than the Laptop Implementation.

The higher values, at [40,8] and [30,8], are likely of a lower accuracy due to the slow processing times
(180ms and 135ms respectively) meaning that whilst having the most input data, they can only make a
prediction once every three cycles (50ms), whereas the [20,8]’s 92ms Processing time allows it to predict
once every other cycle, allowing for a higher level of accuracy. [15,8] and [10,8] meanwhile see worse
accuracy as they also predict every other cycle. While the 48ms processing time of the [10x8] may
theoretically allow it to predict once every cycle, the 2ms gap is likely not sufficient for other processes to

take place. Therefore, due to its smaller input window it ends up being inferior to the [20,8] input.

This concludes that for an ESP32, a [20,8] input would allow for the highest level of accuracy over the

originally used [40,8] input. An Alternative to compromising would be using a faster Microcontroller.
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Figure 91 - Change in MAE over number of future predictions due to input size on
ESP32. 1 Sample = 50ms.
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Alternative Microcontroller Options

Also considered was the use of more powerful Microcontroller options, the chosen implementation, a
Teensy 4.1 possessed a Dual Core 600MHz Cortex-M processor, 2.5x the 240MHz of the HUZZAH32 ESP32
Feather that had been used previously. This produced far faster results than expected, with a model of [40,8]
input size having a processing time of ~35ms, over 5 times faster than the ESP32, this was lower than the
50ms program cycle time allowing the prediction system to run in real time, providing predictions every
program cycle. This considerably improved the Percentage Difference of Predictions vs Reality. As such
accuracy measurements were re-captured for 20, 40, and 60 sized input sizes to compare to the prior
ESP32 experiments (Figure 92). [40,8] input size proved the best overall percentage difference, varying
from 2.01% to 5.01%, with an average of 3.85% (Table 19), this result exceeded the accuracy of the Laptop
Implementation. The Teensy 4.1 is more expensive than the ESP32 (~£33.50 [243]), and of similar size.
The resultant Prediction vs Reality Graph seen in Figure 93 shows that the Teensy 4.1’s predictions were

very similar to reality for average walking.

Table 19 - Variance in Mean Absolute Error for Teensy 4.1 Predictions vs Reality due to input size

InputSize | [60,8]  [40,8]  [20,8]
Av.%Diff. | 7.68%  3.85%  6.21%

Due to the increase processing power, Linear Regression was implemented onto the Teensy for the [40,8]
input, the results for average walking showed slightly inferior accuracies, likely as a result of the
predictions already being very accurate with errors not being consistent enough for Linear Regression to
have any benefit, however when tested for other situations such as standing or sitting still, linear
regression proved far more effective, with the prediction system consistently over or underestimating knee

angles by some amount and allowing linear regression to correct this continuous error.

11
10
9
g 8
3
E 7
A 6
15]
g 4 — =
& 3 ____ffd—ﬂfd———ﬂ"'—-—_
2 Teensy 20 e Teensy 40
1 === Teensy 40 Regr e Teensy 60
0 e[ aptop Comparison

1 2 3 - 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Number of Samples into the Future

Figure 92 - Change in MAE over number of future predictions using Teensy 4.1. 1 Sample = 50ms.
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Figure 93 - Teensy 4.1 Prediction vs Reality for [40,8] input. Predictions made 0.25 seconds into the
future. 20Hz Sampling Rate.

The Test to find the ideal input size for the Teensy revealed an input of [40,8] produced the best average
percentage difference between prediction and reality of ~3.85%, even capable of surpassing the
significantly more powerful Laptop Model. This unexpected outcome prompted re-training the Laptop and
Teensy base models on the same training data and then testing them on the same machine (a desktop
computer) on identical test datasets consisting of 2 sets of 2000 Samples, with results averaged. Both
models consistently made each prediction below the 50ms requirement, with the smaller two-layer (64,32)
LSTM model barely surpassing the average percentage difference of the four-layer (128,128,128,128)
model (5.03% vs 5.11%). When running the smaller model on the Teensy, the average percentage

difference was 5.44% (Figure 94), being marginally inferior.
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Figure 94 - Change in Percentage Difference over number of future predictions for Small Models
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[t is possible that with the current method an upper limit of accuracy / percentage difference is reached as
long as the model is capable of predicting every cycle. Therefore, the additional processing power of the
Laptop becomes unnecessary and similar accuracies are achieved even on the microcontroller, with
variance only due to differences in testing data. Therefore, this can be seen as the Microcontroller
implementation being similarly “effective” as the Laptop implementation in predicting future joint angles,

due to a similar Mean Average Error over the same prediction range of 50ms to 1000ms (1 to 20 samples).

As was expected when comparing the Laptop Implementation to the ESP32 Microcontroller
Implementation, the Laptop implementation benefits considerably from access to higher processing power
by being able to run its model much faster. With both the HUZZAH32 ESP32 Feather possessing a 240MHz
dual core microcontroller and the Teensy 4.1 Possessing a 600MHz dual core microcontroller, being not
fairly comparable to the ROG Zephyrus M16 GU603ZX's 5GHz, 14 Core CPU. Necessitating the
Microcontroller implementation to be smaller to make knee angle predictions within reasonable
timeframes (~250ms was considered the maximum “reasonable” timeframe, such that predictions were

faster than the human reaction time).

Despite this, when running both prediction systems on a 5,000-sample length dataset they had not been
trained on, the average percentage differences between Reality and Prediction for both prediction systems
were observed to be somewhat as expected. (Figure 95). With a decrease in accuracy (an increase in

percentage difference) with a further prediction into the future.

For both the Microcontroller and Laptop Implementations, predictions followed a straighter line, with a
clear linear increase in percentage difference for data predicted further into the future. Whilst the Laptop
Implementation produced results of a higher overall accuracy than the ESP32, improvements to the model
and usage of the Teensy 4.1 were enough to produce superior or similar results despite the considerable
disparity in processing power. It is possible this may be due to reaching a limit in the current method’s

effectiveness where further processing power does not provide additional benefit.
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In summary, there is some feasibility in implementing Al Prediction systems in Microcontrollers, although
they are inflexible when presented with situations they have not been trained for or otherwise anomalous
data. For a Low-Cost Implementation, while it likely would not be suitable in situations where high
precision is a necessity, they could have use as providing a general guide for the likely path of a user and is
worthy of study as to such potential implementations within future work. In Effect, with this method a
small and inexpensive onboard microcontroller is capable of achieving very accurate predictions that are
similar or greater than that of more powerful devices, thereby removing the requirement of expensive
tethered components. Therefore, the Model would be made to work on a Teensy 4.1 as opposed to the up

until now used ESP32.
5.3.5 Implementing Model on Teensy 4.1

As both the Teensy 4.1 and ESP32 were compatible with the Arduino Programming language, which the
microcontroller Control system code was written in, the only difficulty came in replacing the ESP32
exclusive Tensorflow Lite and Real Time System libraries with Teensy compatible alternatives. The Inbuilt
FreeRTOS of the ESP32 was replaced with a FreeRTOS Port to Teensy named “freertos-teensy” [244], and
the TensorFlow Lite implementation was replaced with TensorFlow Lite for Microcontrollers (WCL) [245]
which was installed via PlatformlIO. Additionally, due to the decreasing in processing time leaving
considerable breathing room for additional functionality, Linear Regression was implemented into the
Microcontroller implementation to test its effect on result efficiency. As described in the prior section, it
had little effect during walking, however improved accuracy during periods of little movement. This

formed the final doModel function from the original block diagram (Figure 96).

With the Prediction System successfully implemented in a manner that would produce timely and accurate
predictions, the full Higher- and Lower-Level Control Systems were collectively implemented within a

single program. The format of which matched the design originally described in Figure 58.
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5.3.6 Test Data Legitimacy

Testing was a key aspect both during development and after its completion. During collection of test data
for the predictive system, it was important to know at what point would the number of subjects be
sufficiently diverse. Additionally, the limitations of exoskeleton use, such as maximum and minimum force
capacities needed to be known for any potential safety concerns. Finally, the actual functionality of the
exoskeleton, and its capacity to aid in movement was key to understand whether or not the exoskeleton

could serve its purpose.

As was described in 5.3.4, the final dataset for training and testing ~58,000 samples, or ~50 minutes of
data from the 12 participants, with 90% used for training and 10% used for testing. This data, consisting
of the 12 participants, plus a far smaller section of the long form walking data (~5 minutes) was considered
to be the final dataset from which all further models would be trained off of. Therefore, to verify the training
data of the model was sufficiently diverse such that no single sample caused notable bias, the model was
repeatedly trained with one such source of sample data missing, to see whether this had a notable effect
on the predictive capabilities of the model. This was repeated for all 12 sample sources provided by

external test subjects, as well as the remaining long form data.

Each model was tested on three sets of pre-collected test data consisting of 1000 data points each, with
their accuracies recorded. If the lack of a particular participant’s sample data did not cause any notable
change to the model’s Mean Average Error it was reasoned the dataset was sufficiently sized and varied,
and therefore not limiting the predictive capabilities of the model. This same three-sample averaging
method of testing predictive capabilities would be re-used at future points in exoskeleton production. The
model used for the purposes of prediction would be the final Recurrent Neural Network model running on
a Teensy 4.1 (5.3.4) predicting the wearer’s knee angle 5 samples (250ms) into the future using their past
knee angle and IMU data.

Table 20 - Model Mean Average Error when missing one Participant’s samples during model training.

Missing | Long 1 2 3 4 5 6 7 8 9 10 11 12 None
Sample

Test 1 322% 291% 3.58% 330% 277% 391% 298% 3.38% 296% 3.19% 299% 4.16% 4.14% | 2.97%
Test 2 511% 4.43% 521% 445% 4.25% 4.69% 557% 486% 4.56% 495% 4.55% 4.51% 4.84% | 4.96%
Test 3 440% 2.77% 290% 2.74% 3.55% 2.85% 3.89% 2.80% 3.61% 3.53% 3.36% 292% 2.86% | 3.31%
Average | 4.24% 337% 3.90% 3.50% 3.52% 3.82% 4.15% 3.68% 3.71% 3.89% 3.63% 3.86% 3.95% | 3.75%

As seen in Table 20 and Figure 97, when comparing the Average accuracy of the model with no samples
missing and the average of all average accuracies for each result with only one sample missing (except
Long), the results are almost equal, with a Standard Deviation of ~0.222. The removal of Long Form Data
consistently produced a decrease in accuracy when compared to the average, which was expected due to
being a considerably larger portion of data. The Standard Deviation when including missing Long Form
Data was ~0.252. This was considered reasonably small enough to conclude that the current amount of

samples was sufficient and that no additional data was required.
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Figure 97 — Mean Average Error between Prediction and Reality if one sample dropped. “None”
represents the baseline Mean Average Error of the model with no missing sample sources.

It was also notable that, Participant 6, the sample whose removal caused the largest error percentage with
exception of the long form data, was data collected from the author, whose walking data also made up the
test data that each model was compared against. Effectively as this walking sample was most similar to the
test data, its removal may have been what caused a higher-than-average increase in Mean Average Error
as a result of its absence. By this extent it can be seen that Participant 1’s walking could be considered the
least similar to the Author’s walking, as its removal reduced the Mean Average error when compared to no

samples missing.

Precision

Whilst it is not possible to create a full Confusion Matrix to review the effectiveness of the model, as a time
series prediction only consists of “True Positive” (predicted values that accurately match reality) and “False
Positive” (predicted values that do not accurately match reality). Precision, which only requires these two
values can be calculated. For this, a basis for an “Accurate” prediction would need to be defined, which was
defined as a predicted value whose percentage difference from reality was less than or equal to the Mean
Average Error, this would better indicate whether a minority number of very accurate or very inaccurate
values were causing any sway on the end result of the Mean Average Error. Across the three “base” test
samples that had no missing sample sources, precision was very consistently around 60%, with results of
59.26%, 61.57%, and 59.69% for test samples 1, 2, and 3 respectively. This rose to around 80% when
measuring precision of data within twice the Mean Average Error. In other words, a slight majority of
samples were more accurate than average, with only a minority of highly different values, seen graphically

in Figure 98.
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Figure 98 - Normalised Sample differences for all predictions. Sorted by error magnitude.

5.3.7 Summary

For the Prediction System the final LSTM Implementation upon the Teensy 4.1 was able to reach what was
considered to be a potential maximum level of accuracy for the given sampling rate and sensor precision
used. With the system able to achieve impressive levels of accuracy far beyond what was expected. While
as with any Neural Network design, its predictive capacity was limited to what data it was trained on, it
was proven that the test data used to form the dataset was sufficiently robust as to be minimally affected

by the removal of one of the sample sources.

Similarly, the prediction capabilities of the system as a whole were confirmed to accurate and reasonably

precise. With less than 20% of predictions being more than twice the Mean Average Error.
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5.4 Final Implementation

Following the block diagram originally laid out in Figure 58, consisting of four primary functions that each
ran within their own threads. Those being readSensors, doModel, doMotor, and printData whose
functionality have already been described within 4.5.3 and 5.3.5. The predictions made by the prediction
system in doModel as to the likely future position of the knee angle would be considered by doMotor, if the
knee was detected to be moving at a sufficient rate (and so not almost stationary), this future knee angle
would be calculated to find the appropriate amount of movement of the exoskeleton actuator that would

be required to reach it using the equations described in 3.4.2 and 3.4.4 using the predicted knee angle value.

The First implementation of this system found the
difference between the “baseline” motor movement
value present as a result of the low-level control system

to align the exoskeleton with the present knee angle,

and the predicted motor movement value that would
Prediction
rotate the servo motor to the future knee angle. This Modifier
value would then be applied as a modifier to the actual
Prediction
motor movement value (Figure 99).

Therefore, the command sent to the servo motor would
consist of three summed values: The current motor

Past

position, the low-level movement value, and the Present

predicted movement modifier. This command would [gure 99 - Prediction Modifier adds onto baseline
low-level motor movement.
tell the motor to move to this calculated absolute

position.

The amount that the system would predict into the future when controlling the motor needed to be found.
For this a Prediction modifier would be generated by looking a number of cycles into the future using the
generated set of prediction data. Determining how far to look into the future would be found through more
testing, at a baseline, the minimum prediction depth into the future would be determined by how long it
would take for the motor to react to the commands given to it by the prediction system and move in a
meaningful way. A Prediction too soon into the future would mean that the motor would move after the
desired movement window had passed, a prediction too far into the future may mean that the motor would
move before the actual movement that was being predicted had occurred, in addition to resulting in on

average a lower accuracy prediction.

Predictions of 1 to 8 samples into the future were tested using the same set of sample data. The testing
process for both the gearing level and prediction amount used pre-recorded sample data similar to the
testing process of the control system, with each tested against the same set of sample data consisting of
~1000 data points to reduce variability to being only as a result of the testing input itself rather than the

environment. Results of Motor position vs Reality were then recorded and aligned such as to remove time

School of Engineering Page | 133



Testing and Determining Effectiveness

delay differences between Motor and Reality (recorded as the “Cycle Difference”) to calculate Mean,
Median, and Standard Deviation. The Mean was calculated based on the sum of the absolute difference
between motor position and reality for all points in a sample, divided by the number of points, in other

words, the Percentage Mean Absolute Error.

Table 21 - Effect on Error between knee angle and motor position based on prediction depth into the future.

Sample | Prediction | 1 2 3 4 5 6 7 8
Mean 214% 250% 283% 293% 3.18% 359% 347% 3.37%
Median 1.12% 1.12% 139% 143% 151% 1.71% 194% 1.98%
1 Standard | 890% 8.38% 892% 8.73% 878% 8.87% 8.82% 8.47%
Deviation
Cycle +1 +1 +0 -1 -3 -4 -5 -6
Difference
Mean 1.88% 1.92% 2.13% 240% 240% 231% 254% 2.53%
Median 0.85% 085% 1.09% 1.09% 1.05% 1.16% 140% 1.32%
2 Standard | 8.05% 8.73% 8.69% 9.21% 123% 9.3% 9.2% 8.97%
Deviation
Cycle +1 +0 -1 -2 -3 -4 -5 -6
Difference
Mean 232% 234% 2.78% 330% 293% 3.50% 3.30% 3.51%
Median 1.16% 097% 136% 143% 143% 190% 1.86% 2.05%
3 Standard | 9.21% 9.35% 9.54% 9.34% 941% 9.27% 9.43% 8.95%
Deviation
Cycle +1 +1 +0 -1 -2 -4 -5 -6
Difference
Mean 211% 2.25% 258% 288% 2.84% 3.13% 3.10% 3.14%
Average | Median 1.04% 098% 1.28% 1.32% 133% 159% 1.73% 1.78%
Standard | 8,72% 8.82% 9.05% 9.09% 10.16% 9.15% 9.15% 8.80%
Deviation

As stated, Cycle Difference represents the difference in program cycles between when a wearer made a
movement in reality and when the motor reached this position. A Positive value means the motor reached
the position after the wearer did, a negative means they reached it prior to the wearer (effectively moving
pre-emptively). As each program cycle was 50ms, it can be seen from the table above that predictions made
1 sample into the future were too close to the present such that the motor did not have the time to move

to the predicted future position before it became the present.

Predictions two cycles into the future seemingly lined up with reality, and any predictions beyond this were
increasingly pre-emptive. At high levels of negative cycle difference, the motor would become out of sync
with the wearer (see Figure 100), therefore lower values were preferred to prevent the motor effectively

dragging the wearer along with it.
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Figure 100 - A Prediction of 8 samples into the future resulted in the motor
moving long before the wearer does. 20Hz Sampling Rate.

As seen in Figure 101 the percentage difference between reality and the motor position varied considerably.
With regions of high accuracy during positions where knee angle did not significantly vary (primarily

stance-phase), and lower during positions with higher variance (primarily swing phase).
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Figure 101 - Variations in Percentage Difference over time between Reality and Motor Position when
predicting 3 samples into the future. High Differences lining up with swing motions. 20Hz Sampling Rate.

From this, 3 Samples into the future was considered to be the ideal level of prediction for the prediction

system, as this would result in a motor that slightly pre-empted the movement of the wearer. As seen in

Figure 102, the results of the movement of the motor closely matches that of the wearer’s knee angle.
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Figure 102 - Motor vs Reality Results of predicting 3 cycles into the future. 20Hz Sampling
Rate.

With the basic implementation of the full design complete, how capable it was in performing a variety of
different gait behaviours was observed, such as crouching, walking consistently, and walking inconsistently.
These tests were performed using data collected live rather than pre-sampled, although with the actuator

unable to actively affect the wearer’s walking motion, due to no spring rod attached.

5.4.1 Design Effectiveness

While the exoskeleton was capable of following the wearer’s walking gait with some reliability in ideal Flat-
Terrain Walking scenarios, for real-world functionality it would need to show the ability to make accurate

predictions in more diverse conditions. As such several simple tests were devised.

Other Movement States

As Sitting down and Standing up are common motions that often are the targets of exoskeleton assistance,
the capacity for the system to be useful in these circumstances was important. To measure it, the
exoskeleton would be worn whilst performing consistent in-place sitting down and standing up motions,
with a brief pause in between to allow the system to settle from one state to another. Crouch Movement is
achieved somewhat reliably by the system, as seen in Figure 103, although appearing to struggle slightly

with sitting down. Whilst Standing up however the system was very accurate to reality.
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Figure 103 - Standing up and sitting down motions were somewhat accurately predicted. Z0Hz Sampling Rate.
“Reality” represents actual loaded spring length as derived from knee angle; “Motor” represents target position
according to prediction system.

Varied Gait Speeds

As the system had been primarily trained on average speed walking, it struggled on faster and more
unpredictable walking styles. To measure this, the exoskeleton would be worn whilst performing a
consistent slower than average or faster than average walking pace, with the ability of the motor to both
keep up with and accurately match reality measured. On a Slower than average gait, whilst the system
roughly followed the pattern of the gait, it did not correctly follow the slower change in knee angle (Figure

104). The system failed completely to recognise a fast gait.
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Figure 104 - Slower than average walking gait struggles to be predicted, due to lack
of training data. 20Hz Sampling Rate. “Reality” represents actual loaded spring
length as derived from knee angle; “Motor” represents target position according tc
prediction system.
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As the System was not trained to recognise Very Fast or Very Slow walking, it struggling to predict it was
not unexpected. As a proof of concept, ~3000 Samples (two and a half minutes) of Very Slow Walking were
collected and added to the model’s list of training data, after retraining and being tested on the same set of
Slow Walking data as seen in Figure 104 (Which was not included in the additional training data provided

to the model), the model’s capacity to predict slow walking was improved, as seen in Figure 105.
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Figure 105 - Post Training on Slower Walking data, predictions more accurate to reality. 20Hz Sampling
Rate. “Reality” represents actual loaded spring length as derived from knee angle; “Motor” represents
target position according to prediction system.

Despite this, the motor could not be reliably tested whilst having a Spring rod attached, such that the spring
would transfer force to the wearer and aid in movement due to occasional random hardware errors that
would cause inaccurate results as seen in Figure 106. The most common of these errors were the system
not moving in line with predictions, randomly believing itself to be in a vastly different position than it
should, or repeatedly staying at the same position despite predictions requiring movement. The
RMCS2206 makes use of an Incremental Optical Encoder, and potentially a second encoder could be

implemented to check the results of the motor to further reduce error.
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Figure 106 - Random Hardware errors in motor position despite accurate
predictions. Displayed is an exceptional example where all errors occurred
over a single walk cycle. 20Hz Sampling Rate.

Finally, in order to test the theoretical effectiveness of the exoskeleton, if force were being applied to a
wearer’s leg, the difference in position between the Unloaded Spring Length due to the motor (Is.,), and
the real distance between the upper and lower spring connection points calculated from the knee angle

that substitutes the Actual Loaded Spring Length (Is) can be found.

This difference was measured such at if positive, Unloaded Spring Length would be larger than the Actual
Spring Length and so the wearer’s leg would be pushed, whilst if negative the Unloaded Spring Length
would be less than the Actual Spring Length and so the wearer’s leg would be pulled.

When analysing the difference between the Unloaded Spring length and Actual Spring Length vs the change
in Actual Spring Length, the two share roughly similar patterns as seen in Figure 107. With both sharing
similar peaks and troughs.
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Figure 107 - (Blue) Difference between Spring Length as calculated by motor and Distance between Spring
Connection points. (Red) Difference between Spring Connection Points between present and prior value. 20Hz
Sampling Rate.
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In order to define whether or not the theoretical applied force of the motor was “Useful”, the proportion of
time where the applied force was in the same direction of the wearer’s movement can be calculated. As the
wearer of the exoskeleton for these tests were healthy, the exoskeleton would only be aiding their
movement rather than correcting it. As such, if the change in Actual Spring Length was positive, the knee
would be extending, and so ideally the Spring Length as a result of the motor would be larger than Ir as to
apply additional assistive force during this extension, and vice versa for flexion, with the Unloaded Spring

Length as a result of the motor being less than Actual Spring Length.

When averaging multiple walking sessions totalling over 3000 data Samples, the motor consistently
averaged a 60% “Useful” proportion. In other words, at least 60% of the time the exoskeleton was aiding
the wearer to some capacity. If some leeway is given to allow instances where Unloaded Spring Length and
Actual Spring Length were within 0.5cm of each other, this “Useful” proportion raises to 80%. In other
words, at least 80% of the time the exoskeleton was either aiding the wearer or not notably hindering

them.
5.4.2 Comparison with other Exoskeletons

The Low-Cost Methodology outlined by this Thesis prioritises minimising Financial, Power, and Weight
costs, whilst maintaining effectiveness. Regarding Weights, the total weight of the exoskeleton was

~1.40kg, not including batteries. It had a total cost of ~£250. Components are summarised in Table 22.

Table 22 - Summary of Exoskeleton components

Component Cost Weight Power

RM(CS2206 £80 180g 9.6W - 90W (800mA - 7.5A)
Teensy 4.1 + Veroboard £33.50 17g + ~10g 0.33W (100mA)

LSM9DS1 Breakout Board + £20 2.5g + ~5¢ 0.33W (100mA)

Veroboard

RS PRO P25 £6.30 ~15g 1W Rating

Knee Spring £45 40g N/A

ROM Adjustable Knee Brace  £55 970g N/A

PETG Plastic ~£10 ~100g N/A

When compared to other Knee-Actuated Exoskeletons such as [65], [86], and [246] weighing 1.6kg, 3.52kg,
and 2.2kg respectively, all using brake systems, and other exoskeletons such as [133] and [247] that made
use of DC Motors, weighing 3.2kg and 8kg respectively. The exoskeleton is, as desired, towards the lower

end of exoskeleton weights, and would likely remain so even with material modifications.

In terms of power usage, it can be generalised that for many active exoskeletons, the supermajority of
power usage is as a result of the actuator [248], this would be especially true of Low-Cost exoskeleton
designs where control systems would be minimised to Microcontrollers and low-power sensors. For an
exoskeleton designed for every-day usage there would ideally be sufficient battery capacity to allow for

several hours of usage. For example, [249] describes the use of a 5000mAh battery to provide 4 hours of
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usage, similarly, another cable based system in [102] also aimed for 4 hours of use time with a set of two
22.2V, 1,200mAh batteries weighing just under 500g in total. Another system using a Rotary Motor
described in [50] used a 7.4V, 2800mAh LiPo battery to provide 2 hours of continuous operation and
weighing 127g. While difficult to measure exactly due to not being loaded, during regular usage the
RMCS2206 drew on average 0-1.5A whilst unloaded, and up to ~3A whilst forcefully loaded. Using a
pessimistic estimate of constant loaded walking, where 50% of the gait is at minimal load (0.8A) and 50%
is at maximal load (3A), the average current draw would be ~1.94, requiring a battery of about 7.6Ah to
achieve 4 hours of continuous usage. A LiPo battery with a capacity of 7.5Ah, from basic research, weighs
~1kg [250], which is of an acceptable weight, as the battery could be contained within a backpack separate
from the leg.

Regarding Model Accuracy, when comparing direct control system predictions to reality, as was defined in
Table 20, the Mean Absolute Error was roughly 3.75% to predict 250ms into the future. Using a size [40x8]
input, sampling potentiometer and Inertial Measurement Unit Sensor data at 20Hz, with a model
consisting of one size 64 LSTM layer, one 10% Dropout Layer, one size 32 LSTM layer, and a final Dense
Layer to produce a size 20 output series of predictions. As Observed from [251, p. 79]’s review of
exoskeleton model implementations many models had a temporally small output window, with many
looking 50-100ms into the future at most, as opposed to this model’s theoretical maximum of 1 second
into the future. For example, [252] used IR Camera Data from 9 optical marks collected at 100Hz and three
EMG Electrodes collecting data at 2000Hz spread across all joints, were applied as inputs to separate LSTM
input layers before being concatenated, and fed to a fully connected network trained for 200 Epochs. This
system predicted only 50ms into the future, but achieved accurate results, with RMSE Means of 0.464
Degrees, or an average percentage different of about 1.54% (across a ~30-degree variation). Similar
papers such as [253], and [254] similarly involve knee-angle predicting LSTM'’s, achieving accuracies of

1.104 and 5.22 degrees for predicting 60ms and 1 time-step respectively into the future.

In practice, the 1 second of prediction into the future was not necessary for this model, however was a
byproduct of the low sampling rate. None of the prior examples stated that they were run on
microcontrollers. When referring to prior examples of microcontroller-run models, [255] used an
STM32f407 and sampled IMU and EMG data at 100Hz, using an RNN to predict up to 50ms into the future
with an error of ~2.93 degrees (~4% error). [174] meanwhile used a size 20 input of IMU data from the

shank and foot, into a CNN model with two CNN layers, and was deployed onto an ESP32 Microcontroller.

Table 23 - Other examples of Knee Angle Tracking using Microcomputer-Loaded Models

Work Input  Samp. Input  Processor Model Model Output  Pred.Depth Average

Type Rate Size Type Size Size Accuracy
This Pot/ 20Hz 40 Teensy LSTM 64,32 20 50-1000ms ~2.5%
One IMU 4.1
[255] IMU/ 100Hz 28/20 STM32 RNN 28/20, 1 50ms ~4%
EMG 32,16
[174] IMU Unk. 20 ESP32 CNN 128,64 10 20-200ms ~3.75%
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In general, the exoskeleton control system produced here has similar results to that of other
implementations, although this model was designed to be capable of much higher depths of prediction.
Over shorter prediction depths, the accuracy of the model was on average superior, for example, a
prediction of 150ms into the future as was used to control the motor resulted in a Mean Average Error of
~2.5%. Although the Mean Average Error across all predictions between 0 and one second into the future

was ~5.44%.

5.5 Summary

The development of the prediction, and its implementation within the wider exoskeleton to act as its high-
level decision-making process was the culmination of much of the work of the thesis. The final
implementation, a time-series prediction method was capable of reliably predicting the knee angle of the

wearer up to one second into the future, although achieved optimal predictions at 150ms into the future.

The Long Short-Term Memory Implementation was chosen due being less affected by the disadvantages of
other Recurrent Neural Network methods such as a falloff in the prominence of older weights on the
outcome of predictions, as well as due to its being able to be run on Cortex-M Architecture common in
Microcontrollers. This method proved far more effective than the previously tested Convolutional Neural
Network implementation, especially when deployed to the Teensy 4.1, which proved powerful enough to

run the model within its 50ms cycle time.

The system successfully compromised on maintaining a high enough sampling rate to receive detailed
information as to the movement of the wearer by sampling at 100Hz, but only processing information at
20Hz by averaging the five values collected in this time frame. This drastically increased the time available
to processing predictions and therefore allowing a model with a larger input size to be deployed. This
model achieved similar or superior prediction accuracy to other implementations, and even models run

on far more powerful laptop hardware.

Once deployed to the Exoskeleton, it was proven that the prediction system was capable of driving the
movement of the motor and spring-actuator to follow the movement of the wearer. Providing neutral-to-

useful assistance force 80% of the time.

The final hardware weight and cost of the exoskeleton was 1.4kg, not including batteries, with a total cost
of £250. Although this wait would likely change in a real implementation to account for covering and more

durable materials.
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Chapter 6: Discussion and Conclusion

6.1 Introduction

This section will review the project as a whole, considering the challenges faced during its development
and any limitations as a result, as well as overview the progress and contributions made. In reference to

the original Research Aims and Objectives set out in 1.2.1:

Define a methodology to minimise costs of an Exoskeleton Implementation

The Low-Cost Methodology outlined in 2.4 consisted of minimising the costs of an exoskeleton, both
financially but also in terms of weight and power usage. Although not at the cost of effectiveness. This
methodology prioritised concepts also noted for their significance in other works such as [22]. This
methodology became the groundwork for future developments, and was successfully implemented in the

creation of the exoskeleton.

Consider the Current State of the Art of Exoskeleton Technology

The Literature Review was created to provide a comprehensive breakdown of the usage of exoskeleton
hardware within the state of the art and prior implementations. This was to understand what hardware
was most commonly used, and therefore potentially most appropriate for exoskeleton implementations,
as well as understand the costs of this hardware to better define a Low-Cost Methodology, with 127 papers

reviewed.

As outlined within section 2.7 of the Literature Review, which focused on exoskeleton actuators, the
Literature surrounding actuators was sufficiently comprehensive to be compiled into a separate Academic
Work [53]. The conclusions, that rotary electric motors and compliant elements were the most appropriate
Low-Cost Actuators, and in 2.8 that Force Sensors, IMU’s and Potentiometers were effective Low-Cost
Sensors, were then used to decide these components within the exoskeleton design. Similar conclusions

were also made by several other reviews upon these subjects [39] [40].

For Control Systems, Long-Short Term Memory Neural Networks were found to be a subject of interest,
due to their feasibility to be implemented upon low-cost hardware and effective memory retention. Which

became the groundwork for their use as the High-Level Prediction System element.
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Design a Knee Exoskeleton whose components fit within the Low-Cost Methodology

Based off of the Literature Review, a Theoretical Knee Exoskeleton Actuator was designed in Chapter 4:
that consisted of some of the most commonly used Low-Cost components of the Literature Review. Those
being Rotary Electric Motors, Compliant Actuators, Potentiometers, IMU’s, and inexpensive
Microcontrollers. The end result made use of a novel linear actuator design that allowed for far more
inexpensive actuators to be used whilst still maintaining high accuracy. This linear actuator’s placement
was optimally determined within Chapter 3, with its effectiveness successfully modelled mathematically
and proved within MATLAB Simulink, with Simulink and mathematical model matching each other almost

exactly.

The Exoskeleton’s design and low-level control system were measured both qualitatively and
quantitatively within 4.6. Qualitatively, the majority of 12 test participants considering the exoskeleton to
be comfortable, not significantly inhibitive towards natural movement, wearable for extended periods, and
fitting to their proportions. Quantitatively, the low-level control system that would match calculated spring
with via knee angle to actual spring length at motor possessed a ~4.2% margin of error. With error

reducing at longer spring lengths.

The Final Exoskeleton Weighed 1.4kg, or 2.4kg if including the 7.5Ah battery that would theoretically allow
for 4 hours of continuous, active usage. As expanded upon in 5.4.2 this weight and power usage were in
line with other similar Low-Impact exoskeletons, and notably lighter than many Rotary Electric Motor

Implementations. The total cost of construction was ~£250.

Create a Control System that fits the Low-Cost Methodology

Similarly to the Knee Exoskeleton design, its Control System was designed to minimise expense and power
usage. Developed in Chapter 5:, the final implementation ran on a Teensy 4.1 Microcontroller, it consisted
of a Low-Level system that calculated the wearer’s knee angle and the appropriate spring length for this
angle in the present, and a High-Level Neural Network that predicted the knee angle and therefore desired
spring length into the future. Then, based on the difference between the present and future values a
modifier would be applied to the movement of the motor to move the exoskeleton’s position to that of the

present plus or minus some future prediction.

This prediction system could predict between 50ms and 1000ms into the future. While there were no
known implementations using LSTM’s on Microcontrollers, other similar implementations using other
neural networks could not predict as far into the future, as described in 5.4.2, and when predicting at the
ideal depth of 150ms into the future to be in line with the motor’s movement latency, was capable of
achieving Mean Average Errors from Reality of ~2.5%. An accuracy on par with or superior to similar
implementations, even when a larger model was used or was deployed to superior hardware. The Model
deployed to the Microcontroller was similarly capable of matching the accuracy of far more powerful
models deployed to High-Powered Laptops, as described in 5.3.5. The Model also maximised its
effectiveness with limited size and costs by limiting the rate of processing information to 20Hz, with a

sampling rate of 100Hz producing an average of the last 5 values to send to process.
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This allowed for greater changes to be seen within a smaller sample window whilst still accounting for
noise, further improved by keeping input sample windows of appropriate size to reduce model processing

times, and by choosing a microcontroller with high processing power for its size and cost predictions.

As described in 5.3.6, the Model made use of a diverse dataset collected from 12 participants consisting of
walking, crouching, sitting, and standing motions to simulate common movement events that a wearer
would perform during everyday life. It was successfully proven that this number of participants produced
sufficiently varied data that removal of one sample did not have considerable impacts on the accuracy of
the data. In 5.4.1 it was also shown that in cases where it was presented with a form of walking it had not
been trained on, as little as two and a half minutes of training data added to the recognition system’ training

dataset provided notable improvements to its prediction capabilities.

In addition to accuracy, the model also maintained reasonable precision. Whilst the Time-Series nature of
the prediction system prevent a full Confusion Matrix, when measuring “True” Positive as any prediction
closer to reality than the average precision was 60%, and when measuring “True” Positive as any prediction

closer to reality than the average precision was 80%.

Test the Effectiveness of the Exoskeleton, Ascertain the Legitimacy of the Low-Cost Methodology
As the primary purpose of the exoskeleton was to collect data and prove implementation feasibility, full
clinical trials were outside its scope and would be a subject for future studies. Therefore, effectiveness was
defined by the accuracy with which the exoskeleton could track and follow wearer movement such that, if

the spring rod were attached such that the spring would apply force to the wearer, it would aid movement.

As previously stated, the exoskeleton achieved a Mean Average Error of 2.5%, meaning that on average it
successfully predicted the future motion of the wearer with a 2.5% margin of error assuming consistent
movement patterns. If the exoskeleton were allowed to apply force to the wearer, it would apply this
predicted motion whilst the wearer was moving or slightly before (as seen in Figure 102). Meaning the
issue of latency between wearer intention and exoskeleton motion is resolved due to exoskeleton motion

being pre-emptive.

In practice, the exoskeleton was proven within 5.4.1 to provide assistance during walking roughly 60% of

the time, and provided no negative effect 80% of the time.
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6.2 Challenges and Limitations

Several External issues resulted in limitations applied to the project.
6.2.1 External Issues

Several external events reduced the scope of this project as a result of the limitations they placed upon it.
Of these, the most notable being the Covid-19 Pandemic that considerably reduced travel and human
interaction possibilities between late 2020 during the start of the project and 2022 towards its mid-point.
Partially as a result of this the exoskeleton was unable to be tested with or acquire test data from patients

suffering from gait deficiencies, and healthy subjects were used instead.

Secondly, a Cyber-Attack targeting the University of Kent’s Computer system during 2021 [256] prevented
access to computer systems and workshop access for some time. Although this did not result in any loss of

work.

Thirdly, development of the Control System was at several points paralysed as a result of various bugs
found within used libraries and material, such as Libraries exceeding file path lengths preventing program
generation [257], and Recurrent Neural Networks being improperly supported by TensorFlow [258]. While
expected that such difficulties would be met, especially as the implementation of rolled Recurrent Neural
Networks upon ARM Cortex-M processors was relatively new at the time (implemented by TensorFlow Lite
in September 2022 [259]), it none the less wasted months while the source of these errors were found and

eventually fixed.
6.2.2 Limitations

As the exoskeleton was primarily designed for data collection and testing implementation feasibility, its
parts were 3D printed to reduce cost. PETG plastic components would not have possessed the strength to
support the exoskeleton supporting a human being’s weight, especially if they possessed physical
disabilities. Therefore, for safety the exoskeleton was tested with healthy individuals for the purposes of
collecting data on gait movement and measuring in theory whether the movement of the motor would have
supported them should force have been applied, by calculating spring length mathematically based off of
knee angle and motor rotation, and the force that would have been applied based on the difference between

ideal and actual spring length.

Much of the more diverse test data collected for the exoskeleton was done so in a relatively controlled, flat
environment, although the author did collect “real world” information which made up the “Long Form”
additional data samples within the final dataset. This exoskeleton was also primarily trained on walking,

and independent crouching data.
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6.3 Key Findings and Final Conclusions

The primarily aims of the research were the creation of a Low-Cost Methodology, as well as an exoskeleton
built via this methodology to define its effectiveness. The Final costs of the Exoskeleton were, financially,
under £250, with a power usage of ~85W at maximum, and a weight of ~1.40kg, considerably lower than
other implementations. Although this does not consider the addition of stronger materials to replace some

3D printed components.

The Research also implemented a Recurrent Neural Network capable of functioning on inexpensive
microcontroller hardware whilst maintaining high levels of accuracy in predicting the movement of the
wearer whilst performing consistent walking motions. These models were also proven to maintain this
reliability when controlling a physical motor. On Average achieving a Mean Average Error of a few percent
despite a far lower sampling rate, model size, and processing power than many comparable

implementations.
In summary, the research has achieved the following:

- Defined a Low-Cost Methodology that focused on the minimisation of Financial, Weight, and Power
Cost without sacrificing Effectiveness.

- Catalogued from 127 Academic Sources the Component Actuators, Sensors, and Control Systems
used within the state of the art and determined which were most effective for the Low-Cost
Methodology by applying its tenants.

- Designed and implemented a novel Linear Actuator that focused on minimising power and
financial costs by limiting its own usage and not relying on high accuracy. Calculated the optimal
position of this actuator mathematically and in simulation. Low-Level Control System accuracy
was none the less ~4.2% comparing measured angle to motor position.

- Developed a LSTM Recurrent Neural Network Control System that was capable of running upon
inexpensive Microcontroller Hardware, that would predict a wearer’s future knee angle to a
~2.5% Mean Average Error. Proved the dataset provided to it was sufficiently diverse and that the
Mean Average Error of the predictions made by this system were on part with far more powerful
Neural Network Implementations, and with 60% of predictions being at or lower than this error.

- Combined the Linear Actuator and Recurrent Neural Network Implementations within a physical
exoskeleton design that successfully proved that both the Linear Actuator and Recurrent Neural
network were capable of tracking a wearer’s movements in reality and applying force that could

aid them, with the exoskeleton providing neutral to positively assisting force 80% of the time.
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6.4 Future Developments

There are several future developments that could be made based off of this initial implementation to

expand its capabilities:

- Superior Materials: Several components, namely the actuator connections to the exoskeleton
could be reconstructed with metal to improve durability. This would allow the exoskeleton to
potentially be used to support more of a user’s weight and provide more assistance.

- Specific User Adaptability: As each wearer of an exoskeleton will likely possess their own
intricacies when walking, the ability for an exoskeleton to adapt to a user, or even take in new data
to improve itself would be beneficial. Such as Reinforcement Learning shown in [260].

- Testing with Unhealthy Patients: As the exoskeleton was a simple prototype by design, it was more
appropriate to test it with healthy patients. A design made of more advanced materials could be
tested with patients with gait deficiencies to test the effectiveness of the recognition system both
in being trained on and predicting their movements.

- Increase in Effectiveness with Expenditure: As this system highly prioritised minimising cost, it
may be beneficial to observe how effectiveness improved with additional expenditure in the
exoskeleton’s ability to aid the wearer’s movement, and if at whether there was a point where
further expenditure did not produce notable effectiveness improvement.

- Alternative Actuator Usage: This Thesis prioritised the usage of Rotary Electric Motors and
Compliant elements, seeing these as the most effective Low-Cost Implementations. Other Actuator
types may prove themselves more effective than predicted and could be an avenue to apply the
same Methodology with an exoskeleton that used such actuators.

- Alternative Control System Usage: Similarly, how would the Low-Cost Methodology apply to

exoskeletons making use of different control systems, such as relatively new Transformers.

In effect, by deliberately seeking to minimise cost, it may provide a way to maximise the number of
potential patients that may be aided. Therefore, there is a merit to find the ideal compromise between the
absolute minimum sought by this research, and the expense often seen in many modern implementations.

This is however a task left up to future research.
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Addendums

The Following citation links to an addendum of additional content produced as part of this thesis: [261].

(https:

drive.google.com/drive/u/1/folders/1fppkOrHMnm63a20W4uGdAwNXb-EJIXSm).

The content within consists of:

Key Programs for generating the LSTM Prediction System, calculating Ideal Actuator position, and
reading data from the Microcontroller, as well as relevant Sample data used by these programs.
CREAG Application and Ethics Approval for Data Collection experiments.

Additional Resources regarding Literature review component spreadsheet, Actuator Stickout

calculation spreadsheets, and exoskeleton MATLAB Simulink Simulations.

Contents Breakdown

Ethics and Experiment Approval contains files relating to the approval process for gathering walking test

data from 12 participants as part of acquiring training data for the final Recurrent Neural Network

Prediction System implementation. It contains the Consent forms provided to participants, the Application,

and Ethics Checklists, and Approval Confirmation.

Programs and Sample Data contains Teensy, Python, and Matlab Programs developed for the exoskeleton.

The Teesny folder consists of a full VSCode Source Project used in the final implementation. By
default the srcfile contains the Control System run upon the exoskeleton with necessary secondary
files for the Al Model and optional Sample data. Additional programs within programs may be used
to test the motor or run the exoskeleton purely to acquire data.

The Python folder contains a number programs used in the development of the control system.
Additionally, within Content/WalkTest is all data collected for the project by the exoskeleton, both
used and unused. Experimental Training Data collected from the 12 Participants is located in
Content/WalkTest/newPeople.

The Matlab folder contains the Simulink Simulation Files to run the model seen in Figure 39.

Other Resources contains Datasheets for used components, other Academic Literature produced as part of

this thesis, and several other files developed that provided utility in the Thesis. Namely

ExoskeletonListFinal.xIsx which contains all collected data for the Literature Review, and LegLengths.xlsx

and StickoutComparison.xlsx which are used to calculate force profiles of different exoskeleton stickouts.

For Additional Information and Questions, A Reader may contact the Author via TomSlucock@gmail.com.
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