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“Humans are not disabled. A person can never be broken. Our built environment, our
technologies, are broken and disabled. We the people need not accept our limitations,
but can transcend disability through technological innovation.”

— Hugh Herr






LAY SUMMARY

Wearable robots and assistive exoskeletons are robots designed based on the
human anatomy and are intended to be worn. These robots are equipped with
sensors and motors that can help people with their activities of daily living
and can be extremely useful in gait re-education for people suffering from
neurological disease, stroke and spinal cord injury. However, the same disease
may affect individuals differently, and even the same person may change the
way they walk regularly, depending on their mood, fitness and energy levels.
The way a robot interacts with the human during robot-assisted rehabilitation
needs to capture these changes, and the assistance it provides needs to reflect
the unique needs of each individual.

From studying the brain and the central nervous system, it is evident that
in order to speed up recovery, learn how to walk again, and help the brain
restructure itself after injury, we need to create a safe environment where
the patient can be sufficiently challenged and encouraged to repetitively use
and coordinate their muscles in a healthy fashion. Using robotics and other
wearable sensors, we can observe how a human walks and very systematically
provide assistance at the different joints. We can even externally stimulate
the muscles, using gel electrodes (that can be placed on the skin) and low-
intensity electrical signals (that are harmless to the human) to induce muscle
contractions and re-educate patients on how to activate and coordinate their
muscles. However, it is still a challenge to formalise the rules based on which
the level of assistance, type of assistance, and timing of assistance will be
decided.

In this thesis, we propose different methods that can be used to formalise
these rules and design controllers for robots and electrical stimulation in
order to improve the collaboration between robots and humans, and capture
the unique needs of neurological patients. We experimentally evaluate the
proposed methods and discuss their strengths and limitations. These methods
contribute towards the advancement of techniques for designing personalised
interventions for gait rehabilitation, which could lead to improved functional

outcomes and accelerated recovery.






ABSTRACT

Wearable robots and assistive exoskeletons have great potential as tools for
rehabilitation and assisted living. By providing support to dedicated joints and
body segments, these devices can foster the independence of people suffering
from neurological diseases and improve quality of life. However, ensuring
these devices respond appropriately to the unique needs of each patient is
crucial, as it can play a decisive role in whether neural plasticity is induced.
This is particularly challenging as patients suffering from stroke or incomplete
spinal cord injury start regaining control of their limbs, where rigid robot-
driven interventions are no longer adequate to facilitate recovery and more
adaptive patient-driven interventions are required.

Motivated by the principles of neuroplasticity, this thesis delves into the
integration of wearable robots in neurological gait rehabilitation, with a central
focus on the design of personalised interventions for ambulatory patients.
More specifically, this thesis explores methods for the optimisation of robotic
controllers and collaborative functional electrical stimulation (FES) controllers,
such that assistance can be provided as needed, encouraging the patient to use
their residual strength and actively take part in gait training.

Firstly, we formulate the problem of providing assistance ‘as needed’ as
an optimisation problem and propose an offline model-based optimisation
method for the design of personalised rehabilitation interventions. Using
motion capture and high-fidelity musculoskeletal models, we construct a per-
sonalised model of the human interacting with the robot, and we optimise the
controller of the robot using forward dynamics. We describe how this method
can be applied for both the design of novel near-optimal surrogate controllers
in the real-world, as well as the fine-tuning of parameterised controllers with a
known control structure. The effect of the offline model-based optimisation
method is evaluated both in simulation and experimentally, highlighting the
need for personalisation and the importance of capturing the inter-personal
and intra-personal variability in human behaviour.

An alternative to model-based optimisation is human-in-the-loop optimisa-

tion, where the human response to different levels of assistance can be obtained
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in real time, reducing uncertainties due to modelling bias. Human-in-the-loop
optimisation has proven to be an effective method for reducing the metabolic
cost in robot-assisted locomotion, but its potential in enhancing rehabilitation
has not been explored. We hypothesise that with the use of the Covariance
Matrix Adaptation Evolution Strategy (CMA-ES), time-dependent variations in
gait may be captured, facilitating the detection of time-varying local minima.
Using continuous optimisation over a two-day experimental protocol we carry
out a preliminary study of human-in-the-loop optimisation and present the
results obtained from healthy subjects.

Beyond the deployment of robotics in neural rehabilitation, numerous
physiological benefits can be achieved with the use of functional electrical stim-
ulation (FES). Particularly interesting is the integration of robotics with FES,
as the two have several complementary characteristics. However, due to the
increased complexity of hybrid robot-FES systems, controller personalisation
through model-based or human-in-the-loop optimisation becomes increasingly
demanding. To promote the triadic collaboration between human, robot and
FES, we propose a novel hierarchical and adaptive controller. We demonstrate
a hybrid system that can prioritise the voluntary contributions of the human
and effectively distribute the necessary assistive forces between the robot and
the FES, in order to delay the onset of muscle fatigue and provide assistance
as needed.

These methods contribute towards the advancement of techniques for design-
ing personalised interventions for gait rehabilitation, which could lead to

improved functional outcomes and accelerated recovery after training.
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INTRODUCTION

1.1 MOTIVATION

Neurological gait rehabilitation

Neurological gait rehabilitation stands at the forefront of restoring mobility
and independence for individuals grappling with motor impairments. Through
a combination of strengthening, motor task training and tailored interventions,
neurological gait rehabilitation strives to promote plasticity in the nervous
system to enhance overall well-being and quality of life. Its impact extends bey-
ond the individual, fostering societal benefits by reducing healthcare burdens
and promoting greater social participation in people affected by conditions
such as stroke, spinal cord injury, Parkinson’s disease, and multiple sclerosis.

In Scotland alone, an estimated 12,000 people live with Parkinson’s disease
[1] and every year, approximately 10,000 stroke incidences are recorded [2].
Additionally, there are approximately 400 new registrations of people with
multiple sclerosis per year [3] and another 100 incidents of people experiencing
spinal cord injury (SCI) [4]. In total, there is an estimate of over half a million
people in Scotland living with mobility disabilities, according to the House of
Commons Library (UK Parliament) [5].

Compelling evidence suggests that neurological gait rehabilitation can have
a statistically significant and a clinically meaningful impact on gait ability
[6]-[15]. Both acute and chronic improvements can occur in conditions such
as stroke and incomplete spinal cord injury [6]-[13], while psychological
benefits and effective control of the symptoms of neurodegenerative diseases
such as Parkinson’s disease, multiple sclerosis (MS) and cerebral palsy, can
result from neurological rehabilitation [16]-[21]. Due to the ability of the
central nervous system to adapt to external stimuli, improvements in the
functional ability of neurological patients may be attributed to a combination
of spontaneous and learning-dependent processes [22], [23]. Even though there

are still several open questions surrounding the mechanisms of adaptation in



the adult brain [24], it is clear that these adaptations take place to accommodate
for the feedback received during environmental interactions [25]-[28]. These
neuroplastic adaptations form the stepping stone for all activities constituting

neurological rehabilitation [29].

The role of technology in gait training

With the integration of technology in neural rehabilitation new possibilities
to accelerate the path to recovery have emerged. Nowadays, it is possible to
accurately measure ground reaction forces, joint angles and joint forces during
gait, as well as muscle activity and brain activity to quantitatively analyse gait
performance, and characterise pathological gait. We can now, better than ever,
externally support the human body during locomotion, provide systematic
assistance at weakened joints and stimulate muscle groups and/or brain
regions both invasively and superficially to enhance gait training. The use
of instrumented treadmills, body weight support (BWS), wearable sensors,
electromechanical orthoses, and functional electrical stimulation (FES) have
given new meaning to neurological rehabilitation and hope for improved
performance and shorter recovery time (Figure 1).

To date, there is evidence to suggest that some forms of technology-assisted
gait training are at least as effective as conventional therapist-assisted training
for stroke survivors [30], [31], and individuals with SCI [32]-[34], Parkinson’s
disease [35], and multiple sclerosis [36]. On the one hand, this could be
expected since the functionality of many of these devices is inspired by human-
to-human therapy, and are thus designed to mimic what physical therapists do
[37]-[39]. On the other hand, the ability of these devices to prolong the duration
of therapy, to progressively increase the difficulty of training, to provide real-
time (bio)feedback, and to precisely combine large amounts of data in order
to personalise interventions, motivates the pursuit of a system that can prove
to be superior to conventional therapy. But how do we design such a system
that can provide assistance that is tailored to the unique needs of each patient?
How can we make use of these data to make a machine understand the needs
of the patient and maintain a challenging yet engaging environment for the
patient to improve to the point where they are independent and they no longer

need assistance?
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Figure 1: Examples of gait rehabilitation using (a) a walking frame (extracted from
[40]), (b) the stationary robotic platform LOKOMAT (extracted from [41])
and (c) the exoskeleton ABLE with a walker (extracted from [42]).

1.2 THESIS SCOPE

In this thesis we present new methods for the design of personalised rehabilit-
ation controllers for robotic devices and FES. It is hypothesised that through
novel patient-driven and personalised interventions, technology assistance will
further improve the outcomes of physical therapy for ambulatory patients
who retain voluntary control of their limbs. This becomes particularly import-
ant as patients with stroke and incomplete spinal cord injury start regaining
voluntary control over their limbs. At this point, a shift is required from robot-
driven interventions to patient-driven interventions. With an emphasis on
the technical development of novel interventions, this thesis contributes to
the development of robot controllers and hybrid robot-FES controllers that
promote healthy human-robot collaboration following fundamental principles

of neurorehabilitation.

1.3 APPROACH

The approach followed for this thesis has three basic components:

* Design from first principles: The task of assisted rehabilitation is for-
mulated as a multi-objective optimisation problem and state-of-the-art

optimisation techniques are exploited to find optimal solutions.
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¢ Human-centric rehabilitation: Inspired by the highly personalised assist-
ance provided by healthcare professionals during gait training, in this
thesis we focus on delivering personalised assistance where accommod-
ating for and encouraging the voluntary contribution of the human is

fundamental.

¢ Technical novelty: It is common practice in medicine to run preclinical
testing and evaluate new interventions first in vitro, and then in vivo, by
carrying out animal testing before any experiments are carried out on hu-
mans. This is a good analogy of the process followed in the development
of robotic interventions for rehabilitation. The process followed here is
equivalent to the preclinical testing of medical interventions. With an
emphasis on the technical novelty, the methods described are developed
and tested firstly in simulation, and are then validated on healthy subjects

before they are verified on neurological patients.

1.4 CONTRIBUTIONS

The main contributions of this thesis include the:

¢ Development of a pipeline for the offline model-based design and optim-

isation of personalised rehabilitation controllers (Chapter 3).

¢ Evaluation of human-in-the-loop (HIL) optimisation in the context of

robot-assisted rehabilitation (Chapter 4).

* Design of an adaptive and hierarchical controller for the triadic collabor-

ation of human, robot and FES (Chapter 5).

In all cases, the presented contributions have been validated on healthy

subjects.

1.5 THESIS OUTLINE

This thesis consists of a total of six chapters. Chapter 2 provides an introduction
to some of the fundamental concepts that have guided this research, along
with a detailed description of the technologies used. A brief introduction

into the history of neurological gait rehabilitation is provided, followed by
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a review of the principles of neuroplasticity. Next, the available methods for
motion capture and musculoskeletal modelling are presented, as well as a
more detailed description of the motion capture and modelling tools used
for the completion of the presented studies. The specifications of the robotic
system used to provide external assistance are outlined, and a review of the
literature is carried out summarising the state-of-the-art robotic controllers
and their effectiveness in gait rehabilitation. Lastly, an introduction of what
constitutes FES is provided and its impact on gait training is summarised. The
following three chapters, Chapters 3-5, discuss the technical details of the
proposed methods for the design of personalised assistive controllers.

Chapter 3 presents an offline model-based optimisation methodology for the
design and personalisation of collaborative robotic controllers. By leveraging
the power of high-fidelity musculoskeletal models, a method for choosing the
optimal control structure and optimal control parameters for each person is
described. We formulate the problem of providing assist-as-needed (AAN) as
an optimisation problem and demonstrate how from the optimal behaviour of
the robot, surrogate controllers can be designed. The potential of this method
to improve the collaboration between human and robot in a rehabilitation task
for the lower limbs is highlighted both in simulation and experimentally.

In Chapter 4 the potential of human-in-the-loop optimisation (HILO) in
gait rehabilitation is evaluated. HILO provides an alternative to model-based
optimisation, where the human response to different levels of assistance can be
obtained in real time, reducing uncertainties due to modelling bias. A method
that has been widely used for the optimisation of assistive forces in human
augmentation applications, commonly relying on devices consisting of one
actuated degree of freedom, is tested for the first time in a multi-degree-of-
freedom robot for the purpose of gait rehabilitation. An objective function
that aims to find a balance between user performance and robotic assistance
is proposed, and an evolutionary algorithm is implemented to obtain the
controller parameters that reflect the needs of the human. An experimental
protocol that aims to capture the impact of HILO is designed, and preliminary
data from healthy subjects are reported.

In Chapter 5 a novel adaptive and hierarchical controller is presented for
the triadic collaboration between human, robot and FES. Due to the increased
complexity associated with the modelling and optimisation of hybrid systems,

a hybrid controller that provides personalised assistance through adaptive
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control is studied. Based on the principles of path control and iterative learning
control, a controller is developed that prioritises the voluntary movement of
the user, prevents muscle fatigue, provides robotic assistance as needed, and
promotes the collaboration between human, robot and FES. Simulation results
from the development of the controller using musculoskeletal modelling, and
experimental results from a pilot study with one healthy subject are presented,
comparing our proposed hybrid adaptive controller against an exoskeleton-
only controller, a FES-only controller and a hybrid non-adaptive controller.
Finally, in Chapter 6 the conclusions drawn from the presented studies are

summarised, and future research directions are discussed.

6 INTRODUCTION



RELATED WORK, TOOLS AND METHODS

“Every man can, if he so desires, become the sculptor of his own brain.”

- Santiago Ramon y Cajal

This thesis combines concepts from the fields of neuroscience, physical ther-
apy and robotics to formulate testable research hypotheses and experimental
protocols. This chapter provides an overview of the theory upon which the re-
search hypotheses were derived, a description of the technologies used for the
completion of this research and a summary of the state-of-the-art developments
in this field.

2.1 BRIEF HISTORY OF NEURAL GAIT REHABILITATION

The concept of neural rehabilitation and its application in gait therapy is a
product of years of research in the fields of neuroscience and physical therapy.
For many years, the ability of the nervous system to adapt to environmental
stimuli has been hypothesised. The idea of brain growth as a result of mental
exercise has been discussed as early as 1783 [43], [44]. This is a century earlier
than the conceptualisation of the ‘neuron doctrine’, or ‘neuron theory’, by
Heinrich Wilhelm Gottfried von Waldeyer-Hartz in 1891 [45], [46], and the
discovery of the axonal growth cone and the ability of the neurons to grow in
adults demonstrated by Santiago Ramon y Cajal in 1894 [47], [48]. However, it
wasn’t until the 1960s that these hypotheses regarding neural adaptation were
tested more rigorously [49]-[52]. Following these groundbreaking discoveries,
the field of neuroscience evolved rapidly to significantly enhance our under-
standing of neural plasticity and the effect of internal and external stimuli on
neuron morphology and neuron generation and degeneration [27].

Shortly after these pioneering findings in neuroscience, the outbreak of the
polio epidemic in Europe and America, and the two world wars that followed
marked the start of the profession of physiotherapy and neural rehabilita-

tion [56]-[59]. Early in the 20th century, the practise of corrective exercises



(b)

Figure 2: Gait rehabilitation using (a) proprioceptive neuromuscular facilitation and
(b) movement control therapy following the Bobath concept (extracted from

[53], [54]).

and muscle re-education was explored as an alternative to casts and splints
to treat muscle weakness and paralysis from poliomyelitis [57], [59]. By the
1960s, more methods and techniques for addressing neurological disorders
such as stroke, cerebral palsy and traumatic injury were introduced by Berta
and Karl Bobath, Margaret Rood, Margaret Knott, Dorothy Voss, and Signe
Brunnstrom [58], [60]-[63]. These included proprioceptive neuromuscular facil-
itation (PNF) techniques [62] (Figure 2a), resistance exercise, approaches that
focused on promoting normal movement patterns (Figure 2b), postural stability
and more [58], [59]. In the years that followed, advancements in motion capture,
electromyography, electrical stimulation and brain imaging, revolutionised
neurological rehabilitation (Figure 3), by facilitating the quantitative analysis of
neural and physiological adaptation, and shaping our current understanding

and practises.

2.2 PRINCIPLES OF NEUROPLASTICITY

A fundamental concept that underpins the effectiveness of neurorehabilitation
is neuroplasticity; the brain’s remarkable ability to adapt and reorganise itself
in response to experience and injury. By understanding the various principles

of neuroplasticity, researchers gain insights into the mechanisms driving neural
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Figure 3: State-of-the-art technology-assisted gait training with multidirectional grav-
ity assistance, motion capture and epidural electrical stimulation (extracted

from [55]).

recovery and adaptation. This is crucial in designing effective rehabilitation
interventions aimed at restoring function. This section discusses the principles
of neuroplasticity, exploring how various factors influence the brain’s capacity
for adaptation.

In a highly influential review, Kleim and Jones [25] concisely summarise
years of research in neuroscience as ‘10 principles of experience-dependent
neural plasticity” (Table 1). First, the importance of the active engagement of
neural circuits in task performance is highlighted. Animal studies have shown
that sensory deprivation can lead to a decrease in synapse number and partial
reallocation of cortical territory [64]-[67], whereas extended training can lead
to increased synaptic responses and synaptogenesis [68]-[71], the effects of
which are also evident in the adult human brain [22], [28], [72], [73]. It is also
evident that the nature of plasticity is highly specific to the training experience
[74]-[78], sensitive to the intensity of training [79]-[82] and dependent on the
dose of training [83]-[85]. It has been concluded by several reviews that a

higher number of task-specific repetitions and intensive training, are more
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Table 1: Principles of experience-dependent neural plasticity as summarised by Kleim
and Jones [25].

Principle Description
1. Use It or Lose It Failure to drive specific brain functions can lead to functional degradation.
2. Use It and Improve It Training that drives a specific brain function can lead to an enhancement of that function.
3. Specificity The nature of the training experience dictates the nature of the plasticity.
4. Repetition Matters Induction of plasticity requires sufficient repetition.
5. Intensity Matters Induction of plasticity requires sufficient training intensity.
6. Time Matters Different forms of plasticity occur at different times during training.
7. Salience Matters The training experience must be sufficiently salient to induce plasticity.
8. Age Matters Training-induced plasticity occurs more readily in younger brains.
9. Transference Plasticity in response to one training experience can enhance the acquisition of similar behaviors.
10. Interference Plasticity in response to one experience can interfere with the acquisition of other behaviors.

likely to lead to improved functional outcomes [25], [74], [86]-[88], with little
evidence to suggest that there is any harm in doing more, provided the timing
of training is right [84], [85].

This leads to another important principle of neuroplasticity which is the
timing of training. Even though it is generally accepted that reduced neuroplas-
ticity can be expected in the ageing population as opposed to younger adults
[89]-[91], several studies support the hypothesis that regardless of the age of
the patient, early intervention is more likely to lead to improved functional
outcomes [25], [85], [92]. However, there have also been indications to suggest
that very early intensive training may lead to worse functional outcomes in
people with stroke [93], [94]. Similar results have also been observed in rodent
studies and have been associated with overuse and exaggerated excitotoxicity
of vulnerable tissue [95]-[98], which suggests that identifying the optimal dose
of training over time remains an open scientific question that requires more
research.

Kleim and Jones also emphasise in their review the importance of incor-
porating in training, elements that can attract the subject’s attention, and
can increase their sense of reward, referred to as ‘salience’ [25]. This is also
highlighted by several reviews that have discussed the important role of neur-
otransmitters such as dopamine, serotonin, noradrenaline and acetylcholine
in neuroplasticity [99]-[102]. It is clear that while neural activation can be
prompted by manipulating the mechanics of the body, permanent adaptations
in the nervous system are best established when patients are in a state of

alertness and wakefulness.

10 RELATED WORK, TOOLS AND METHODS



Moreover, it is evident that neural plasticity has the potential to both pro-
mote and inhibit subsequent plasticity. Maladaptive plasticity as a result of
compensatory strategies can impede subsequent learning [103]-[105], while
the combination of training with transcranial or peripheral stimulation can
promote [106]-[108] or impede [109]-[111] skill acquisition depending on the
relative timing of stimulation with respect to training [112].

Maier et al. [26] have elaborated on the principles of neuroplasticity to
highlight the importance of a few more components including spaced practise,
multisensory stimulation, explicit and implicit feedback, and motor imagery.
Maier et al. [26] highlight in their review the importance of rest during training
and emphasise how spaced practise, also known as distributed practise, has
been found to improve skill acquisition [113]-[115]. This is also in line with
recent studies that have underscored the importance of post-training quiet
rest and sleep to promote neuroplasticity for memory consolidation and skill
acquisition [116]-[121]. Maier et al. also elaborate on the importance of multis-
ensory stimulation [122]-[124] and the different forms it can take to provide
explicit and implicit feedback. The importance of visual feedback [125], [126],
rhythmic cueing [127]-[131], mirror training [132]-[134], and action observation
[135]-[137] are discussed, emphasising on their potential to enhance functional
outcomes after training.

In summary, neuroplasticity or brain plasticity is what allows humans to
acquire motor skills and recover from injury. Over time, researchers have
identified multiple principles of neuroplasticity, reflecting the intricate and
dynamic nature of the nervous system. It is clear that these principles play a
crucial role in neural rehabilitation, emphasising the need for their integration
into functional training [29], [138]-[140].

With the aid of technology, harnessing these principles has become more
feasible, offering new avenues for innovative approaches to rehabilitation. In
the following sections, we provide a description of motion capture technolo-
gies, musculoskeletal modelling, robot-assisted rehabilitation and functional
electrical stimulation and their role in designing effective neural rehabilitation
interventions that are tailored to the needs of the patient and are based on the

principles of neuroplasticity.
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2.3 MOTION CAPTURE

Motion capture refers to the techniques that allow us to record the movement
of an object, animal or person, and are widely used in recording and later
analysing human biomechanics. These techniques are broadly classified into
two main categories: optical and non-optical. Optical motion capture systems
use optical-active or optical-passive markers [141], RGB or RGB-D cameras
[142], while non-optical systems rely on other sensors such as inertial meas-
urement units (IMUs), and magnetic systems [143], [144]. As of today, optical
marker-based systems combined with ground force plates are considered to
be the gold standard for three-dimensional motion capture [145]-[147].

For this thesis, a Vicon marker-based system has been used for gait analysis.
During this process, reflective markers are placed on anatomical landmarks
of the human body and multiple cameras are used to simultaneously record
the trajectory of the markers in space. The marker trajectories are labelled, and
based on the labelled trajectory of the markers, the position and orientation
of the different body segments can be determined. Based on the position and
orientation of the different body segments, the angular position of the joints
can be calculated and analyses on the dynamics of motion can be carried out

(see section 2.5).

2.3.1  Hardware

Vicon System

Vicon systems (UK) are among the most popular systems for high-precision
motion capture and the analysis of human biomechanics. At the Gait Lab
(University of Edinburgh, UK), a Vicon system consisting of 12 Vero v2.2 cam-
eras is available, along with a Vicon Lock+ synchronisation box comprising a
64-channel analog-digital converter. The Vero v2.2 cameras are high-resolution
infrared cameras that emit and capture infrared light reflected off optical-
passive markers. The cameras are strategically positioned around a designated
capture volume (Figure 4a), and are operated at a frequency of 100Hz. The
marker data goes through the Vicon Lock+ synchronisation box which operates
at 1000Hz and is processed through the Nexus software. The final output is

a time series of labelled marker trajectories, which can be used for further
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analysis either through Nexus or other specialised software to obtain kinematic
and dynamic data including joint angles, joint moments, joint loads etc (see

section 2.5).

Figure 4: (a) The Gait Lab (University of Edinburgh, UK) including a vicon motion
capture system with 12 Vero cameras positioned around the M-Gait treadmill
(b) A subject wearing reflective markers while standing on the M-Gait
treadmill, (c) Reconstructed figure of recorded markers during gait using
the Vicon Nexus software.

Instrumented treadmill

To facilitate motion capture and force analysis within a contained capture
volume, the instrumented treadmill M-Gait (Motek, Netherlands) was used.
M-Gait is a dual-belt instrumented treadmill equipped with two permanent-
magnet full-servo motors, enabling independent speed control of the two
belts, and twelve 6-axis force-torque sensors enabling the measurement of
ground reaction forces (GRFs). As an output, the magnitude of the ground
reaction forces, fg € R3, and ground reaction moments, Ty € R3, for each
belt can be obtained as a time series for the x-y-z directions, along with the
calculated point of action of the GRFs, known as the centre of pressure, ¢, € R?
(Figure 5). The analogue signals of the force sensors are processed through
the Vicon Lock+ box at a frequency of 1000Hz and are communicated to
the Vicon motion-capture software, Nexus, and the Motek software, D-flow.
Using D-flow, the speed of each of the belts of the treadmill can be controlled,

dependent or independent of the outputs from the Vicon Lock+ box, and
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interactive applications can be developed, such as self-paced walking, virtual

reality visualisations, and unstable environments.

. System origin

. Centre of pressure

Figure 5: Diagram of the instrumented dual-belt treadmill and the measured GRFs and
centre of pressure (extracted from [148]).

2.3.2  Marker placement

Marker placement in motion capture dictates the degree of accuracy of the
recorded data. Depending on the application, the number of markers and the
location of the markers can change. For example, if only the position of the
human body is of interest in a three-dimensional space, then a single marker
at the pelvis may suffice. For measurements of human kinematics during gait,
more granularity is required to accurately track the position and orientation of
the different segments of the lower limbs.

A custom marker set was used in our studies for motion capture with a focus
on lower limbs. The marker set consisted of 32 markers: 20 anatomical markers
placed on bony landmarks on the human body, and 12 tracking markers placed
as rigid clusters at the thighs and the shanks. Figure 6 shows the marker set
used for gait analysis. The anatomical markers are placed on well-defined
anatomical landmarks that can be precisely located across individuals, such as
the lateral and medial malleoli of the ankle joint, and can be used as a reference
for processes such as model scaling and the adjustment of tracking markers in
musculoskeletal modelling (see section 2.4 for more details). Tracking markers

are markers that are used to further increase the accuracy of motion capture
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during dynamic trials, and do not need to be placed consistently across subjects
as their exact position can be identified during the post-processing of the data

based on the position of anatomical markers (see section 3.3.1).

Figure 6: Placement of reflective markers for gait analysis. Tracking markers were
placed on the right (1) and the left (2) shoulder and an anatomical marker
was placed on the sternum (3). Three anatomical markers were used to define
the pelvis with one marker on the right anterior superior iliac spine (ASIS)
(4), one on the left ASIS (5) and one on the sacrum (6). A cluster of three
tracking markers was used on the thighs (7a-7c) and anatomical markers
were placed on the lateral (8) and medial (9) femoral epicondyles. A cluster
of three tracking markers was also placed on the shanks (10a-10c). The feet
were defined with five anatomical markers placed on the lateral (11) and
medial (12) malleoli, the fifth (13) and the first (14) metatarsal heads and the
heel (15).

2.3.3 Data Processing

The final step for a reliable transition from motion capture to gait analysis
is data processing. While optical marker-based motion capture offers high
precision and reliable measurements, the reliability of each recording may
be affected by jitter and gaps in marker trajectories. To reduce errors during

motion capture, a system calibration is carried out which involves the masking
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of reflective parts of the lab, and the centering of the capture volume using a
light-emitting wand. This system calibration is performed at least 45 minutes
after initialisation, ensuring the cameras have reached a stable operating tem-
perature. To further increase the reliability of data, a constraint is implemented
that defines the minimum number of cameras required to detect the trajectory
of a marker to three cameras. However, occlusions that prevent the detection of
markers by at least three cameras result in gaps in the trajectories of the mark-
ers. Therefore, once the motion capture is completed, the marker trajectories
are labelled and checked for gaps.

The Vicon Nexus software provides five different methods for filling up
gaps in marker trajectories: spline fill, pattern fill, rigid body fill, kinematic fill
and cyclic fill [149]. Spline fill uses interpolation on quintic splines generated
from valid frames around the gap to predict the trajectory of a marker, while
pattern fill predicts the trajectory of a marker using linear interpolation and
the trajectory of a reference marker. Rigid body fill uses the trajectory of other
markers to fill in trajectory gaps assuming that the marker whose trajectory is
missing is part of a rigid body, while kinematic fill determines the fill based
on the position and orientation of a body segment. Provided that the Vicon
model has clearly defined joints and segments, the position and orientation
of the model’s segments can be obtained from raw marker data using direct
kinematics. Lastly, cyclic fill uses patterns from a missing marker’s earlier
or later gait cycles to fill gaps. Depending on the recorded motion and the
duration of the gap, these different methods for gap filling are used to generate
continuous marker trajectories.

As a final step, smoothing of the marker trajectories is carried out using a
4th order low-pass zero-lag Butterworth filter at 6Hz [150]. This is to remove
noise and artefacts due to gap filling, unstable markers, and tracking errors.
The continuous smoothed marker trajectories are then exported along with the
corresponding GRFs, and can be used for further processing including model
scaling, and inverse kinematics and dynamics analyses that are discussed in

more detail below.
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2.4 MUSCULOSKELETAL MODELLING

Musculoskeletal modelling is a powerful tool that can play a crucial role
in gait analysis. By using data from motion capture, personalised human
models can be constructed that can be used to provide more insights into
the biomechanics of human locomotion. These models can then be combined
with the inertial properties of wearable robots, and personalised human-robot
models can be constructed, which can be used to improve our understanding of
the interactions between human and robot, and facilitate the design of tailored
interventions for rehabilitation. For this purpose, several musculoskeletal
modelling platforms are available, with the most popular being OpenSim [151]
and AnyBody [152].

For this thesis, the musculoskeletal modelling software, OpenSim, was
used. OpenSim offers detailed musculoskeletal models that can be adjusted to
reflect the physical properties of the human [151], including any characteristics
that may be a result of an injury or a neurological disorder. These include
muscle properties such as the muscle attachment point, the minimum muscle
activation, and the maximum isometric force, tendon properties such as tendon
compliance, tendon slack length, and the tendon maximum strain, and skeletal
properties such as the inertia properties of body segments, and the axis of
rotation and functional degrees of freedom of joints. Based on experimental
data and studies on human anthropometry [153], [154], joint anatomy [155],
[156] and the properties of skeletal muscle [157], [158] a series of human
musculoskeletal models of varying complexity are provided.

For the modelling of the human body in this thesis, the generic OpenSim
model, gait1018, was used (Figure 7b). This model focuses on the lower limbs
and is a dimensionally reduced version of the gait2354 model [153] (Figure
7a), intended for simulations of high computational demands. It consists of
12 bodies and 12 joints that are represented by 10 degrees of freedom (DOFs)
and are driven by 18 musculotendon units. To construct personalised models
that accurately reflect the anatomical properties of the human subjects in our
studies, the generic OpenSim model, gait1018, was first adjusted to support hip
adduction and abduction. The adjusted model was then scaled using data from
motion capture, and combined with the model of the exoskeleton, Exo-H3 (see
section 2.6.1). More details regarding the scaling of the human model and its

integration with the robot model are provided in Chapter 3.
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Figure 7: (a) OpenSim model, gait2354, (b) Dimensionally reduced OpenSim model,
gait1018, with annotated degrees of freedom and musculotendon actuators.

2.5 GAIT ANALYSIS
The gait cycle

Using musculoskeletal models, gait analysis can be carried out to quantify
clinically meaningful characteristics of gait based on the relative position and
orientation of the different body segments. This is commonly performed in
three spacial dimensions referred to as the frontal plane, the sagittal plane
and the transverse plane (Figure 8a). To facilitate a more granular analysis of
human locomotion, a temporal segmentation of gait has also been established.
A gait cycle that starts and ends at well-defined discrete events such as the
heel strike and toe off is being used, and the relative position in the gait cycle,
ranging from [0, 100]%, is often referred to during gait analysis to define an
instance in the gait cycle (Figure 8b). Based on these discrete events, different
phases in the gait cycle are also defined such as double stance, single stance
and the swing phase, and have been used to carry out comparisons across
subjects (and within subjects) to identify artefacts of neurological disease,

motor training or external assistance.
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Figure 8: (a) The three planes of motion and (b) the gait cycle.
Inverse and forward analyses

For the quantification of gait characteristics, inverse and forward dynamics
analyses can be carried out. During the inverse analysis, the joint angles or
the joint torques of the model, respectively, can be calculated based on the
marker trajectories and the ground reaction forces obtained during motion
capture. Similarly, the muscle controls of the model can be computed using
musculoskeletal modelling. This can be carried out through an optimisation
procedure that assumes metabolic efficiency in the human body and minimises
the sum of controls and joint acceleration errors. As a result, gait can be
analysed using kinematic, dynamic and clinically relevant metrics such as
average gait speed, average step length, duration of swing, symmetry in stance,
variability in kinematics, peak load in joints, maximum activation of muscles
and more.

Furthermore, forward dynamics analyses can be carried out. During forward
dynamics, the differential equations of the model can be integrated to compute
the future kinematics of the model. Provided that the joint torques or muscle
controls of the model, as well as any other external forces acting on the model,
are known at the different points in time, the future state of the model can be
calculated. In the case where a wearable robot is interacting with a human, this
can be a powerful tool for the prototyping and optimising of robotic controllers.

This is discussed in more detail in Chapter 3.

2.5 GAIT ANALYSIS 19



2.6 GAIT TRAINING

These powerful tools for motion capture and gait analysis, along with advance-
ments in technology and our increased appreciation towards the principles of
neuroplasticity, have driven the development of innovative gait training meth-
ods. For example, treadmill training and body weight support have proven to
be extremely useful for delivering task-oriented training, where a high number
of repetitions can be performed in a confined and safe environment [30], [159].
Moreover, the incorporation of real-time visual feedback, electrical stimula-
tion and robotic assistance have integrated into gait training the concepts of
multisensory stimulation and salience, making gait therapy more captivating
and interactive. It would thus be expected that with the use of technology, the
functional outcomes of gait rehabilitation would be superior to conventional
therapist-assisted rehabilitation. However, this is a very broad statement that
(1) does not specify what the use of technology entails, (2) does not indicate
what functional outcomes are of interest, (3) does not differentiate between
neurological conditions, and (4) does not distinguish between the different
stages of rehabilitation.

Several reviews have tried to investigate the effectiveness of robot-assisted
rehabilitation on the different functional and clinically-relevant outcomes of
training for different neurological disorders [19], [36], [160], [161], addressing
points (2)-(4), but not many studies have carried out the meta-analysis on
the effect of the technology used and implemented control method during
robot-assisted gait training (RAGT) on the outcomes of therapy (point 1). One of
the most important components of therapist-assisted gait rehabilitation, is the
interaction between the therapist and the patient. Similarly, in RAGT, how the
robot interacts with the patient can be a determining factor of whether RAGT
is beneficial or not. Campagnini et al. [162] carried out this investigation and
looked at the effect of different control strategies during RAGT on the functional
outcomes of people with stroke in the subacute or chronic phase. It is concluded
that due to the high heterogeneity in study design and performance metrics,
it was not possible to carry out a meta-analysis to identify differences in the
relative effectiveness of the different control strategies used in RAGT.

To the best of our knowledge, a similar investigation for the effect of
functional electrical stimulation (FES) control on the outcomes of therapy

is not available. Evidently, understanding the effects of different stimulation
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profiles on muscle force generation and induced muscle fatigue was priorit-
ised. Moreover, a much richer literature seems to exist on the neuroprosthetic
applications of FES than the therapeutic applications of FES.

Here, we provide an introduction to RAGT and FES, and review the algorithms
used for the control of assistive robots and electrical stimulation. The aim of
this review is to offer a comprehensive understanding of the current state of the
art in RAGT and FES-assisted gait training, highlighting recent advancements
and identifying existing gaps in the literature. This analysis sets the stage for
comparing and contextualising the contributions outlined in the subsequent

chapters.

2.6.1 Robot-assisted rehabilitation

Robot-assisted gait training gained increasing popularity in the last two dec-
ades with the introduction of actively-controlled electromechanical devices.
These devices can be programmed to safely exert guiding forces on a selec-
tion of the patient’s body parts and provide partial body weight support to
alleviate the strain on healthcare professionals. They can also guarantee high
precision and repeatability, and provide a means for quantitatively assessing
the performance of the patient.

These devices are generally classified into two categories: exoskeletons and
end-effector robots (Figure 9). Exoskeletons are wearable robots that are placed
on the exterior of the user’s skeleton and can provide assistance at the joints of
the patient. They can be integrated with a treadmill and body weight support
(Figure 9a), or they can be used for overground gait (Figure 9c). End-effector
robots are often stationary platforms that drive motion by attaching to the feet
of the patient. Due to their distinct design features, the algorithms used to drive
these devices often varies. While the control methods used for end-effector
robots are often limited to position profile controllers [163]-[167], with a few
exceptions where admittance control [168], [169] and impedance control [170]
have been implemented, a much richer literature exists on the controllers used
for exoskeletons.

The reviews carried out by Tucker et al. [172], Miguel-Fernandez et al. [173]
and Baud et al. [174] summarise the controllers used to drive exoskeletons, and

classify them into a hierarchical order. These include high-level controllers that
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Figure 9: Types of actively-controlled electromechanical devices: (a) wearable exoskel-

eton integrated with a treadmill and body weight support, (b) end-effector
robots and (c) wearable exoskeletons for overground gait (extracted from

[171]).

aim to identify the task being executed and select the corresponding mid-level
controller, mid-level controllers that are responsible for calculating the desired
joint positions, velocities or torques to help with the execution of the task, and
low-level controllers that are responsible for realising these commands. With
our focus lying on the assistance of gait rehabilitation, the implementation of
high-level controllers extends beyond the scope of this thesis. Similarly, the
low-level controllers are usually dependent on the type of actuators used and
are often shared across robotic devices. Thus, here we discuss the mid-level
controllers developed for providing assistance in gait rehabilitation.

Baud et al. [174] further categorised the mid-level controllers into two sub-
categories: the detection/synchronisation controllers and the action controllers
(Figure 10). The former is responsible for estimating the gait state, gait phase
or intention of the human, which is information often used by the action
controller for the operation of the exoskeleton. This information includes the
estimation of different events and gait phases using methods such as manual
triggering via user-operated buttons [175]-[178], event triggering through
ground reaction force (GRF) sensing [179]-[181], adaptive frequency oscillators
[182], [183], finite state machines [184]-[186] and more. In the action controllers,
methods for the calculation of the physical output of the robot are included.

The three main types of mid-level controllers identified in the sub-category
of action controllers involve: position profile controllers, torque profile con-

trollers and impedance controllers [172]-[174]. Position profile controllers aim
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Figure 10: Classification of robot controllers into high-level, mid-level and low-level
controllers (adapted from [174]).

to strictly follow an input position profile that is defined either in joint space
or end-effector space. Similarly, torque profile controllers aim to generate an
input torque profile, whereas impedance controllers aim to establish a relation-
ship between joint angle and joint torque [187], [188]. Most position profile
controllers rely on profiles that have been extracted from the kinematics ob-
served in healthy people [189]-[191], with a few studies investigating methods
for generating or adapting kinematic trajectories, either offline [192], [193] or
in real time [175], [194]-[198]. Similarly, many torque profile controllers rely
on constant torque profiles [181], [199]-[202] with some studies investigating
methods for identifying the appropriate shape and/or timing of the torque
profiles based on feedback from the users [6], [203]-[206]. Impedance control-
lers on the other hand, provide partial assistance (or resistance) and a certain
degree of compliance to help patients follow a fixed [207]-[209] or adaptive
kinematic trajectory [210]-[215]. In many cases, an error tolerance has also
been added around the reference trajectory to create an area or a tunnel where
movement remains unimpeded, providing assistance to the patient based on

their needs, often referred to as ‘assist-as-needed” control [213], [216], [217].
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Miguel-Fernandez et al. [173] mention that the position-profile controllers
can mobilise weakened limbs and can be especially beneficial for people
suffering from severe impairments since they provide a means for delivering
enhanced somatosensory stimulation in a safe environment for locomotion
training. However, it is harder to provide partial assistance using position-
profile controllers, which is important in creating a challenging and interactive
environment for less affected patients. On the other hand, torque-profile
controllers are most often open-loop controllers that have proven to be effective
in reducing the metabolic cost of locomotion in healthy adults [6], [218], [219],
but will fail to promptly react to disturbances and provide real-time haptic
feedback, which is important for promoting neuroplasticity in neurological
patients [25], [26]. This makes impedance controllers that provide assistance
as needed particularly attractive for the rehabilitation of people with mild
impairment. In all cases, the importance of controller tuning is highlighted
in [173], and the need for methods that can automatically tune the open
parameters of RAGT controllers to meet the needs of the patients is underscored.

The contributions presented in this thesis, involve the development of meth-
ods that can be used to optimally tune the open parameters of RAGT controllers
to provide personalised assistance to ambulatory neurological patients with
mild impairments who retain voluntary control of their limbs. For this, we
have focused on the personalisation of assist-as-needed controllers, which
are implemented on a lower limb exoskeleton. Below, we provide a descrip-
tion of some common elements of assist-as-needed controllers, along with a

description of the exoskeleton, Exo-Hs3.

Path control and assist-as-needed

Assist-as-needed (AAN) control is a term used in robot-assisted rehabilitation
to describe a family of controllers that aim to encourage the patient’s active
participation by providing tailored treatment. Path control [216], and force-field
control [220], are controllers that belong to this family of AAN controllers and
have some very similar characteristics. Here, we use path control as an example
to present some of these characteristics. Path control uses a reference kinematic
path in joint space, Q. € IR"*?2, that describes the desired relationship between
the hip joint angle and the knee joint angle in the sagittal plane (where i is

the number of points in the discretised domain of the reference path). Based
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on this reference path, the reference point, q,ef € IR?, is dynamically defined
as the point on the reference path where the Euclidean distance between the
reference path, Q,.r, and the joint angles of the human (herein referred to as

the actual point), quct € R?, is at a minimum (Figure 11).
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Figure 11: (a) lllustration of the reference kinematic path, Q,.f, defined in joint space
and surrounded by the dead band region as presented in [221]. The grey
line shows the reference path used by the robotic platform Lokomat during
position control, and the black line shows the adapted reference path used
for path control. (b) A diagram of the path controller (adapted from [221]).

This reference point can also be described by its relative position in the gait
cycle, {S € R:0 < S < 1}, and can be expressed as:

5 = argmin | Que(5) — quc] @
Qref = Qref(s) (2)

The absolute joint angle error, A§ € RR?, is then defined as the difference
between the reference point and the actual point. In order to allow for some
error tolerance, a dead band region of radius, 7y, is defined around the
reference path, and the true joint angle error, Aq € R?, is defined as the
difference between the reference point and the actual point, minus the error

tolerance when the error tolerance is exceeded. This is expressed as:

Aq = ref — Yact, (3)
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Based on the true joint angle error, Aq, an assitive controller can then
be defined to ensure that the patient is guided closer to the reference path
and the kinematic tracking error is reduced. In the controller presented by
Duschau-Wicke et al. [221] this controller comprises a number of assistive
forces. These include, corrective forces, 7,,, implemented using a proportional-
derivative (PD) controller whose direction is perpendicular to the reference
path and are used to minimise the patient’s tracking error, supportive forces,
Tsup, Whose direction is tangential to the reference path and are used to help
patients overcome weaknesses, and compensatory forces, Tcomp, Which are used
to compensate for the robot’s inertia and friction (Figure 11b).

Given this configuration, path control is a suitable controller for ambulatory
patients with residual strength at the hips and the knees, and voluntary control
of the upper limbs which can be used to provide balance. Some of these

concepts of path control are revisited in the next Chapters.

The exoskeleton Exo-H3

For this thesis, the exoskeleton Exo-H3 (Technaid, Spain) is used, which is an
upgrade of the exoskeleton Exo-Hz2 presented in [191]. The Exo-H3 exoskeleton
is a multi-degree of freedom (DOF) lower-limb exoskeleton, that can provide
support in hip flexion and extension, knee flexion and extension, and ankle
plantarflexion and dorsiflexion. Each joint is equipped with position and velo-
city encoders, torque sensors, mechanical stops that limit the range of motion
of the joint, and a geared electric motor with a reduction ratio of 160. Pressure
sensors are also available at the heels and toes, which can be used for the
detection of gait events such as the heel strike and toe off. Each leg comprises
modular links of adjustable length which can be expanded or contracted to
accommodate for people of different heights. An adjustable back support is
also provided to accommodate for people of different waist circumference. The

total weight of the exoskeleton is 17kg, including a rechargeable 19.2 V DC
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lithium iron phosphate (LiFePO4) battery, which weighs 2.8kg and is equipped

with an emergency button (Figure 12a).

|. Hip joint an?:::’n:
2. Knee joint
3. Ankle joint
4. Hip strap
5. Insoles
6. Connecting extension bars
7. Thigh straps
8. Upper knee straps
9. Lower knee straps
Right Step
10. Shank straps
(a) (b)

Figure 12: (a) The mechanical parts of the exoskeleton Exo-H3, (b) The Android GUI
for the high-level control of the exoskeleton.

The exoskeleton can be controlled using both built-in and custom mid-level
controllers. The built-in controllers include position-controlled routines such
as continuous steps of adjustable frequency, and sit-to-stand and stand-to-sit
routines that can be accessed through an Android application and initiated
through wireless Bluetooth communication (Figure 12b). A transparent control-
ler is also available, which allows the user to freely walk with the exoskeleton
while feeling little resistance from the exoskeleton’s motors. This controller
is implemented using torque control and compensates for the friction in the
geared motors. Prototype mid-level controllers can be developed using both
position control and torque control. For the development of torque control-
lers, two low-level controllers are available relying on proportional-integral-
derivative (PID) control to define the current supplied to the motors; one uses
as an input the torque measured by the strain gauges to control motor current,
referred to as joint-torque controller, and the other uses as an input an estimate
of the torque, based on the current provided to the motors, referred to as
motor-torque controller. Both low-level controllers operate at 1000Hz.

Prior to the use of the exoskeleton Exo-H3, both low-level controllers were
tested and their ability to follow the provided torque commands was examined.

For this thesis, the motor-torque controller has been used for low-level control
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as it more accurately matched the torques recorded by the torque sensors. A
friction compensation controller was added to reduce the effect of static friction
and viscous friction imposed by the motor dynamics, which further reduced
the discrepancy between the commanded torques and the torques measured
by the strain gauges. The addition of friction compensation was carried out
using MATLAB and Simulink Real-Time Desktop, and the communication has
been established using a PCAN bus at a frequency of 100Hz.

Furthermore, additional safety mechanisms have been put in place. An addi-
tional emergency button was programmed to terminate the communication
between the exoskeleton and the torque controller, and lock the joints of the
exoskeleton. Also, the range of motion of the exoskeleton’s joints was limited

to [-25°, 100°] for the hips, [0°, 100°] for the knees and [-25°,25°] for the ankles.

2.6.2 Functional electrical stimulation

FES is another popular and well-researched intervention for the rehabilitation
of neurological impairments. FES is a special case of neuromuscular electrical
stimulation (NMES), which involves the artificial stimulation of muscles by de-
livering low-energy electrical impulses to motor neurons in order to generate
force and facilitate the completion of a functional task [222] (Figure 13). Elec-
trodes can be placed either over the skin, known as transcutaneous (surface)
stimulation, or through the skin, also known as percutaneous stimulation, and
requires the nerves on the target muscles to be intact and the muscles not to
be dystrophic or atrophic [223].

This external stimulation of motor units can have both neuroprosthetic and
therapeutic benefits. Neuroprosthetic benefits, also known as orthotic benefits,
are the instantaneous functional improvements observed during the use of
electrical stimulation such as increased ankle dorsiflexion, improved symmetry
in gait and increased single-stance duration in paretic limbs [225], [226]. Thera-
peutic benefits are the functional and/or physiological improvements observed
after the use of electrical stimulation that may be associated with neuroplastic
changes in the central nervous system [227]-[231], potentially resulting from
the increased sensory stimulation and afferent signals to the spinal cord [232],
[233]. These benefits include muscle strengthening, improved muscle fatigue

resistance [234]-[236], and reduced spasticity [237]-[239], all of which may
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Figure 13: (a) Application of functional electrical stimulation on the lower limbs.
(b) Schematic of neuromuscular electrical stimulation with (1a) and (1b)
indicating direct sensory stimulation and muscle excitation, respectively,
and (2) indicating sensory feedback due to muscle contraction (extracted
from [224]).

eventually lead to an increase in walking performance and community mo-
bility [238]-[242], which can be maintained even in the absence of electrical
stimulation.

A major limitation of FES when it comes to gait rehabilitation is the rapid
onset of muscle fatigue and the limited control of the resultant limb movement.
The nonlinear muscle response to FES makes accurate modelling, control and
trajectory tracking hard to achieve [232], [243], while the sub-optimal and non-
physiological recruitment of the stimulated motor units can quickly induce
muscle fatigue and a subsequent reduction in the duration of therapy and its
effectiveness [231], [234], [244], [245]. To address some of these limitations,
efforts have been made to create better models of FES [246], [247], to understand
the relationship between electrode placement and muscle force [248], and to
identify control strategies that will both ensure the accurate control of the
limbs [249] and reduce muscle fatigue [244], including strategies where FES is
combined with robotic assistance [250].

In this case, on top of the control of the robot, the control of FES involves the
tuning of several parameters to adjust the stimulation intensity. These include
the current amplitude, pulse width, and pulse frequency. In order to achieve
tetanic muscle contractions using surface stimulation these parameters usually
range between o0-120mA for current amplitude, o-4oops for pulse width, and o-

100Hz for frequency [234], [236]. Moreover, the adjustment of pulse waveform
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is also possible. Pulse waveforms can be described as monophasic/monopolar
or biphasic/bipolar. In monophasic waveforms, current flow is induced only in
one direction, whereas in biphasic waveforms each pulse is accompanied by a
second pulse in the opposite direction which can be symmetric or asymmetric
in amplitude, and balance or unbalanced in charge [231], [251] (Figure 14).
These pulses can take different shapes, with the most common being rect-
angular and quasi-rectangular, where a smooth ramp up towards the peak

amplitude is included along with a ramp down towards zero current.
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Figure 14: The characteristics of electrical pulses in neuromuscular electrical stimula-
tion (adapted from [252]).

Many studies looked at the effect of these parameters on muscle fatigue.
In their systematic review, Ibitoye et al. [244] suggest that modulating the
stimulation frequency, pulse width and amplitude may be a viable strategy
for reducing muscle fatigue, but due to high heterogeneity in the identified
studies, determining the optimal strategy for reducing muscle fatigue remains
a challenge. For example, the use of submaximal stimulation [253], [254], as
well as the use of mixed stimulation frequencies [254] and variable frequency
trains (stimulation trains starting with a doublet — two closely spaced pulses —
followed by single pulses at a constant frequency) [255]-[257] seem to lead to
less relative force loss in fatiguing muscles. On the other hand, it is still unclear
whether the stochastic modulation of stimulation parameters can delay the
onset of muscle fatigue [258], [259]. A few studies have also shown that the
use of higher stimulation frequencies may lead to a quicker onset of muscle
fatigue [260]-[263].

For the control of generated muscle force and limb movement, a variety of

feedforward and feedback controllers have been studied [264], [265]. Feed-
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forward control, where fixed stimulation sequences are delivered based on
the state of the patient, have been quite successful in facilitating stepping and
standing in people with spinal cord injury (SCI) [266]-[268], but the need to
be able to address muscle fatigue and more accurately drive the resultant
kinematics towards healthier patterns led to the investigation of feedback
controllers [269], [270]. Feedback control, where information about the state
of the patient is used to appropriately adjust the intensity of the stimulation
trains, demonstrated the ability to facilitate movement in paralysed limbs,
increase the duration of standing, and accurately track trajectories during gait
and cycling [269]-[272]. Methods including fuzzy logic control [273], [274],
PID control [275], [276], sliding mode control [277] and the use of artificial
neural networks [278], [279] are examples of controllers that have been used to
incorporate a feedback loop in the control of FES. However, in most cases, the
neuroprosthetic effect of FES was emphasised, where the aim was to control
the motion of fully paralysed limbs. The use of collaborative controllers that
emphasise the therapeutic effect of FES on people who retain control of their
limbs have not been studied extensively.

Two main classes of collaborative FES controllers have been identified:
biosignal-driven control and iterative learning control (ILC). In biosignal-driven
control, signals obtained either from the muscles via electromyography (EMG)
or the brain via electroencephalography (EEG), have been used to control the
intensity of stimulation in order to complement the voluntary efforts of the
patient [280]-[282]. Similarly, ILC [271] has been used to adjust the stimulation
intensity in order to ensure that enough assistance is provided, on top of the
patient’s voluntary efforts, for the completion of cyclical events. However, with
the use of FES as the only intervention, the only control option available when
it comes to maintaining a low trajectory tracking error as fatigue progresses is
to increase the stimulation intensity in order to recruit deeper muscle fibres
and maintain a high output force. As a result, fatigue progresses at a faster rate
[253], [254], and gait training becomes uncomfortable, necessitating an inter-
ruption of training for the muscles to recover. For this reason, the hybridisation
of FES with robotic assistance has been gaining increasing attention [250]. In
Chapter 5, the relevant state-of-the-art hybrid robot-FES controllers will be

discussed and a novel adaptive and hierarchical controller will be presented.
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RehaMoves ScienceMode

For this thesis, the RehaMove3 stimulator has been used. RehaMoves3 is a
medically approved multi-channel stimulator (Hasomed GmbH, Germany)
that can be programmed using an external device through the ScienceMode
communication protocol. Each RehaMove3 stimulator can control up to four
channels and can deliver transcutaneous electrical stimulation using surface gel
electrodes. Current amplitude can range from [-130,+130]mA, pulse width can
be set anywhere between [20,16000]ps and frequency can vary from [1,500]Hz.
Up to 16 points can be used to adjust the discretised pulse waveform and real-

time feedback control can be established through an interface with Simulink.

o :

Figure 15: (a) The RehaMoves stimulator connected to an external controlling device.
(b) The RehaMove3 stimulator connected to the thigh muscles using rectan-
gular surface gel electrodes.

2.7 SUMMARY

In summary, this chapter discussed the intricate landscape of neurorehabil-
itation, underscoring the importance of understanding the mechanisms of
neuroplasticity in enhancing the functional outcomes of therapy. The dynamic
and multi-disciplinary nature of neurorehabilitation has been explored, integ-
rating concepts from neuroscience, robotics, and physical therapy to address

the diverse needs of individuals with neurological disorders. Central theme
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of this chapter, has been the transformative impact of technology in neurore-
habilitation, ranging from motion capture, gait analysis, and gait training. The
importance of choosing the right technology and the right intervention for
each patient is highlighted, differentiating between robot-driven interventions,
which may be more appropriate for people with complete SCI, and patient-
driven interventions, which may be more appropriate for people who retain
voluntary control of their limbs. As we move forward, it becomes apparent that,
in both cases, harnessing the therapeutic advantages of neurorehabilitation
is a particularly challenging problem, influenced by a multitude of variables,
including the type of disability, the severity of disability, the patient’s perceived
level of disability, the type of technology incorporated in training, the way it is
controlled and the way it is integrated with other technologies and/or other
interventions. Inspired by seminal contributions in this field, as discussed
above, the following chapters propose three different methods for approaching
neurological gait rehabilitation in people who retain voluntary control of their

limbs in order to provide personalised assistance and promote neural plasticity.
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OFFLINE MODEL-BASED OPTIMISATION

3.1 INTRODUCTION

In rehabilitation for locomotion, the main effort has been to help the patients
learn how to reproduce a healthy gait pattern. In the early rehabilitation stage,
robot interventions that strictly guide the patient along a predefined kinematic
trajectory are often implemented [283]. This robot-driven approach can be
useful to induce physiological muscle activation, reduce spasticity, increase
blood flow, support the function of the internal organs and potentially induce
brain plasticity through increased somatosensory stimulation [160], [161], [171],
[284], [285]. However, for ambulatory patients who retain some voluntary
control over their limbs, this approach may not be as effective. The use of
robot-driven interventions for the rehabilitation of ambulatory patients may
induce patient slacking and passive participation, which may prohibit or delay
their recovery [286]. The concept of patient-driven rehabilitation is thus given
more attention during the later stages of rehabilitation, and controllers are
studied that aim to capture the patient’s attention and encourage them to
actively participate during their therapy [283], [287].

Several studies have highlighted the importance of providing assistance as
needed, and encouraging patient participation for the treatment of ambulatory
people with gait disabilities [287]-[290]. However, even though there are several
control strategies that can be used to provide assistance as needed [216],
[291]-[294], it is still unclear whether there is a single control strategy that is
superior to other strategies [162]. One common denominator among the studies
investigating the efficiency of assist-as-needed controllers, is the fact that often
a controller is designed and tuned based on the performance of a healthy
participant and the same controller is tested across several patients. As a result,
contrary to the highly personalised human-human intervention provided by
physicians, many of the human-robot interactions are not tailored to the needs
of the user. Given the highly inter-personal and intra-personal variability in

gait among people with neurological disorders, the same controller may not
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be optimal for everyone. It is therefore prudent to look for methods that can
be used to adjust these controllers to meet the needs of the patients.

This process of personalising a controller to the needs of the patient is an
optimisation problem where often a balance between two or more competing
objectives needs to be satisfied. In this chapter, we describe an offline model-
based optimisation approach for the design and optimisation of personalised
assistive controllers, where we leverage the power and advances in musculo-
skeletal modelling in order to reduce the requirement for extensive human
data collection (Figure 16). Firstly, we present our offline optimisation frame-
work in a generalised form to highlight its utility in similar fields where the
optimisation of human-robot interaction is important, such as human augment-
ation and/or (industrial) human-robot collaboration. Next, we demonstrate the
ability to optimise an assist-as-needed controller of a lower-limb exoskeleton
to the needs of the user as a case study. We formulate the concept of ‘assist-
ance as needed’ as an optimisation problem, and we illustrate how we can
obtain a personalised controller for each individual. With the help of eighteen
healthy participants, we then evaluate the effect of our proposed optimisation
approach on the collaboration between the participants and the robot. The key
contributions of this work involve, firstly, the introduction of an innovative
methodology for the optimisation of robotic controllers in human-robot collab-
oration utilising musculoskeletal modelling, and secondly, the evaluation of
this methodology, specifically for personalising an assist-as-needed controller,

through testing on healthy individuals.
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Figure 16: Offline model-based optimisation pipeline.
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This chapter describes the different components of our proposed method
as illustrated in Figure 16. The generic optimisation framework is described
first, followed by a description of the motion capture and modelling process
(B-C), the estimation of the human controls (D), and the controller objectives
and constraints that can be used (E-F). Two methods for solving the generic
optimisation problem are then discussed (G). In the first instance, a case is
discussed where the unconstrained optimisation problem is addressed. This is
the case where a controller structure is not imposed through the constraints,
and the decision variables consist of purely the controls of the robot. In
the second instance, a case is discussed where an impedance controller is
considered, and thus a more constrained optimisation problem is solved to
obtain the optimal controller parameters for the impedance controller. The
optimisation of the impedance controller is then verified in simulation and

experimentally.

3.2 GENERALISED PROBLEM FORMULATION

The aim of our model-based optimisation framework is to minimise a set of
(rehabilitation) objectives, C, given a model of the combined human-robot
system, S, in order to obtain a set of personalised controller parameters, P*.
This can be expressed as a multi-objective optimisation problem with equality,

g(+) = 0, and inequality constraints, h(-) > 0, in the following generalised

form:
N
ml)in; w;C;(S) (5)
g(xu) =0, (6)
h(x,u) > 0, (7)
X~ <x<xT, (8)
u <u<ut, (9)

where w represents the weight of the associated cost terms, for N number of
costs. u is the vector of controls of the human model and the robot model, and

x is the vector of states of the human-robot model, such as the joint positions
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and velocities. [x~,x"] and [u~,u™]| are the lower and upper bounds of the

model’s states and controls, respectively.

3.3 OPTIMISATION PIPELINE

As shown in Figure 16, the proposed optimisation pipeline involves the con-
struction of a personalised human-robot model and a human behaviour model
based on motion capture and the technical specifications of the robot. Using
these models, the optimal robot controls are obtained, which can be used
for the tuning of the respective rehabilitation controller. In this section, this
pipeline is presented, starting from the construction of a personalised human-
robot model, moving onto the estimation of human behaviour, the definition
of the appropriate controller objectives and constraints, the selection of the

optimisation method and the tuning of the real-time robot controller.

3.3.1 Human model scaling

With the use of musculoskeletal modelling software, such as OpenSim and
AnyBody, a personalised human-robot model can be constructed [152], [295].
These platforms offer detailed musculoskeletal models with variable levels of
complexity that can be adjusted to reflect the physical properties of the human
(see section 2.4).

For this study, the generic OpenSim model, gait1018, was used (section 2.4).
The generic model was adjusted to allow hip adduction and abduction, and
was scaled using motion capture (Figure 16B). A static pose of the human was
recorded and OpenSim’s scaling tool was used to scale the model’s geometry
and inertial properties using measurement-based scaling (Appendix A). To do
this, marker pairs placed on bony landmarks, were defined for each segment
of the body in order to compute the x-y-z scale factors for the corresponding
segments (Figure 6). At the same time, a marker adjustment process was
carried out. For this, a weight was assigned to each marker in order to indicate
the confidence level of the marker’s relative position on the model with respect
to its real position on the human. Using these weights, the marker positions
of the tracking markers were adjusted using OpenSim’s inverse kinematics

optimisation pipeline (Appendix B) in order to minimise the error between
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the virtual model markers and the experimental markers. The accuracy of the
scaled model was evaluated using OpenSim’s graphical user interface (GUI),
where the model’s joint coordinates were reviewed as well as the mean and
maximum root-mean-squared error (RMSE) achieved by the marker adjustment

process.

3.3.2 Human-robot modelling

This adjusted human model can then be combined with the model of the
robot in order to create a personalised human-robot model (Figure 16C). This
involves the adjustment of the robot’s configuration in order to align with
the human pose, and the modelling of the interaction forces between the
human and the robot. The coupled dynamics of this model are a fundamental

constraint of the optimisation problem (Equation 6) and are expressed as:

My (@) + Cu@,8) + Gula) = 7t 7+ L@ (o
im

where q, q, § € R" are the generalised joint positions, velocities and acceler-
ations of the model, respectively. My, (q) € R"*" is the mass matrix of the
human-robot model, Cj,(q,q) € R" is the vector of Coriolis and centrifugal
forces, and Gy, (q) € R”" is the vector of gravitational forces for a system
with n degrees of freedom (DOFs). 13, € IR"” represents the human’s voluntarily
generated joint torques and 7, € IR” are the assistive forces provided by the
robotic device. ] € R®*" is the system’s Jacobian and f.y; € R® represents
any external force or torque that may be applied to either the robot or the
human model, including forces due to the human-robot interaction and ground
reaction forces.

For this study, the exoskeleton’s position and orientation were first adjusted
in the frontal plane, and the exoskeleton’s hip joint centre was aligned with
the hip joint centre of the human model in the sagittal plane. With the hip
joints aligned, the length of the exoskeleton’s limbs was adjusted sequentially
from top to bottom in order to achieve a good alignment between the rest
of the joints of the two models. This exoskeleton adjustment was performed
according to the constraints imposed by the hardware, and the fitness of

the final human-robot model was evaluated using OpenSim’s GUI. For the
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interactions at the points of contact, linear bushing forces were used. These
are translational and rotational triaxial springs and dampers that can model
force transmission losses due to skin and muscle elasticity. These forces were
placed at the torso, the thighs (lower and upper thigh strap), the shanks (lower
and upper shank strap), and the feet (heel contact and foot strap). The stiffness
of the bushing forces was selected using OpenSim’s GUI to ensure a firm
contact between the exoskeleton model and the human model. The values
of the bushing forces chosen for the different contact points are presented in
Table 2.

Table 2: Stiffness of translational (x, y, z) and rotational (0, ¢, ) bushing forces for
the modelling of human-robot contact, where K and B are the stiffness and
damping coefficients, respectively.

Bushing force properties Torso Thighs, Shanks & Feet
[Ky Ky K]
0 40 40 10 10 10

(N ) [40 40 40] [ ]

[Bx By B.] [0.2 0.2 0.2] [0.1 0.1 0.1]
(kN/m/s)

[Ko K¢ Ky] [111] [0.1 0.1 0.1]
(kN/rad)
[Bo By Byl [0.03 0.03 0.03] [0.01 0.01 0.01]
(kN/rad/s)

Lastly, to reduce computational demands and speed up the convergence of
optimisation, the model’s muscles were replaced by ideal joint actuators. The
upper and lower limits of the joint actuators were defined based on the values

reported in [296]-[298].

3.3.3 Human controls estimation

In the context of human-robot collaboration, human behaviour becomes a
primary contributor to task completion. Contrary to other scenarios of human-
robot interaction where human behaviour may be considered a disturbance,
here it is increasingly important to recognise it as a central element in the

collaborative dynamics. Therefore, for the model-based optimisation of the

40 OFFLINE MODEL-BASED OPTIMISATION



Figure 17: Creating a human-robot model based on the recorded posture of the human
and the robotic description file of the exoskeleton.

robot controller, a reliable model of the human behaviour, 73, is required
(Figure 16D). In many cases, human behaviour has been characterised by a
combination of feedforward and feedback processes with both long-term and
short-term adaptations [299]-[302]. Computational models that describe the
adaptation of human motor control in environments with high uncertainty
and environments with predictable external perturbations have been proposed
in [303]-[305], while efforts have been made to also capture human behaviour
during gait and sit-to-stand using inverse optimal control [306]-[309].

For this study, a feedforward model was used (Figure 16D). To do this,
the motion of the human was recorded while performing the desired task
(see section 3.4.1), and while wearing the exoskeleton in transparent mode,
(7 = 0). Five consecutive cycles were extracted from the recorded data and
a proportional-derivative (PD) controller was used at the joints of the human
model, in a forward dynamics analysis, to estimate the human joint torques that
are necessary to reproduce, in simulation, the recorded motion. This process
was carried out using the Residual Reduction Algorithm (RRA) available in
OpenSim (Appendix C). The obtained joint torques, 73, were then used as a
constraint in the optimisation pipeline to replace this human PD controller
(Equation 9), and form the feedforward human model. To prevent any biases
introduced from the short-term adaptation of the human, a training period

was prescribed prior to the data collection, and due to the short duration of
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the study, it was assumed that adaptation beyond the training phase will be
insignificant.

Parallel to this study, we also investigated the potential of inverse optimal
control for learning personalised human motion strategies [306]. This work, led
by Daniel F. N. Gordon, focused on the sit-to-stand task, and is based on the
assumption that human motion for a given task, as perceived by kinematic and
dynamic metrics, is governed by an objective function which aims to minimise
a set of biomechanical performance metrics, C. Based on this assumption,
personalised human motion strategies can be learnt using motion capture,
musculoskeletal modelling, and bi-level optimisation. At the lower level of this
optimisation, optimal control is used to carry out a predictive simulation of
the task, which is defined by a number of constraints and an objective function
consisting of the relevant weighted performance metrics, such as balance, energy
expenditure, joint loading and more. At the upper-level, optimal control is
used to obtain the relative magnitude of the weights, w, that need to be used
in the lower-level objective, such that the difference between the simulated
kinematics, x, and the experimentally observed kinematics, X, is minimised.

This process is summarised in Figure 18 and can be formally expressed as:

i=1

2
R 1 (T(&
min Y. W/o (}; x].(t) — x]'(t)> dt, (11)

stw <w<wT, (12)
min Y wxCilx(t), u(), (13)
’ k=1
s.t. g(x,u) =0, (14)
h(x,u) >0, (15)
X~ <x<x", (16)
u <u<u, (17)

where 7 is the number of observed motion samples, m is the number of degrees
of freedom observed during motion, T is the finite time horizon of motion,
[w™, wT] represent the lower and upper bounds of the weights, respectively,
and z is the number of lower-level objectives.

Using this method, a personalised set of weights can be obtained that

reflects the strategy adopted during motion. In [306] we also demonstrated that

42 OFFLINE MODEL-BASED OPTIMISATION



through inverse optimal control, changes in the human motion strategy due to
environmental changes, such as external forces applied to the human body or
the anticipation of external forces, can also be captured. Albeit computationally
expensive, this approach provides an alternative for the estimation of human
controls and could be used to learn personalised human motion strategies in

robot-assisted gait.
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Figure 18: Diagram of the inverse optimal control problem which can be solved
using bi-level optimisation to obtain personalised models of human motion
strategies.

3.3.4 Controller constraints and robot control model

Given the human-robot model and a model for the human behaviour, it is
then possible to identify in simulation the optimal robot behaviour, 7. To
do this, the appropriate constraints need to be defined. Firstly, the boundary
constraints are implemented. These include the upper and lower boundaries

of the assistance to be provided, u, and any limits that may be present in
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the states, x (i.e. range of motion) of the patient or the robot. These can be

expressed as inequality constraints:

X~ <x<x", (18)

u <u<u'. (19)

For this study, the range of motion of the exoskeleton was constrained to [-25°,
100°] for the hips, [0°, 100°] for the knees and [-25°,25°] for the ankles, the
joint torques for the hips and the knees of the exoskeleton were constrained to
[-40,+40]Nm and the joint torques for the human model were constrained as
described in section 3.3.2.

Additionally, a robot control model with the respective constraints can be
defined (Figure 16E). This would impose additional constraints regarding the
controller’s structure and /or limits (Equations 6-7). Unlike the upper and lower
safety boundaries of the states and controls, these constraints are optional,
since it is possible to solve the unconstrained optimisation problem without
such constraints, from which the optimal controller structure or appropriate

limits may be inferred. These cases are discussed in more detail in sections

3.4.2 and 3.4.3.
3.3.5 Objective

For the optimisation of rehabilitation controllers that provide assistance as
needed, a fine balance between two objectives is needed (Equation 5). These
include the amount of assistance provided to the patient and a performance
metric that describes their ability to accurately complete the desired task with
the provided assistance (Figure 16F). In the case where robotic assistance is
provided, u,, and the desired task involves the tracking of a desired kinematic
trajectory, this can be expressed as:

w L (ufTuy) w2 Yili€f

BT O N-1 L N

(20)
where w; and w; are the weights of the two costs, € is the kinematic tracking

error, P is the vector of decision variables, I is the identity matrix, N is the

number of time steps for the completion of the task and | is a scaling factor. The
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scaling factor is used to normalise the cost terms to the maximum exoskeleton
assistance and the maximum expected trajectory error, respectively, such that
the magnitude of the two costs is comparable. Similarly, N is used to normalise
the two cost terms to the length of the simulated cycles and w is used to adjust

the relative importance of the two normalised costs.

3.3.6 Forward dynamics

Using the human-robot model, the expected human joint torques, and the con-
straints implemented due to the robot controller, forward dynamics simulations
can be carried out to obtain the robot behaviour that minimises the desired
cost. Using forward dynamics, the kinematics of the human-exoskeleton model

can be predicted for different levels of assistance as follows:

q=M, (q)(m+ 7 +J(q) fext — Cir(q,q) — Gur(q)). (21)

Based on this predicted trajectory, the objective function value can be obtained

(Equation 20) and the optimal robot behaviour can be calculated.

3.3.7 Optimisation

The described optimisation problem can be solved in a number of ways.
Optimal control methods such as model predictive control (MPC) could be
used to obtain the optimal exoskeleton controls to assist with gait. However,
implementing such a real-time controller in practise would be extremely
challenging due to high computational demands. Yet, the outputs of the offline
optimisation could be used to design a surrogate controller. By identifying the
appropriate control models, simple state-feedback controllers can be derived
from the outputs of the offline optimisation to approximate the behaviour of
the optimal controller. An alternative is to further constrain this problem by
including a robot control model in the problem constraints and solve for the
open parameters of the robot controller. For this, gradient-free optimisation
methods such as Bayesian optimisation, surrogate optimisation or genetic

algorithms can be used.
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Next, two methods for solving the generic optimisation problem are dis-
cussed. In the first instance, a case is discussed where the unconstrained
optimisation problem is addressed using MPC. This is the case where a control-
ler structure is not imposed through the constraints and the decision variables
consist of purely the controls of the robot. In the second instance, a case is
discussed where an impedance controller is considered, and thus a more
constrained optimisation problem is solved to obtain the optimal controller
parameters for the impedance controller. These cases are demonstrated using

concepts from path control as described below.

3.4 CASE STUDY: PERSONALISED PATH CONTROL

For the verification of the proposed pipeline, we rely on the principles of the
assist-as-needed controller, path control [216] (see section 2.6.1). For this, a
reference path, Q,.r € R"*2, is defined in joint space, which describes the
desired relationship between the hip joint and the knee joint in the sagittal
plane. This reference path is defined using the kinematic data collected from a
healthy subject and is adapted to a path with less pronounce loading response,
including a deadband with a radius of 2 degrees (Figure 19)". Following the
principles of path control, the reference point on the reference path, q,.f € R?,
is dynamically defined based on the pose of the human, qg, from which the
trajectory tracking error, Aq, can be obtained. As a result, common to the two
cases described below for the verification of the proposed pipeline, are the
path control constraints regarding the time-independent definition of trajectory

tracking error. These constraints are expressed as:

AQ = qref — Gact, (22)
(0, |A17(j)| < Tdb,

Ag) = AFD —rqy, AGU) > 1y, forj=1,2 (23)
857 + rap, AF < —ra.

This reference path is used as a means of verifying the optimisation procedures proposed
and it is not implied that this path is in any way ideal for all or any of the participants of the
following experiments. Identifying a suitable reference path, or the optimal reference path if
one exists, for a person or group of people, with or without neurological disease, is still an
open research question which extends beyond the focus of this thesis [310], [311].
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Figure 19: Illustration of the reference kinematic path, Q,f, surrounded by a deadband
and an example of the mapping between the pose of the human, qact, and
the reference point, qyef.

3.4.1 Simulation & experimental setup

For this study a 12-camera Vicon system was used for the recording of the hu-
man posture, which was used for the scaling of the human model (see sections
2.3-2.4). The open-source software, OpenSim, was used for the modelling of
the human-robot system where the intertial properties of the exoskeleton, Exo-
H3, were used (section 2.6.1). To carry out dynamic simulations, an interface
between OpenSim and MATLAB was used. Ideal exoskeleton actuators were
assumed, (7 = u,), and motion was analysed in the sagittal plane. To reduce
the computational demands of the optimisation, and uncertainty involved with
the optimisation of balance, a unilateral tracking task was considered and a
human model with ideal joint actuators was used, where the model was pinned
at the pelvis and contact with the ground was prevented. These conditions
were also matched during the experimental study, where the participants were
asked to perform a trajectory tracking task with their right leg, while their
left leg was used to support their weight on an elevated platform (Figure 26a).
Side rails were provided to help the participants maintain their balance, and
the exoskeleton Exo-H3 (Technaid, Spain) was used to provide assistance. The
exoskeleton’s joint position sensors were used to record the joint angles of the
legs and provide real-time visual feedback to the user. Simulink Desktop Real

Time was used for the real-time control of the exoskeleton at 100 Hz.
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3.4.2 Solving the unconstrained problem

To demonstrate the ability of the proposed method to find the optimal control
actions, uy, for a given human-robot model and human behaviour model, a
simulation pipeline was implemented to first solve the unconstrained problem.
By solving the unconstrained problem, personalised surrogate controllers, H,,
can potentially be learnt based on the outputs of the optimiser. Given a model
of the patient, P, and a model of the rehabilitation robot, R, the aim is to obtain
the optimal behaviour of the robot, u;, that will minimise a set of rehabilitation

costs, C. This can be expressed as:

Hy = ¢(uy), (24)
u; = argmin f(P,R,C, ug), (25)
u
where ¢(-) and f(-) are generalised functions.

For this case, the generalised function, f(-), involves the objective function
described by equation 20, the dynamic model of the human and the robot
(equation 10), with their respective boundary constraints (equations 18-19), and
the path control constraints as described by equations 22-23. This is referred to
as the “unconstrained” problem where a robot control model is not explicitly
defined and can be expressed as:

w L (u]Tuy,) L W2 Ly 0q/1Ag;

W N-1 I N

n .
s.t. Mhr(q)q + Chr(q/ q) + Ghr(q) =T+ T+ Zl(q)?félx)t' (27)
i=1

(26)

Aq = Qref — Gact, (28)
((), 1AG)| < g,

AqV) = AGV —rap,  AGY) > rgy, forj=1,2 (29)
ATV +ra, MGV < —rap,

X <x< x+, (30)

u <u<u'. (31)
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In simulation, where computational constraints are less relevant for the control
of the exoskeleton, this can be solved using optimal control methods. The
outputs of the offline optimisation can then be used to construct a surrogate
controller that will satisfy any computational constraints.

Here, we demonstrate how MPC with a finite time horizon can be used to
calculate the optimal robot controls for a given model behaviour in order to
provide assistance as needed and guide the model towards the reference path.
Using a finite difference method, OpenSim’s integrator was used to predict
the future trajectory of the human-robot model for different levels of robot
assistance.

In this case, a healthy subject was fitted with the exoskeleton and was
asked to follow the kinematic path shown in Figure 19. The exoskeleton was
controlled by a compliant/transparent controller (7 = 0) and the kinematic
trajectory of the subject was recorded using the exoskeleton’s joint sensors. A
cycle of the recorded trajectory was used for the analysis and for the calculation
of the actions of the human model (Figure 20a). The recorded trajectory was
also scaled to observe the outputs of the optimiser to a human behaviour that

results in a higher tracking error (Figure 20b).
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Figure 20: (a) Recorded gait cycle (dashed line) compared to the reference path (solid
line). (b) Scaled gait cycle used in simulation.

Simulation results

Figure 21 shows the results obtained from the offline optimisation using
MPC. It can be seen that with very small assistive forces, mostly within the
range of [-10,10]Nm, the exoskeleton can support the motion of the model,
such that the kinematic tracking error is substantially reduced. It can also be
noticed, that for the hip joint, a linear relationship between the joint angle

error and the assistance provided by the robot may explain the optimal policy
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calculated by the model-based optimisation, especially in the case where the
modelled human behaviour leads to higher tracking error (Figure 21b). This
may indicate, that at least for the hip joint, a proportional control law may be
a good surrogate controller to provide assistance as needed in a near optimal
way. However, the relationship between the knee joint error and the assistance
at the knee is less linear. This may be due to the relative magnitude of the
weights in the objective function, the magnitude of the human controls at the
two joints, and the ability of the optimiser to prevent future states of high error

by exploiting the model’s dynamics.
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Figure 21: Providing assistance as needed using MPC in simulation. The predicted
trajectory with and without assistance is plotted against the reference path,
and the optimal assistive forces for each joint are plotted against the tracking
error for each joint: (a) for a human model whose unassisted trajectory
results in low tracking error and (b) for a human model whose unassisted
trajectory results in high tracking error.

One way to obtain this surrogate controller when a relationship between the
optimal asssitive forces and the model state is not clear, is through data-driven
methods. Using artificial neural networks, the optimal assistive forces obtained
from the MPC can potentially be learnt as a non-linear function of a number

of features. By using as inputs the kinematic tracking error of the hip joint
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and the knee joint, as well as the rate of change of this error, a neural network
can be trained to predict the optimal assistive forces that are generated by
the MPC. Figure 22 shows the predicted trajectory obtained when MPC is used,
overlayed by the trajectory obtained when a neural network trained on 80%
of the outputs of the MPC is used. It can be seen that the two are well aligned
indicating that the neural network can create a surrogate controller of the MPC
through a non-linear combination of the joint errors and the rate of change of
the joint errors. However, in the absence of an analytical dynamic model, this
process is computationally expensive, making its implementation in real life
harder, and offers limited safety guarantees. For these reasons the optimisation

of a more constrained problem was investigated.
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Figure 22: Providing assistance as needed using both MPC in simulation (red line)
and a MPC-based NN (blue line). The output trajectories can be compared
to the reference path (solid black line) and the unassisted trajectory of the
human model (dotted black line).

3.4.3 Solving the constrained problem

Further to the constraints imposed by the human-robot model and the human
behaviour model, constraints regarding the robot control model can be imposed
if a specific controller structure is desired. This can help simplify the problem
in order to speed up the optimisation process and lead to the optimisation of
a controller which can be more reliable and predictable. In the case of path

control, the desired controller structure may be the structure of an impedance
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controller (section 2.6.1). As such, a PD controller can be used to ensure that
assistive forces are provided by the exoskeleton in order to guide the user
closer to the reference path based on the true joint angle error, Aq (equation

23). This can be expressed as:

7 = KAq + BAq, (32)
B - CC}’\/K/ (33)

where K and B are the joint stiffness and damping matrices of the exoskeleton’s
joints, and ¢, is the matrix of the critical damping coefficients. As a result,
the open parameters for the given controller and the decision variables, P, of
the optimisation problem (Equation 5), consist of two parameters: the robot
stiffness at the hip joint, K}, and the knee joint, Kj.

To solve this problem using OpenSim, where the analytical form of the dy-
namics is not available, gradient-free optimisation was used. For this purpose
Bayesian optimisation, bayesopt [312], and surragote optimisation, surrogateopt
[313], were used (Figure 16G). Bayesopt and surrogateopt are global solvers avail-
able in MATLAB, which are designed for computationally expensive functions
that may not be smooth. Given finite bounds on the decision variables, the
optimisers explore the unknown optimisation landscape, using an acquisition
function or radial basis functions, respectively, to create a surrogate model of
the unknown function. After a predefined number of iterations, or time, this
process terminates and the arguments of the minimum observed point are
provided. The following pseudocode describes the way this optimisation pro-
cess was carried out for the personalisation of the exoskeleton’s rehabilitation

controller:

Algorithm 1 Pseudocode for offline controller optimisation
Require: 0 <w <1

1 S+ {};, N« 150;i+ 1

2: whilei7 < N do

3: K; < gradient_free_opt(S, x)

4 q < forward_dynamics(7y, K;)

5 O; < objective_fcn_value(Aq, u,, w)
6: S « {S,‘ [Ki,Oi]}

7: i+—i+1

8: end while

9: K* «<— S such that O* = min S
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At a first instance, Bayesian optimisation was used, and a series of simu-
lations were carried out to observe the ability of the proposed optimisation
pipeline to converge to a set of exoskeleton stiffnesses that will minimise
the objective function. These include: (1) simulations where variation in the
strength of the model is considered, (2) simulations where variation in the
model mass is considered, and (3) simulations where variation in the model’s
actions is considered. Lastly, the effect of adjusting the relative weights of the
objective function costs is presented in order to highlight the ability of the
proposed method to provide personalised controller parameters that reflect
the relative importance of the different rehabilitation tasks. The output of
these simulations is the value of the personalised exoskeleton stiffness for
the impedance controller (equation 32). The personalised controller is then
used to assist the human model and three metrics are used to evaluate the
ability of the controller to provide assistance as needed: the normalised mean
squared value of the trajectory error, hereafter referred to as the error metric,
Ce, the normalised mean squared value of the exoskeleton assistance, hereafter
referred to as the assistance metric, C,;, and their weighted sum, as described
by equation 20, which is referred to as the total cost, Ct. These values are
compared to the corresponding values obtained when a baseline stiffness of
magnitude K = [340, 340] Nm/rad is used [314]. For this case, the behaviour
of the human model was obtained based on the trajectory shown in Figure

20a.

Simulation results

Here we demonstrate how variations in the user’s musculoskeletal properties
may affect the outputs of the model-based optimisation and how they compare

to the outputs obtained from a baseline controller.

VARIATION IN STRENGTH  This experiment simulates the effects of weak-
ness, which may be the result of neurological injury. It is expected that muscle
weakness due to neurological disease will result in inadequate range of motion
and thus higher assistive forces will be needed. Yet, the exoskeleton stiffness
of an impedance controller that will keep the objective function value to a
minimum is unknown. To investigate this, muscle weakness was simulated

as a decrease in the maximum joint torque the model can generate, which
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Figure 23: Results from the simulation experiments. The dependent variables include
the optimal exoskeleton stiffness, the error metric, the assistance metric and
the total rehabilitation metric, while the independent variables include (a)
the model’s strength, (b) the model’s mass, (c) the model’s actions and (d)
the relative weights of the two costs.

results in the scaling of the input human controls, 73,. Forward dynamics
simulations were carried out for the cases where the model’s maximum joint
torque was scaled by 25%, 50%, 75% and 100%. Figure 23a shows how the
optimal exoskeleton stiffness and the three rehabilitation metrics change as the
model strength changes.

It can be seen that as the strength of the model increases, the exoskeleton’s
stiffness for both the hip joint and the knee joint decreases. Compared to the
baseline stiffness, a higher knee stiffness and a lower hip stiffness appear to
result in a lower value for the total cost, Ct. In all cases, it can be seen that the
value of Cr that results from the use of the personalised exoskeleton stiffness

is lower than the value of Ct achieved when the baseline stiffness is used.
VARIATION IN BODY MASS  This experiment simulates how variability in

human body weight may affect the outputs of the optimiser. It is expected that

as the mass of the patient increases, higher assistive forces will be needed to
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help them follow a reference kinematic path, however the way this is reflected
on the optimal exoskeleton stiffness and the value of the objective function
is unclear. To test this, the mass of the human-exoskeleton model was scaled
to simulate individuals of lower and higher body weight. The mass of the
model was scaled by 50%, 100%, 150%, and 200% and the human controls
required to generate the motion (Figure 20) based on the new model mass
were recomputed (section 3.3.3). The results from the optimisation using the
updated model and human controls can be seen in Figure 23b.

It can be seen that the value of the exoskeleton stiffness does not vary
notably with variations in the model’s mass. Yet, the value of the weighted
assistance, C,;, seems to proportionally increase as the mass of the model
increases, which suggests that higher assistive forces are required to correct
the motion of the model as the mass increases. It is also evident that the value
of the optimal exoskeleton stiffness is different to the baseline stiffness. An
impedance controller with higher knee stiffness and lower hip stiffness than
the baseline stiffness appears to result in a lower tracking error, C,, and a lower

overall cost, Cr, for all cases.

VARIATION IN HUMAN BEHAVIOUR  This experiment simulates how vari-
ability in human controls may affect the outputs of the optimiser. Each person
has a unique kinematic pattern when they walk which is reflected in the joint
torques they generate. It is expected that the closest the kinematic trajectory
of the patient is to the reference path, the lower the required assistance will
be. However, it is not clear how the stiffness of the rehabilitation technology
may need to be adjusted at the different joints given an increased trajectory
error in either, or all the dimensions of the trajectory. In these simulations,
the kinematic trajectory of the motion (Figure 20), was scaled by 50%, 100%,
150%, and 200% in the direction of the hip motion and the corresponding joint
torques were obtained using the human control estimation method described
in section 3.3.3. The results of the optimisation are presented in Figure 23c.
Figure 24a illustrates the resultant kinematic trajectory when the hip range
of motion is scaled by 50% and Figure 24b presents how the RMSE of the
unassisted, scaled trajectory varies over the different model actions.

From Figure 23c it can be seen that the value of the optimal exoskeleton
stiffness varies substantially over the different model actions. By comparing

the variability of the optimal exoskeleton stiffness to the RMSE of the unassisted
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Figure 24: (a) The resultant kinematic trajectory that corresponds to the scaled version
of the recorded motion when the range of motion of the hips is scaled by
50%. (b) RMSE of the hip and knee joint for the unassisted scaled trajectory.

trajectories, it is evident that the optimal exoskeleton stiffness changes accord-
ing to the trajectory error generated by the different model actions. It can be
seen that as the RMSE increases, so does the optimal exoskeleton stiffness. In
all cases, it is obvious that the value of both the error metric, C,., and the total
cost, Ct, are lower when the optimal exoskeleton stiffness is used compared to

when the baseline stiffness is used.

PRIORITISING REHABILITATION TASKS  Depending on the severity of the
injury and the patient’s residual strength, different levels of assistance may
be desired. By changing the weights of the costs in the objective function, the
relative importance of the different rehabilitation tasks can be adjusted. It is
expected that as the relative weight of the trajectory error cost is increased,
the optimal exoskeleton stiffness will also increase. Figure 23d shows how the
absolute value of the exoskeleton’s stiffness, and the total cost, Ct, change when
the weights of the objective function are adjusted to progressively prioritise
the controller’s goal of achieving accurate trajectory tracking, starting from left
to right.

It can be seen that as the weight related to the trajectory tracking error
increases, the optimal exoskeleton stiffness increases for both the hip joint
and the knee joint. In all cases, the value of the total cost, Cr, is lower when
the optimal exoskeleton stiffness is used. It can be noticed that in all cases,
the value of the weighted assistance, C,, is slightly higher when the optimal

stiffness is used, which results in a reduced tracking error, Ce.
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3.4.4 Experimental validation

To verify whether the benefits observed in simulation can be realised in real
life, an experimental study with eighteen healthy subjects was carried out. In
this case, in order to increase the potential improvements due to optimisation,
the search space of the optimisation was increased. This was implemented by
dividing the reference path into two phases based on the motion capture data
used to define the reference path. As a result, the reference path was divided
into the stance phase (ST), and the swing phase (SW), and a PD controller with

constant stiffness was used for each phase:
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Figure 25: Illustration of the dual-phase reference path, Q,.r, defined in joint space,
and an instance of the dynamic allocation of the reference point, q,, s based
on the pose of the human, qg.

Evaluation with healthy subjects

suBJECTS The effectiveness of this optimisation approach was studied
with the help of eighteen healthy volunteers (15 male, 3 female, age = 26
+ 4, weight = 74.6kg + 10.4kg). All participants were first-time users of a
wearable robot and had no prior knowledge of the task to be completed. The
experimental pipeline was approved by the University of Edinburgh, School of
Informatics Ethics Committee (ID 2021/46920) and all participants provided

written consent.
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EXPERIMENTAL SETUP  The participants were first fitted with reflective
markers, as explained in section 3.3.2, to enable the modelling of the human-
exoskeleton system. Once a scaled model was constructed, the markers were
removed and the participants were fitted with the exoskeleton. The exoskeleton
was adjusted to the dimensions of each participant to ensure a tight and
comfortable fit, and a good alignment between the joints of the exoskeleton and
the joints of the participant. While wearing the exoskeleton, the participants
were asked to perform a trajectory tracking task with their right leg, while
their left leg was used to support their weight on an elevated platform which
was used to avoid contact between the user’s right leg and the ground (Figure
26). Side rails were provided to help the participants maintain their balance.
This task was selected in order to reduce the computational demands of the

optimisation, and uncertainties involved with the optimisation of balance.

Pre-test training Experimental validation
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Visual feedback Randomised
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I:‘ Transparent

Optimised control
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Figure 26: (a) Data collection setup. Participant wearing the Exo-H3 exoskeleton and
performing a unilateral tracking task with the help of visual feedback. (b)
Experimental protocol including four phases of pre-test training with visual
feedback and the experimental validation where the baseline controller and
the optimised controller were tested in a randomised order.

Prior to recording the performance of the participants, a training period
was prescribed to allow the participants to get familiar with both the de-
sired task and the exoskeleton (Figure 26). This training period included four
phases complemented by visual feedback: (1) a position controlled exoskeleton
(Qexo(t) = qref(t)), (2) a transparent exoskeleton (7, = 0), (3) an assistive exo-
skeleton (7. # 0), and (4) a transparent exoskeleton again. Each training phase

lasted between 2-5 minutes, depending on the user’s confidence level. The
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visual feedback included a virtual image of the exoskeleton’s leg, as well as a
graphical representation of the reference kinematic path in joint space together
with the real-time pose of the exoskeleton and the corresponding reference
point (Figure 26). The visual queues were explained to the participants and
the participants were instructed to follow the reference path as accurately as
possible. After the training period, the visual feedback was removed in order to
prevent further learning of the task, and to capture the participant’s kinematics
reflecting the internal model of motor control constructed by the participant
during this period. The participants were then asked to repeat the task with
the exoskeleton in transparent mode and their motion was recorded. This
recorded motion was then used for the estimation of the human behaviour
model as explained in section 3.3.3. A total of ten cycles were performed by
each participant and a sample of five cycles was selected from the recorded
motion in order to reduce computational demands.

Based on this recorded motion, a personalised exoskeleton stiffness was
obtained for each participant through offline model-based optimisation. In
this case, surrogateopt was used [313] (algorithm 1) to obtain the personalised
stiffness for each participant. The obtained stiffness was used to adjust the
controller of the exoskeleton and the participants were asked to perform the
desired task, while wearing the exoskeleton in assistive mode. Their perform-
ance while using the exoskeleton with both their personalised stiffness and a
baseline stiffness was recorded and analysed. The baseline stiffness was set to
340Nm/rad which is in line with the stiffness used in [314] and approximately
half of the maximum stiffness used in [216]. The order at which the parti-
cipants experienced the baseline controller and the optimised controller was
randomised. The metrics used to verify the effectiveness of the optimisation
approach included the kinematic tracking error of the participants, the level of
assistance they received, and the weighted sum of the two, which formed the
objective function of our optimisation problem (Equation 20). At the end of
the experiment the participants were asked to perform the task while wearing
the exoskeleton in transparent mode once again. This was done to assess any
changes that may have occurred during the experiment in the behaviour of
the participants, and test the validity of our previous assumption that the
participants” behaviour will not significantly change during the experiment

beyond the training phase.
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ANALYSIS  Given the recorded motion of the participants, paired-samples t-
tests were used to test for statistical significance in performance changes across
the group of participants and within participants. To test for normality in the
data, Shapiro Wilk tests were carried out. The null hypothesis tested was that
the performance of the participants using the exoskeleton with the baseline
stiffness has the same distribution as the performance of the participants using
the exoskeleton with the optimised stiffness. The median and the interquartile
range (IQR) of the two distributions were calculated to identify any outliers
based on the 1.5IQR rule. To quantify the variability in performance among
individuals and within individuals the standard deviation and the coefficient
of variation (CV) was used. Similarly, paired-samples t-tests were used to
check whether the behaviour of the participants when using the exoskeleton in
transparent mode changed significantly beyond the training phase. A statistical
analysis was not carried for the simulation results since an infinite number of
repetitions can be carried out in simulation which will affect the outcome of

the statistical analysis.

Simulation results

Figure 27 shows the resultant stiffness obtained for each participant from the
offline optimisation for the two phases of the cycle. It can be seen that a wide
range of stiffness outputs were obtained for the different participants, ranging
from 20 Nm/rad (almost no assistance), to 560 Nm/rad, which corresponds to
a stiff exoskeleton. It can be observed that, for the given task, the stiffness for
both the hip joint and the knee joint, for the ST phase, are almost always lower
than the stiffness of the two joints during the SW phase.

Similarly, Figure 28a shows the kinematic error and exoskeleton assistance
that correspond to each participant as predicted in simulation using these
optimal exoskeleton stiffnesses®. It can be seen that in all cases, the offline
optimisation can find an exoskeleton stiffness for the hip and the knee joints
that can reduce the weighted sum of the overall tracking error of the model
and the assistance provided by the exoskeleton. This consistent improvement
that is predicted for the objective function value, predicts a mean improvement
of approximately 30.4% (Figure 29a) in the controller’s ability to provide

assistance as needed.

Error bars on Figure 28a are not provided since different number of repetitions can be carried
out in simulation which will affect the results.
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Figure 27: Personalised stiffness obtained for each participant for the two phases of
the cycle for both the hip joint and the knee joint of the exoskeleton.

With the exception of S11, the obtained exoskeleton stiffness is expected to
reduce both the tracking error and the levels of assistance provided. For S11, a
very low stiffness was obtained for the hip joint (Figure 27), for both phases of
the cycle, with a relatively high stiffness of the knee during the swing phase.
This is expected to result in a slightly higher tracking error but significantly
lower assistive forces from the exoskeleton (Figure 28a). With respect to the
expected performance of the rest of the participants, the expected performance
of S11 using the baseline stiffness is considered an outlier based on the 1.5
IOR value (Figure 29a). However, when the optimised stiffness is used, the
expected performance of S11 lies within the 1.5 IQR value and is no longer

considered an outlier (Figure 29b).

Experimental results

TASK PERFORMANCE  Once the optimised exoskeleton stiffness was ob-
tained for each participant, the participants tested the exoskeleton’s controller
with both the baseline stiffness and the optimised stiffness in a randomised
order. Their ability to follow the desired kinematic path and the levels of
assistance they received from the exoskeleton are presented in Figure 28b. In
contrast to the idealised simulation environment, during the experimental
validation of the proposed offline optimisation method, not all participants
performed better with the optimised exoskeleton stiffness. While for some

participants the optimised exoskeleton stiffness resulted in a significant im-
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Figure 28: (a) Simulation results, (b) Experimental results obtained when assistance
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from the exoskeleton was provided using the baseline controller, B, and the
optimised controller, O, for the total number of cycles performed during
testing. Error bars denote standard error. Statistical significance denoted
with asterisks *P<o0.05, *P<o0.01.
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provement in performance, as recorded by their performance per cycle, such as
S1, S4, S8, S10, S12, and S16, for some participants it had no significant effect
(S2, S6, Sy, S9, S13, S17, and S18), whereas for some it resulted in significantly
worse performance (S3, S5, S11, S14 and S15). As a result, the effect of offline

optimisation on the performance of the 18 subjects is not statistically significant.
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Figure 29: (a) Distribution of the expected objective function value (simulation results),

(b) Distribution of the experimentally measured objective function value
(experimental results).

Throughout the experiment, some participants experienced difficulty in com-
pleting some cycles. These events led to an increased and sustained trajectory
tracking error and assistance from the exoskeleton. This was in turn reflected
in their performance as an increase in the recorded objective function value.
The frequency of these events was recorded by calculating any outliers in the
performance of the participants as recorded per cycle. 19 such events were
observed when participants used the baseline controller, and 9 such event were

observed when participants used the optimised controller. Even though cycles
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where such an event occurred may seem as outliers, it is unclear whether these
events are independent from the choice of exoskeleton stiffness. These events
were therefore not excluded from the analysis. This helps to better understand
the results presented in Figure 29 and cases, such as S13 and S17 that may seem
significantly different when in fact they are not. For reference, the performance
of subjects S10, S13 and S17, as recorded per cycle, is presented on Figure 30.
Three cycles of high objective function value can be observed for S13 and one
such cycle can be observed for S17 when the baseline controller is used (Figure
30a). In contrast, more consistent results were obtained for these subjects when

the optimised stiffness was used (Figure 30b).
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Figure 30: The performance of subjects S10, S13, S17 as recorded per cycle when (a)
using the baseline controller and (b) the optimised controller.

It is also interesting to note that for some participants, the optimised stiff-
ness that they experienced was very similar to the baseline stiffness of the
exoskeleton, yet their performance was significantly different (S3, S5). In fact,
the performance of S3 with the optimised stiffness was worse than the perform-

ance of all other participants, which may be considered an outlier according
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to the 1.5 IOR value (Figure 29b). This suggests that the performance of each
participant may not be entirely dependent on the stiffness of the exoskeleton
controller but other exogenous parameters too. These may include some form
of motor learning or the participant’s levels of concentration and fatigue.

To quantify this variability in performance among individuals, and within
individuals, the standard deviation and the CV was calculated (CV = o/ u) for
their performance during the assistive trials. A standard deviation of 0.059
and 0.071 and a CV of 0.60 and 0.56 was obtained for the performance of the
participants while using the baseline controller and the optimised controller,
respectively. This high value of CV indicates a high inter-personal variability,
where the standard deviation is more than half the average performance of
the participants. Similarly, the standard deviation and the CV were calculated
for the performance of each participant independently and as it was recorded
per cycle during the assistive trials. The standard deviation of the participants’
performance and the corresponding CV using the two controllers ranged from
0.019-0.077 and 0.17-0.83, respectively. This indicates that some participants
performed more consistently than others, while some participants had signi-
ficant variations in their motor commands during the execution of the task,
which were independent of the controller used. For reference, Figure 31 shows
the performance of two individuals with similar performance, as quantified
by their ability to follow the reference path, but with different variability in
performance. When this variation in performance is compared to the expected
30% improvement due to the optimisation of the controller parameters as
observed in the results obtained in simulation, a low signal-to-noise ratio can
be noticed.
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Figure 31: Recorded motion of two participant with similar performance, as quantified
by their ability to follow the reference path while wearing the exoskeleton
in assistive mode. (a) The recorded motion of a participant who had less
variable movement (S5), (b) The recorded motion of a participant who had
more variable movement (S11).
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TASK LEARNING VARIABILITY After the participants experienced the exo-
skeleton’s assistive controllers, they were asked to perform the task with the
exoskeleton in transparent mode once again. This was to investigate any be-
haviour changes that may have occurred during the experiment and test the
validity of our assumption that the behaviour of the participants will not
significantly change beyond the training phase. The results can be seen in
Figure 32. While the performance of some individuals was observed to sig-
nificantly change, the change in the overall performance of the participants
as a group was not statistically significant. A high variance is also noticeable
reflecting the fact that some participants were able to more accurately track the
reference path than others. This again may be a result of external factors such
as concentration, fatigue and potentially even some motor learning, affecting

the behaviour of the participants.
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Figure 32: Kinematic tracking error of participants at the beginning of the experiment
and at the end of the experiment. Error bars denote standard error. Statistical
significance denoted with an asterisk for P<o0.05.

For reference, Figure 33 illustrates the recorded motion of two participants
before and after the experiment; one participant who had no evident change in
their motor commands (S2), and one participant who had a significant change
in their motor commands throughout the experiment (S11). It can be seen that
while initially both participants demonstrated an exaggerated hip flexion and

knee flexion during the SW phase, after approximately 5 minutes of testing,
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Figure 33: Recorded motion of two participants before and after the experiment while
wearing the exoskeleton in transparent mode. (a) The recorded motion of a
participant who had no significant improvement in their performance (S2),
(b) The recorded motion of a participant who had a significant improvement
in their performance (S11).

subject S2 had no obvious change in their kinematics, while subject S11 had
a significant decrease in their range of motion during the SW phase, which

more accurately follows the reference path.

3.5 DISCUSSION

Here, we presented an offline model-based approach for the design and optim-
isation of robotic controllers that focus on human-robot collaboration. Solving
this problem in simulation demonstrated that this approach can enable the
design of rehabilitation controllers which can be personalised to the patient’s
mass, residual strength and motion patterns. It is shown that for patients who
are more severely affected and suffer from muscle weakness, an impedance
controller with higher stiffness may be better at providing assistance as needed.
On the other hand, the patient’s weight does not appear to have an obvious im-
pact on the optimal controller stiffness. Moreover, depending on the patient’s
actions, a different stiffness may be required. It is shown that for patients
whose range of motion is either limited or exaggerated for one or more of their
joints, a unique set of exoskeleton stiffnesses for the hip joint and knee joint
may be required. Lastly, depending on which rehabilitation tasks need to be
prioritised, adjustments may need to be carried out on the hyperparameters of
the optimisation.

With the help of eighteen healthy participants, we also demonstrated how
this approach can be applied to the optimisation of a real-time exoskeleton

controller. Based on the musculoskeletal models of the participants, it is clear
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that a unique exoskeleton stiffness can be obtained for each participant that is
expected to improve their ability to follow the desired path more accurately,
and with less robotic assistance. This implies an improved ability to provide
assistance as needed in order promote patient-driven rehabilitation. During
our experimental validation, this improvement was not uniform across all the
participants. Inter- and intra-personal variability was evident. Performance
variability, especially among individuals whose personalised stiffness was sim-
ilar to the baseline stiffness, suggests that other factors such as concentration,
fatigue and motor learning ability may be influencing the results.

The accuracy of the proposed approach is dependent on the quality of the
models used. Accurately modelling an integrated human-exoskeleton system
can be challenging. Here, we considered the scaling of a generalised musculo-
skeletal model with ideal joint actuators to match the subjects” geometric and
inertial characteristics, and combined this model with the exoskeleton model,
Exo-H3, which was also modelled as an exoskeleton with ideal joint actuators,
generating torques that perfectly match the input torque commands. In this
case, modelling uncertainty could be reduced, for example by incorporating
into the model the muscle excitation and activation dynamics, the identified
maximum isometric force for the different muscle groups of the subject, the exo-
skeleton’s motor dynamics, and interaction torque losses between the human
and the exoskeleton. However, many of these parameters can be particularly
difficult to estimate, may require specialised equipment to measure and can
significantly increase computational demands.

One other way in which model uncertainty can be reduced, is through a
more accurate representation of the contact dynamics between human and
exoskeleton. In many studies, fixed contact points have been used [315], [316],
but this approach does not take into account force transmission losses and
may result in restricted motion in the presence of joint misalignment. In other
studies, kinematic constraints have been used [317]-[319]. This method avoids
constraints that may arise due to joint misalignment but may rely in unrealistic
interaction forces between the human and the exoskeleton. In this study, bush-
ing forces have been used at the interaction points between the human model
and the exoskeleton, which are a combination of translational and rotational
elastic and viscous forces (section 3.3.2). This allows for the use of plausible
human-exoskeleton interaction models, where factors such as transmission

losses and skin elasticity can be considered [320], [321]. However, an accurate
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value of the stiffness and the damping coefficient of these bushing forces is
hard to obtain. In [322], Serrancoli et al. proposed a method for estimating
human-exoskeleton contact forces, as well as ground contact forces in sit-to-
stand movements. Such calibration routines could improve the accuracy of the
human-exoskeleton models and the effectiveness of the controller optimisation.

One of the main challenges that may have also contributed to modelling
uncertainty, is the modelling of human behaviour. In this study, a feedforward
model of human behaviour was constructed based on the recorded motion of
the participants. A short sample of five cycles was selected from the recorded
motion and it was assumed that the human behaviour can be accurately
captured within these cycles. However, it is likely that movement variability
and the participants’ response to assistive controllers of varying stiffness have
challenged this assumption. It is expected that with a better estimation of the
human behaviour and movement variability, the improvements observed in
simulation will more closely match the observed improvements in real life.
One way to improve the estimation of human control is either through inverse
optimal control, as described in section 3.3.3, or through computational models
of motor control.

Computational models of human motor learning have been proposed in
[303]-[305] based on the ability of healthy people to adapt their strategy to
achieve a motor task in environments where disturbances are provided in the
form of either unpredictable perturbations or predictable force fields with or
without stochastic catch trials. These models describe how muscle activations
and limb stiffness can change in such environments. However, it is unknown
whether these models can capture the adaptation of human behaviour in the
presence of a predictable force field in a collaborative task. Emken et al. [170],
[323] used these computational models to describe the adaptive behaviour of
unimpaired participants when subjected to a virtual impairment in the form
of a robotic force field. Using an objective function that included an error
cost and an assistive cost, Emken et al., proceeded to analytically derive a
robotic controller that provides assistance as needed. This led to an error-based
adaptive controller that bounds kinematic errors and reduces its assistance as
the performance of the user improves [170]. This is different to the presented
framework where the emphasis is on optimising such controllers to the needs
of the user. In fact the approach adopted by Emken et al., provides another

example of where the presented framework could be useful to facilitate the
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optimisation of the open parameters of the adaptive controller with the help
of personalised musculoskeletal models.

Lastly, it is prudent to consider the usability and acceptance of the proposed
pipeline by all stakeholders. While the need for improved modelling accuracy
has been highlighted in order to improve the effectiveness of model-based
optimisation, the need for computational efficiency is equally as important to
facilitate its deployment in the real world. Compared to conventional robotic
interventions that are not personalised to the needs of the user, the proposed
pipeline may be able to lead to improved outcomes, but at the cost of a slightly
increased workload for both the operator and the patient. This is in order to
personalise the robotic controller to each patient. Given the already overloaded
schedule of healthcare providers, it is important to consider methods for
improving modelling accuracy through computationally efficient algorithms,
to then be able to investigate the usability and acceptance of model-based

optimisation through clinical experiments.

3.6 CONCLUSION

In this chapter we presented a framework for the design and optimisation
of personalised robotic controllers utilising musculoskeletal models. The pro-
posed method offers a means to reduce the reliance on extensive human-in-the-
loop testing and improve the collaboration between human and robot in order
to increase productivity, comfort, safety, and the functional outcomes of therapy.
Mlustrated through a case study focusing on a collaborative lower-limb task,
the presented simulation results highlight that the same controller parameters
may not be optimal for everyone and that with our proposed optimisation
pipeline, rehabilitation controllers can be designed and fine-tuned based on
the needs of the patient. We demonstrated that a different exoskeleton stiff-
ness may be needed in order to maximise the desired rehabilitation objectives
depending on the user’s residual strength, the user’s weight and the user’s
actions. We observed that the tuning of a robotic controller can indeed have a
significant impact on the ability of the robot to support the user. In the real
world, modelling uncertainty and exogenous effects such as concentration,
fatigue and interpersonal and intra-personal variability in motor control and

motor learning can partly inhibit the expected improvements. This further
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highlights the importance of methods that will more accurately capture these
interpersonal and intra-personal variations. Future studies that will contribute
towards our understanding of human behaviour and adaptive human motor
control in collaborative tasks with robots are needed. The presented study
thus constitutes a promising proof of concept laying the foundation for further
exploration into model-based approaches for the design and optimisation of
personalised human-robot collaboration. With improvements in the dynamics
modelling of human-robot interaction and human behaviour, this pipeline can
be used to design and optimise more complicated controllers for rehabilitation,

injury prevention and human augmentation.
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HUMAN-IN-THE-LOOP OPTIMISATION

4.1 INTRODUCTION

Human-in-the-loop optimisation (HILO) presents an alternative approach to
providing personalised assistance in gait. As the name suggests, this approach
considers the optimisation of the open parameters of robotic controllers, where
the human contributions are integrated into the system’s dynamics, and design
choices are driven by human-centric metrics. Consequently, the need for high-
precision musculoskeletal modelling reduces. This method leverages the cyclic
nature of gait, where adjustments to robot controllers are made iteratively
(Figure 34). Based on this continuous feedback loop, HILO tailors robotic

controllers in real time, providing finely tuned individualised assistance.
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Figure 34: A. Diagram of the HILO process B. A method for providing personalised
assistance in rehabilitation using the CMA evolution strategy (adapted from
[180]).

To date, HILO has been successful in adjusting the assistance provided by
wearable robots in order to reduce the metabolic cost of gait [180], [324],
[325], and increase the self-selected speed of walking [218], [326] in healthy
adults. Using one-degree of freedom (DOF) robots, studies have focused on the
optimisation of parameterised assistive torque profiles for mainly the hip joint
and the ankle joint. However, the effectiveness of HILO for the personalisation

of rehabilitation controllers has not been studied. It is hypothesised here
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that HILO could be used for the personalisation of the open parameters of
rehabilitation controllers in order to provide assistance as needed.

To carry out HILO, two main algorithms have been used: the Covariance Mat-
rix Adaptation Evolution Strategy (CMA-ES) and Bayesian optimisation. Both
methods, are sample-based derivative-free optimisation methods that search
for the global optimum within a constrained space. However, their underlying
assumptions differ which will likely affect the efficacy of HILO, particularly
when applied to gait training where time-dependent gait variability is expected
to be higher.

In Bayesian optimisation, a surrogate model of a continuous function is
constructed based on sampled observations. Using Gaussian process regres-
sion, the posterior probability distribution of the unknown function, f(x), is
iteratively updated, and is used to update the acquisition function, a(x). The
updated acquisition function is then used to compute the next best sample
point, x;, and this process repeats. After N number of observations, this pro-
cess terminates and the point where the value of f(x) is highest (or lowest)
is obtained. To do this, a common acquisition function used is the expected
improvement function, which balances exploration and exploitation. Using the
expected improvement acquisition function the next best sample point is com-
puted as the point with the highest expected quality and the highest posterior
standard deviation, based on the assumption that f(x) (given observations
Y1., at points x1.,) is normally distributed [312]. This implementation assumes
noise-free evaluations and a constant function f. However, when it comes to
HILO, where f represents the response of humans to an external force, some of
the assumptions may be violated. It is important when using Bayesian optim-
isation to incorporate methods for updating the acquisition function based on
realistic values for expected noise, and account for time-dependent changes in
human behaviour due to fatigue, concentration and/or motor learning, which
are often hard to predict.

In CMA-ES a stochastic search for the global optimum of an unknown func-
tion, f, is pursued iteratively through a series of generations, g. On every gen-
eration, A sample points, {x{ |k € N,1 < k < A}, are generated by sampling a
multivariate normal distribution with mean, m¢, and covariance, C8, and are
evaluated. Based on the observations, the new mean of the search distribution,
mét1 € R”, the new covariance matrix, C$71 € R"*", and the new step size,

o8+l € R., are updated, where 1 is the dimension of the search space. A step
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of size, 7, in a direction dictated by the sampled observations is performed, a
new sample population is generated around the new mean and this process is
repeated for G generations. This process does not assume that the unknown
function, f, is constant and does not prevent resampling of the same points,
which allows for any time-dependent changes in function f and noise in the
sampled observations to be captured.

Therefore, here we propose the personalisation of a lower-limb assist-as-
needed controller using HILO and the CMA-ES. Through an experimental study,
we observe the ability of HILO to adjust the open parameters of a gait training
controller in order to help the users accurately follow a predefined kinematic
path with minimal assistance. A continuous optimisation protocol is followed
over a multi-day trial as described in [324]. The preliminary results obtained

from six healthy subjects are presented and discussed.

4.2 HILO AND ASSISTANCE AS NEEDED

Results from our previous study (Chapter 3) showed that the choice of stiffness
of an impedance controller can have a 30% impact on the controller’s ability to
provide assistance as needed. However, obtaining the right stiffness for each
subject remains a challenge. In our model-based method, a bottleneck was
the estimation of human behaviour in a dynamic setting where the stiffness
of the exoskeleton controller changes. The benefit of HILO, is that the human
behaviour does not need to be estimated. On the contrary, in HILO the human
behaviour is observed and is a principal component of the optimisation process.

For this reason, here we propose the optimisation of the stiffness of an
impedance controller using HILO in order to provide assistance as needed. Fol-
lowing the principles of path control, as described in section 2.6.1, a reference
kinematic path is prescribed, a dead band is defined around the reference path
and an impedance controller is used to ensure the user’s trajectory stays close
to the reference. Iteratively, the stiffness of the hips and the knees of the two
legs is adjusted and a measure of the objective function value is obtained. With

the aim to provide assistance as needed, the objective function is defined as:

min — —
K ] N -1 J2 N 53

N—-1/..T
w1 Ei:1 (urquri) n @Ef\il Aq;'TIAqi + w3 i K, (35)
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where K includes the stiffness for the hip and the knee joints, u, is the exoskel-
eton assistance, I is the identity matrix, € is the kinematic tracking error, and N
is the number of time steps recorded in one observation. w are the weights of
the three costs, and | is a scaling factor. The scaling factor is used to normalise
the cost terms to the maximum exoskeleton assistance, the maximum expected
trajectory error and maximum exoskeleton stiffness, respectively, such that
the magnitude of the costs is comparable. Similarly, N is used to normalise
the costs to the length of the recorded time steps and w is used to adjust the
relative importance of the normalised costs. In this case, the decision variables
K are also added in the objective function with a small weight, w, relative to
the other two costs, to ensure that solutions with a lower stiffness are preferred

among cases where the sum of error and assistance is similar.

4.3 THE CMA EVOLUTION STRATEGY

To speed up the convergence of the optimisation through an efficient sampling
method, the CMA-ES is used as described in [327]. The mean value of the search
distribution at the first generation is defined, m°, and A sample points, {x{ |k €
IN,1 < k < A} are generated based on a multivariate normal distribution with
zero mean and covariance, C°. The performance of the subject at the generated
sample points is observed and the value of the mean point is updated based
on a number of the sampled points, {y|p < A}, which are weighted according

to the subject’s performance. This can be expressed as [327]:

ST~ m8 4+ o8N (0,C8) fork = 1,2,..., A, (36)

M
1 +1
m$™ = ms + ¢y Z wi(xﬁ/\ —m?), (37)
i=1

where the symbol ~ denotes the same distribution on the left and right side, o
is the step size, ¢y, is the learning rate for the mean and xi Xl is the i-th best
sample out of all samples, X(EH, with the index i : A denoting the index of the
i-th ranked sample such that f(x‘ig;r\l) < f(xg;:l) <. < f(xﬁj\l), where f is

the objective function to be minimised.
On every generation, an update of the covariance matrix, C¢, and the step
size, 08, is also carried out. The covariance matrix is updated such that it retains

information from both the entire population, and the correlations between

76 HUMAN-IN-THE-LOOP OPTIMISATION



generations. To do this, the cumulative evolution path, p§+1 is utilised, which
is the sequence of steps CMA-ES takes over a number of generations. This is

expressed as [327]:

1 1T K 1 1T
C¥H = (14 1d(he) —e1 =) CS +apd T+ Y wiyiy vy . (68)
i=1

H
pET = (1= co)pf + ha\fee(2 = copess Y wiysy (39)
i=1

1 1
v = () —m®)/of, (40)

where ¢1 and ¢, are the learning rates for the rank-one and rank-y updates of
the covariance matrix, respectively, c. is the learning rate for the cumulative
evolution path, 1. ¢f is the effective sample size of the selected samples defined
as Peff = 1/¥  w?, and 6(he) is defined as 6(hy) = (1 —hg)cc(2 —cc) < 1,
where h, is a Heaviside function that stalls the update of the cumulative
evolution path depending on the size of the conjugate evolution path. The
conjugate evolution path, pS, is independent of the direction of the successive
steps performed, and is used to update the step size, €. The function, /., and

the conjugate evolution path are defined as [327]:

1, it (14 2 )E[A(0,1)|
7 . n_l’_l 7 7

2(g+1)

he = 1-(1-c ") (41)
0, otherwise,
1 1
E||N(0,1)]| Nﬁ(l—ﬂ+m)’ (42)
_1 K
PST = (1= co)pf + /o2 — coliessCE * Y wiysy ', (43)
i=1

where ¢, is the learning rate for the conjugate evolution path.

Using the conjugate evolution path, the step size of the next generation is
adjusted. This is to ensure a faster convergence and either increase the step size
if the steps recorded are pointing in the same direction or decrease the step
size if the steps recorded are not converging and move in opposite directions.

This is achieved by comparing the length of the conjugate evolution path, p§-+1,
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with its expected length, E||A(0,I)||. The adaptation of the step size can then
be expressed as [327]:

o8+ — o8 ox (C_U(M_m (44)
PY ENV o, 4

where d;; is a damping parameter.
The implementation of CMA-ES used for this study is summarised in the

following algorithm.

Algorithm 2 Pseudocode for CMA evolution strategy

Require: 0 <w <1
1: C+1

pc< 0

pe < 0

g0

G+« 10

A6

Kinaxy < 400

m < %Kmax

o < 100

while ¢ < G do
x¢ <— sample_population(ms, o€, C$)
f(x8) < evaluate_population(HIL experiments)

RoRoR
N = Q

13 X3, ¢ sort_population(x$, f(x£))

14 mSt! + update_mean(m?, w, x5, , %)

15: p§+1 < update_cum_path(p$, m$, w, x‘lg: 1 0%)

16: p§+1 + update_conj_path(p$, C, ms, w, x5, 0%)

17: 08*1 + update_step_size(c$, p§+1)

18: C8*1 + update_covariance(C8, p$ 1 ms,w, xﬁ 1 08)
190 S {S;[x¢, f(x¥)]}

20: g g+1

21: end while

: x* <= S such that f(x)* =min$S

N
N

4.4 EXPERIMENTAL VALIDATION
4.4.1 Subjects
The effectiveness of the HILO was tested on six healthy subjects (Age = 30 =4.6,

2 females). The experimental pipeline was approved by the University of
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Edinburgh, School of Informatics Ethics Committee (ID 2021/46920) and the

participants provided written consent.

4.4.2 Hardware

The instrumented treadmill M-Gait (Motek Medical, Netherlands) was used to
enable self-paced gait during the experiment (section 2.3) and the exoskeleton
Exo-H3 (Technaid, Spain) was used to provide assistance during gait (section
2.6). The exoskeleton’s joint position sensors were used to record the joint
angle of the legs and provide real-time visual feedback to the user (Figure
35a). Simulink Desktop Real Time was used for the real-time control of the

exoskeleton at 100 Hz.

Experimental Setup

Cont.

Optimisation
l’ Dayj+1

Training > Optimisation Validation

CMA-ES Optimisation [Isample mean

‘ ’ ‘ | | :Samplepoints

N

DBreak
1min .- Tl 5min
DUnrecorded
DRecorded
0Os 15s 60s
3 Validation Modes (randomised):
« Baseline Stiffness
| Mode 1 Mode 2 Mode 3 Trans * Optimised Stiffness
¢ ¢ Last mean Stiffness
X H—H—) « Transparent mode

2min 3 min

(b)

Figure 35: (a) Healthy participant walking on a self-paced treadmill with real-time
visual feedback and assistance from the lower limb exoskeleton, Exo-H3.
(b) Experimental protocol for HILO following a continuous optimisation
protocol over multiple days.

4.4.3 Experimental setup

The experiments involved assisted gait training at different levels of exoskel-
eton stiffness. The participants were fitted with the exoskeleton and were asked
to walk on the treadmill at their preferred speed in order to track the reference

path as accurately as possible. The recorded kinematics of a healthy subject
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were used as the reference path, and the path was adjusted to a path of a less
pronounced loading response. Adjustments to the reference path were also
carried out to increase comfort for each subject.

Prior to optimisation, a training period was included to familiarise the
subjects with the task and the visual feedback. At all times, real-time visual
feedback was provided to allow the participants to compare their kinematics
to the reference, and inform them about their performance and the remaining
duration of the experiment. During optimisation, a new exoskeleton stiffness
was tested on every minute and the performance of the subjects was measured
as described by equation 35. To reduce bias from the changing exoskeleton
stiffness, the first 15 seconds of each trial were discarded. One generation
of the CMA-ES included 7 sample points, making up a 7-minute bout. After
each 7-minute bout, a 5-minute break was allowed to reduce bias from fatigue.
A total of 5 generations were performed per day, resulting in a total of 10
generations, or 70 sampled points, over the two-day experiment. At the end
of each day three rounds of 3-minute validation trials were carried out in a
randomised order to evaluate the effectiveness of the HILO. These included
a trial with the baseline stiffness (Kpzs, = [200,200] Nm/rad), a trial with the
best identified stiffness and a trial with the last mean stiffness obtained from
the last CMA-ES generation (Figure 35b). Lastly, a trial with no assistance was
carried out.

To reduce the risk of overwhelming participants with sensory information,
subjects were asked to perform the experiment for only one of the two legs
(while the other leg was controlled using a constant low stiffness K = 0.25 *
Kpase)- The convergence of the HILO and its effect on the performance of the

participants are observed and discussed.

4.5 RESULTS

Figure 36 shows the adaptation of the CMA-ES for all subjects. A continuous
adaptation of the CMA-ES can be seen. In most cases this led to an assistive
controller which involved a higher stiffness at the knee joint. This suggests
that despite the variability in gait between and within individuals, for the
majority of the 2-day trial the participants were able to follow the reference

path more accurately when the stiffness of the knee joint was higher than the
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baseline stiffness and higher than the hip stiffness. It can also be seen that
some participants were more consistent with their performance than others,
which led to a more gradual convergence of the CMA-ES. This is revealed by
the direction in which the mean points of the CMA-ES progressed. For example,
the progression of the generated mean points for subjects S1, S2, S4 and S5
appears to be smoother and more gradual, than subjects 53 and S6. This also
led to a gradually decreasing covariance and step size, which is less evident in

the results obtained for subjects S3 and Sé.
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Figure 36: Adaptation of covariance matrix and the CMA-ES generation mean for all
subjects. Yellow arrows show the CMA-ES step size and direction.

In Figure 37 the results from the validation trials are presented. It can be
seen that a within-group difference can be observed between the validation
results from day 1 and the validation results from day 2 (Figure 37a). The
performance of the subjects has significantly improved from day 1 to day 2 both
when the baseline stiffness and the optimised stiffness were used. However, a
significant between-group difference was not evident when the performance
of the subjects using the different stiffnesses was compared (Figure 37b). High
performance variability was observed both between and within subjects which

may have detracted from the benefits due to the adjusted controller stiffness.
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Figure 37: (a) Results from the validation trials for day 1 and day 2, separately. (b)
Combined results from the validation trials from day 1 and day 2. Error
bars show the standard deviation of cost. Statistical significance denoted
with asterisks *P<o0.05, *P<o0.01.

4.6 DISCUSSION

Here, an implementation of HILO is proposed for the personalisation of robot-
assisted gait training. For this purpose the deployment of the CMA-ES is used
and a continuous optimisation protocol is suggested to allow enough time for
the optimiser to converge over multiple days. This aligns with the needs of
gait training, where gait trials may need to be interrupted for rest and safety.
To the best of our knowledge, this is the first time HILO has been tested for
the personalisation of assistive controllers in gait rehabilitation and for robots
with multiple degrees of freedom (DOFs). It was hypothesised that with the
human in the loop, the robot controller can be iteratively optimised based on
the user’s performance in order to provide assistance as needed. This could
in turn allow ambulatory patients to benefit from personalised robot-assisted
gait training (RAGT) in order to increase independence and gait efficiency.
Results from six healthy subjects are obtained indicating that the CMA-ES
can adapt the stiffness of the robot controller based on the performance of the
subjects to personalise gait training. However, conclusive results regarding the
effectiveness of this personalised stiffness in improving the robots ability to
provide assistance as needed could not be obtained. One major challenge in
HILO, and in the personalisation of closed-loop robotic controllers, is intraper-

sonal variability. Variability within individuals may be both time-dependent
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and random, which poses a significant challenge in the design of personalised
interventions. For an adaptive control algorithm to prove effective, the time-
dependent changes in human behaviour need to be captured and the benefits
of adaptation need to outweigh any effects due to unpredicted behaviour vari-
ability. This appears to be especially hard when the adaptation of rule-based
controllers is considered since such controllers are expected to be effective
within a range of control parameters.

Moreover, one underlying reason that likely contributes towards the ob-
served variability within individuals is the human-robot coadaptation. On the
one hand, adjustments to the stiffness of the robot are carried out to provide
support to the human in an optimal way (as defined by the objective in equa-
tion 35), but on the other hand, the human behaviour concurrently changes
to utilise this stiffness perhaps for a different subject-specific objective (e.g.
comfort or metabolic efficiency). This makes HILO particularly challenging as
these sources of bias appear to be significant, outweighing the benefits of robot
adaptation. Adjustments to the experimental protocol can help reduce this
bias, but a systematic way of making these adjustments is hard to establish.
For example, increasing the duration of each trial could provide a more rep-
resentative recording of the human response to the new stiffness, but would
also increase the duration of the experimental protocol, delay convergence and

increase bias from fatigue and discomfort.

HILO and musculoskeletal modelling

In this chapter HILO has been presented as an alternative to model-based
optimisation. This does not mean that the two approaches cannot be used
together. While relying on direct readings from the human is considered one of
the advantages of HILO, it is also one of the main limitations of this approach.
Due to the inherent delays associated with some biological processes, the
number of samples available to reach convergence during HILO is proportional
to the duration of the experiment and therefore it is often limited.

A clear example of this, is the optimisation of robotic assistance for the
minimisation of energy expenditure. Measuring the effects of an adaptive
controller on the metabolic cost of gait, commonly involves the measurement

of noisy, low-frequency calorimetric data, which requires large measurement
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times in order to produce accurate readings [328]. This presents two issues:
tirst, as the time spent walking increases, so too does the likelihood that the
subject will become fatigued, introducing bias to measurements obtained later
in the experiment, and second, limitations to the complexity of the optimisation
problem are introduced, necessitating a reduction in the dimensionality of the
problem. With the use of musculoskeletal modelling, these problems can be
addressed to reduce excessive runtimes in HILO. By utilising dynamic models
driven by musculotendon actuators [153]-[156] combined with models of
muscle energetics [329], [330], the metabolic cost of movement can be readily
estimated [330], [331], providing approximations to the ground truth data from
calorimetry [330], [332]. This way, we can reduce the time demands of HILO
by simulating the metabolic cost of walking using musculoskeletal models,
while retaining the ability to learn personalised controllers using data collected
directly from subjects.

In [333] we used this hybrid approach to support human-in-the-loop op-
timisation with musculoskeletal modelling. In this work, led by Daniel F. N.
Gordon, we were able to show that with the use of musculoskeletal modelling
we can potentially reduce the time investment required to observe the effects
of controller updates on human locomotion and speed up the convergence of
HILO, albeit improvements in the personalisation of the muscle properties of

the human model may be necessary for more reliable results.

Curse of dimensionality

The curse of dimensionality clearly affects both HILO and offline model-based
optimisation. In the former, a larger search space will inevitably increase the
duration of experimental protocol, introduce bias in the readings and affect the
convergence of the optimiser, while in the latter, increased modelling complex-
ity will increase both computational demands and the gap between simulation
and reality. This, limits the utility of both approaches for the personalisation
of more complicated interventions that may include additional controllable
agents such as functional electrical stimulation (FES). For the personalisation of
an integrated robot-FES system, a novel hierarchical and adaptive component

is proposed in the following chapter to provide personalised assistance.
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HYBRID ADAPTIVE ASSISTANCE

5.1 STATE OF THE ART HYBRID CONTROL

To further enhance the outcomes of physical therapy in robot-assisted rehabil-
itation, the combination of functional electrical stimulation (FES) with robotic
assistance has been proposed [250], [334]. The use of FES can induce muscle
contractions and utilise the patient’s muscles as actuators. This increased affer-
ent feedback to the patient is associated with increased neuroplasticity [251],
[335], while the induced muscle contractions are known to provide improved
cardiovascular and metabolic benefits, as well as increased calcium concentra-
tion in bones [222]. However, some of the main challenges that arise with the
use of FES is the rapid onset of muscle fatigue [244], [245] and the non-linear
response of muscles to electrical stimulation, which makes the resultant limb
motion hard to control [234], [270]. When combined with robotic assistance, it
is possible to overcome these limitations while still preserving the advantages
associated with both FES and robotic assistance. However, in this over-actuated
system, achieving a seamless triadic collaboration between the user, the robot

and the electrical stimulation remains a challenge (Figure 38).
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Figure 38: Triadic collaboration between a human and two technological agents, a
robot and FES.

Various hybrid controllers have been proposed to deal with the effects of
muscle fatigue and the non-linear response of muscles to electrical stimulation.

One of the first studies to demonstrate the feasibility of hybrid systems was



presented by Popovic et al. in [336]. Popovic et al. demonstrated that with the
use of open-loop FES control and an impedance-controlled orthosis, energy
consumption as well as ground reaction forces on crutches can be reduced
in an ambulatory patient with spinal cord injury (SCI). Similarly, some of the
earliest studies on hybrid systems, tested the feasibility of combining FES with
passive wearable orthoses [337]-[339]. However, the passive nature and the
dissipative control of these orthoses, implies that the torques induced by FES
needed to match or exceed the desired joint torques. Thus, even though these
passive orthoses proved to be safe, their inability to be actively controlled to
provide assistive torques that would increase the energy of the system limited
their capacity to reduce muscle fatigue.

To address this limitation observed by the use of passive exoskeletons, more
emphasis was given on combining FES with active electromechanical devices.
This led to the exploration of a more diverse pool of assistive controllers with
the majority of them incorporating adaptive control for either or both the robot
and FES. Examples include the studies by Stauffer et al. [340] and Ha et al.
[341] where iterative learning control (ILC) was used to adjust the stimulation
intensity of FES in order to minimise the interaction torques between the user
and the robot while performing an ambulatory task. ILC was also used in [314]
for both the FES controller and the robotic controller. Del-Ama et al. used a
dual state controller that switched between a learning state and a monitoring
state to adjust the stimulation parameters and the stiffness of the exoskeleton,
respectively, in order to respond to muscle fatigue, reduce the interaction
between the human and the robot, and maintain an accurate tracking of the
desired kinematic trajectory [314].

Studies on hybrid robot-FES cooperation have also been carried out using
optimal control and nonlinear control to address the actuation redundancy
problem [342]-[345]. In [342], the use of model predictive control (MPC) is
proposed for the distribution of torques between FES and robot assistance. This
controller was tested in simulation and it was demonstrated that the allocation
of controls between robotic assistance and FES in a knee extension task reaches
an equilibrium based on the relative weight matrices to find a balance between
trajectory tracking error, muscle fatigue, motor effort and electrical stimulation.
The use of non-linear model predictive control (NMPC) was also proposed
by [343] and was tested on 3 healthy subjects during the knee extension

task. In this case, even though muscle fatigue was not included as a cost in
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the problem formulation, it was demonstrated that the use of NMPC could
allocate controls between robot assistance and FES such that the muscle fatigue
experienced by the subjects is less compared to the muscle fatigue observed
when a proportional-integral-derivative (PID) controller is used. Similarly,
Molazadeh et al. [344] used a bi-level hybrid controller to estimate the needed
assistive forces and distribute them between the robotic device and the FES. On
the higher level, a neural-network-based iterative learning controller (NNILC)
was used which was designed to learn the unknown system dynamics and
estimate the required assistive forces, and on the lower level, MPC was used
to distribute the assistive torques between the robot and the FES. This bi-level
hybrid controller was tested on four healthy subjects, and it was shown to be
effective in reducing the trajectory tracking error by reducing the feedback
input and increasing the contribution of the learning terms. A slightly different
approach was adopted by Alibeji et al. [345] where a hybrid controller was
proposed that utilises postural synergies to reduce the dimensions of the
control variables. Based on the identified postural synergies, the estimated
muscle fatigue, and a Lyapunov-based stability approach, a non-linear control
law was derived which achieved accurate trajectory tracking. However, the
controller’s effect on muscle fatigue could not be analysed due to the limited
duration of the experiments. Some interesting torque distribution methods have
also been explored in simulation in order to address this actuation redundancy
in hybrid control but their effectiveness was not validated experimentally [346],
[3471.

A common element among these controllers is that the focus is on the
neuroprosthetic benefits of hybrid robot-FES systems, while the therapeutic
effects of training due to the collaboration between human, robot and FES
are not considered. As a result, the voluntary contributions of the human are
often neglected or are dealt with as disturbance to the system. However, many
studies have highlighted the importance of the patient’s engagement in driving
neural plasticity [287], [289], [348], [349]. Another common element among
these studies is that muscle fatigue is often treated as a discrete event instead
of a continuous process, the management of which is usually compensatory
and not preventive. As a result, increased stimulation intensity is often used to
compensate for the reduced force generated by the fatigued muscles, which is

likely to induce even higher levels of muscle fatigue and discomfort.
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Here, we design an adaptive hybrid controller for ambulatory patients (i.e.
people who retain some voluntary control over their lower limbs) to achieve
the triadic collaboration between the human, the robot and FES [350], where
the main driver of the system is the patient, and muscle fatigue is addressed
in a continuous and preventive fashion. In this controller, we use a hierarchical
structure to prioritise the contributions of the three agents in the following
order: (1) the voluntary contributions of the patient, (2) the assistance from
FES and (3) the assistance from the robot. We use a model-based approach to
estimate the level of induced muscle fatigue, and the controller’s parameters
are adapted to provide personalised assistance. This adaptation happens based
on the user’s estimated level of muscle fatigue and their ability to follow the
desired path. The performance of this hybrid adaptive path controller (HAPC)
is verified in simulation using our offline model-based approach (Chapter 3),
and it is validated experimentally on one healthy subject. The ability of the
controller to adapt to the needs of the user in order to provide assistance as

needed and prevent muscle fatigue is analysed and discussed.

Figure 39: A. Fatigue model identification for quadriceps and hamstrings using FES in
isometric conditions (pushing a heavy box on an instrumented treadmill).
B. Electrode placement on the quadriceps and hamstrings. C. Experimental
validation of hybrid adaptive controller on an instrumented treadmill with
real-time visual feedback.

The main contributions here include:

* The design of a cooperative controller where robotic assistance and FES

are provided as needed.
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¢ The triadic collaboration between human, FES and robotic assistance in
a hierarchical fashion where the voluntary movement of the human is

prioritised.

* A novel muscle fatigue management approach that preserves the fitness
of the muscles through the adaptation of the intensity of FES and the

controls of the robot in a preventive and continuous process.

5.2 HYBRID PATH CONTROL

As our starting point we deploy a HAPC — a controller that follows the principles
of Path Control [221], and provides adaptive assistance using a wearable robot
and FES (Figure 40). This controller involves a reference kinematic path in
joint space, Q. € R/, and a dynamically defined reference point, qef € IR/,
as explained in section 2.6.1. To establish a hierarchy between the human,
the FES and the robot, a deadband and a FES band of radius, rg, and 7,
respectively, are defined around the reference path. This defines a region
where no assistance is provided to the human (deadband), a region where only
assistance from FES is provided (FES band) and a region where hybrid robot-FES
assistance is provided (hybrid band). Based on these regions, the corresponding
joint angle error can be calculated for the FES controller, Aq, € R/, and the
exoskeleton’s controller, Aq, € R/, as the difference between the reference
point and the human’s pose, minus the relevant error tolerance, r, formally

expressed as:

AQ = qref — acts (45)
(o, ag0) <,

89 = { Az e AZ > 7, forj = 1,2 (46)
A + rgp, AF0) < -,

rap, FES controller,
"= 47)
Ttesh, EXO controller.

Based on the tracking error, assistance is provided by the FES and the robot, in

a direction orthogonal to the reference path in order to promote patient-driven
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therapy without temporal constraints. For this purpose, three closed-loop

controllers are used: an adaptive controller for the FES, an adaptive controller

for the exoskeleton, and an adaptive controller for the width of the FES band.

A control diagram of the HAPC is provided in Figure 41.
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Figure go: Illustration of the reference kinematic path in joint space, surrounded by the
deadband, and the FES band. The magnified region depicts the components
of the hybrid path controller for a human configuration, gt
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Figure 41: Control diagram of the hybrid adaptive path controller.
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5.2.1 Adaptive FES controller

To enable the hybrid controller to adjust the intensity of electrical stimulation to
the needs of the user, a proportional controller with two adaptive components

is defined as:

ur = uyKrAqy, (43)
(usat - uthr)
Ki=—F—"" (49)
2r?esb

where uy € R¥ is the stimulation intensity, 4 € R is a measure of muscle
fitness (the inverse of muscle fatigue) ranging from [o,1], v € R¥ is the T.C
gain ranging from [o,1], Ky € R is a constant stiffness, and Ag 5 € R* is the
kinematic error adjusted by its sign and the stimulated muscles to ensure
ur > 0, with k being the number of stimulated muscles. r?esb is the initial
radius of the FES band (set to 6 degrees), and uy;,, and ug; are the threshold
and saturation pulse width for the given stimulation amplitude and frequency,
defined as the minimum stimulation pulse width that results in a visible
muscle contraction, and the pulse width above which the generated force
saturates, respectively.

The first adaptive component involves the adjustment of the stimulation
intensity according to muscle fitness. As a result, muscles whose fitness de-
creases receive less stimulation. To estimate muscle fitness the following model

is used [247]:

i = (min = p)p(flay (=) —p(f)as)

, 0
Tf at Trec (5 )

o(f) =1- By +5V(%) , for f <100 Hz, (51)

where 11, is the minimum muscle fitness, B, is a shape factor, f is the
stimulation frequency, and Trat and T,,. are the time constants that describe
the rate of muscle fatigue and recovery, respectively. The parameter ay is the

activation of the stimulated muscles which is estimated as [347], [351]:

aj = ap, (52)
kid+kata=e, (53)
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0/ uf < Uy,

e = Ur—Up,
Ugqt — Uy’ U < uf < Usat, (54)
L Us > Usggt.

\

where k; and k; are constants that characterise the response of muscles to
electrical stimulation as described in [351] including a rise-time constant, T};s, a
fall-time constant, Ttan, and the excitation time constant, T,, where k; = T, x T,
and ky = To + T for T = T, if e > a and T = Ty, otherwise.

The second adaptive component of this controller is the stimulation adjust-
ment that occurs iteratively, at every gait cycle, based on the root mean squared
error of the user. This adaptive component changes the value of parameter vy
according to the performance of the patient. As the performance of the patient
improves, parameter 7y reduces until the patient can perform the task without
any assistance. For this, a finite state machine (FSM) is used to differentiate
between the swing phase (SW) and stance phase (ST) where different assistive

forces may be appropriate. This is defined as:

Vi = i+ Aprms(Agy)”, (55)
Ve = G Vi + Aprms(Ady)° (56)

Ar=(1—¢5), (57)

where ¢ and Ay are the forgetting and learning factors of the FES ILC (¢
set to 0.95), Aq f is the error for the FES controller normalised by ry, (set to 2

degrees) and z is the number of gait cycles performed.

5.2.2  Adaptive exoskeleton controller

For the robotic assistance, an adaptive proportional-derivative (PD) controller

is used. This is defined as:

Te = KeAqe + BeAqe/ (58)
B, = Ccr\/E/ (59)
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where K, and B, are the stiffness and damping of the exoskeleton’s joints,
respectively, and ¢, is the matrix of the critical damping coefficients.

Like the FES controller, the exoskeleton controller also uses a FSM in order
to adjust the stiffness of the exoskeleton based on the phase in the gait cycle.
On every gait cycle, the root mean squared error of the user is recorded and is

used to update the exoskeleton’s stiffness as follows:

K = ¢.KZ + A Kirms(Aq,)Z,, (60)
Ki 1 = ¢ K%, + AKirms(Aq,)Z,, (61)
Ae = (1 - 4’6)/ (62)

where ¢, and A, are the forgetting and the learning factors of the exoskeleton’s
ILC (¢e set to 0.95), Aq, is the error for the exoskeleton’s controller normalised

by 74 (set to 2 degrees) and KU is the baseline stiffness (set to 340 Nm/rad
[314]).

5.2.3 Adaptive FES band

The adaptation of the width of the FES band is designed in order to achieve
the collaboration between the robot and the FES. By reducing the width of the
FES band according to the fitness level of the muscles, robotic assistance is
combined with FES at smaller levels of trajectory tracking error. This ensures
that as muscles start to fatigue and lower stimulation intensities are provided to
allow the muscle to recover, more assistance from the robot will be provided to
maintain a low tracking error. This adaptation of the FES band is implemented

as:
_ 0 = 6
Tfesb = rfesb]/l/ ( 3)
where fi is the mean muscle fitness across the stimulated muscles.
5.3 MODELLING
The initial development and testing of the controller was carried out using

musculoskeletal modelling. Using OpenSim [151], [352], a generic lower-limb

model, gait1018, was scaled to the true dimensions of a healthy adult and was
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combined with the lower-limb exoskeleton, Exo-H3, as described in section

3.3.2. The dynamics of this human-exoskeleton model can be expressed as:

My, (q)§ + Cir (9, 4)+Gir (@) = 7+ 7 + () fext, (64)

where 15, € R” represents the human’s generated joint torques, which include
both the voluntarily generated joint torques and the joint torques induced by
the FES.

The exoskeleton assistance was simulated using ideal joint actuators while an
estimate of the FES-induced torques was obtained based on Hill-type muscle
models [157] and the activation dynamics described in section 5.2.2 for the

monoarticular muscles of both the hip joint and the knee joint.

5.3.1 Muscle dynamics

To approximate the effect of electrical stimulation on muscle activity, a linear
model is used:

T = To + Tf, (65)

where T, are the voluntarily generated joint torques and T4 are the FES-
induced joint torques. An estimate of the voluntary joint torques is obtained
using motion capture technology as described in section 3.3.3, while an estimate
of the FES-induced torques is obtained based on equations 52-54 and the
Millard 2012 equilibrium Hill-type musculotendon models (Figure 42) available

in OpenSim [157] which can be expressed as:

M= £ (af" (MY (0M) + €75 (IM) + po™)cosa, (66)
fM _ fM* i fM* > O, (67)

0 otherwise,
T = fMVmu (q)r (68)

where fé” is the maximum isometric force of the muscle, a is the muscle
activation ranging from [o0,1], and f-(I™), £V (M), £°E(IM) are the normalised
force functions for the muscle’s force-length relationship (L), force-velocity

relationship (V), and force-length relationship of the passive element (PE),
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respectively. The force functions are normalised by fM and the tilde is used
to denote velocities, ¥, and muscle lengths, [, that are normalised by the
maximum muscle velocity, v , and the length of the muscle at the point
of maximum force, I}, respectively. B is a damping coefficient and « is the
muscle’s pennation angle. Given the calculated muscle force, fM, the joint
torques that result from the activation of the muscles are calculated as the
product of the muscle force and the moment arm of the joint, 7,,,, which is a
function of the joint angle, 4. The force-length and force-velocity relationships
are defined to fit the available data sets observed in Figure 43. In the Millard
muscle models available in OpenSim, these curves are implemented using

Bezier splines to fit the experimental data [157].

~— (T —|e—— Mcosa -

fT (ET)
Q00N

Figure 42: A four element Hill-type model. The contractile element (= afL (IM) Y (7M))
is in parallel with a passive element (= f’*(I™)) and a damper (= B(¥M)),
which are in series with the tendon unit (= £ (IT)) (adapted from [157]).

5.3.2 Fatigue model identification

A model-based method was used for the approximation of muscle fatigue as
expressed by equations 50-51. To ensure that the estimated fatigue of muscles
reflects the fitness level of the participant, a model calibration was carried
out as described in [354], [355]. Stimulation signals of variable intensity were
used and the force generated by the muscles was measured under isometric
conditions. For this, the feet of the participant were placed in contact with a
heavy (immovable) box and the generated muscle force (contact force) was
measured using the treadmill’s force sensors (Figure 44). A symmetric biphasic
signal with constant stimulation frequency of 25 Hz and current amplitude of

25 mA was used. Firstly, to identify the threshold stimulation intensity, uy,,,
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Figure 43: Characteristic curve values for the muscles’ force-length relationship, force-
velocity relationship, force-length relationship of the passive element and
force-length relationship of tendons (extracted from [353]).

and the saturation intensity, us, a series of signals were delivered at 50 ps
increments until a pulse width of 8oo us was reached. The signal duration
was set to 4 s, with a resting period of 20 s. A fatigue test was then carried
out using a continuous signal at the saturation intensity for 180 s, followed by
a 2-minute recovery test which included pulses of 1 s, with a between-pulse
rest of 10 s (Figure 44). The identification of the model parameters was carried
out using MATLAB’s optimisation tool fmincon. The identified parameters are

presented in Table 3.
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Table 3: Identified parameters for muscle fatigue model.

uth’r'(#s) Usat (HS) Tfat (S) TV'(Z(Z(S) Tm‘se(s) Tfall(s) Tfi(s) Hmin
%D Quadriceps 100 700 57.01 59.87 0.2071 0.1370 0 0.07 0.0747
& Hamstring 250 600 64.34 65.27 0.2440 0.0829 0.06 0.13 0.1493
% Quadriceps 200 600 36.05 69.56 0.1428 0.2533 0 0.17 0.2453
— Hamstring 250 550 44.58 105.19 0.1963 0.1797 0.002 0.14 0.2347

—Excitation
—Activation model
Fltness model

uuUUUUUUUUL

—Force recorded

MMUL Force modelled

150 200 250 300
Time (

150

Figure 44: Identification of fatigue model for the quadriceps and the hamstrings using
a high-intensity stimulation profile.

5.4 CONTROLLER VALIDATION
5.4.1 Subject

The effectiveness of the HAPC was tested both in simulation and experimentally
on one healthy volunteer (male, age = 30, weight = 8o kg). The experimental
pipeline was approved by the University of Edinburgh, School of Informat-
ics Ethics Committee (ID 2021/46920) and the participant provided written

consent.

5.4.2 Hardware

The RehaMove3 stimulator (Hasomed, Germany) was used to provide FES
using rectangular surface electrodes (5x9 cm). The instrumented treadmill
M-Gait (Motek Medical, Netherlands) was used to facilitate the fatigue model
identification (section 5.3.2) and to enable self-paced gait during the experiment.

The exoskeleton Exo-H3 (Technaid, Spain) was used to provide assistance
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during the task and the exoskeleton’s joint position sensors were used to
record the joint angle of the legs and provide visual feedback to the user
(Figure 39c¢). Simulink Desktop Real Time was used for the real-time control of
the exoskeleton and FES at 100 Hz (see sections 2.3.1 and 2.6 for more details

about the hardware).

5.4.3 Simulation setup

To observe the controller’s response to a changing human behaviour, simula-
tions were carried out with two different inputs for the human controls. For the
tirst half of the simulation, a behaviour that corresponds to a high-error traject-
ory was used as illustrated in Figure 45a. This trajectory is an example of poor
performance where exaggerated knee flexion and hip flexion can be observed
during the late swing phase. For the second half, a behaviour that corresponds
to a low-error trajectory was used as illustrated in Figure 45b. This trajectory
is an example of accurate trajectory tracking where lower assistive forces are
expected. These trajectories were obtained from our previous study described
in section 3.4.4. Using these model controls, a comparison was carried out
between the HAPC, its non adaptive equivalent (HPC), and the exoskeleton-only
(EPC) and FES-only controllers (FPC). In all cases, 64 cycles were simulated,
for which the root-mean-squared (RMS) error, root-mean-squared (RMS) of the

assistance and mean fatigue were used for comparison.

=Quu
= 80 280 M Dead Band
%0 FﬂbUJD FES Band
=60 =60 =Q,
2 <
&40} 040+
b <
o 20+ o 20+
= g
e 0F < 0
40 -20 0 20 40 60 -40 -20 0 20 40 60
Hip angle (deg) Hip angle (deg)

(@ (b)

Figure 45: Trajectories used for human behaviour estimation for forward dynamics
simulations.
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5.4.4 Experimental Setup

During the experimental validation of the controller, the participant was fitted
with the exoskeleton and was asked to walk at their preferred speed in order to
follow the reference path as accurately as possible. Two 10-minute recordings
were performed with the aid of visual feedback; one while using the HAPC
and one while using the HPC. The participant was blinded to the experimental
conditions, meaning they were unaware of which specific controller was tested
during each trial to prevent any potential bias in their responses. The non-
adaptive controller was tested first and a 5-minute break between trials was
included. Hybrid assistance was provided only for the muscles of the knee joint
while for the hip joint only robotic assistance was provided (surface electrodes
were placed at the quadriceps and hamstrings as shown in Figure 39b). The
position of the ankles was adjusted according to the relative position in the
gait cycle. The participant’s ability to follow the reference path, the assistance
they received from both the FES and the robot, and their estimated muscle
fatigue were quantified. The sum of these parameters was also calculated in
order to evaluate the controller’s ability to provide assistance as needed and
prevent muscle fatigue. To facilitate the comparison between controllers, the

results were normalised such that the costs for the HAPC are equal to 1.

5.5 RESULTS

5.5.1  Simulation results

Figure 46 shows the controller’s response to the simulated human behaviour
described in section 5.4.3. It can be seen that for the first half of the simulation
(indicated by a grey dotted line) the adaptive controller results in a reduction
in exoskeleton stiffness, exoskeleton assistance (Figure 46a), and FES stiffness
through the adaptation of parameter y (Figure 46b), while the trajectory error
follows a periodic pattern (Figure 46b) and muscle fatigue slowly increases
(Figure 46¢). For the second half of the simulation, the improved performance
of the model reduces both the tracking error (Figure 46b) as well as the
assistance received from the exoskeleton (Figure 46a) and the FES (Figure

46b-c), which allows the muscles to recover (Figure 46¢). In Figure 46b, the
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decreasing value of parameter 7y, for the hip during stance and for the knee
during swing and stance, shows that the root-mean-squared (RMS) values of
the trajectory tracking error for FES was kept below 1. For the hip trajectory
during swing, the value of parameter <y can be seen to be capped at 1 for the
tirst half of the simulation, which indicates that the root-mean-squared (RMS)
value of the trajectory error is higher than 1. It is interesting to note that even
though the muscles’ fitness level drops during the first half of the simulation,
the assistance provided by the exoskeleton for both joints seems to decrease in
magnitude. This decrease in the provided assistance combined with a decrease
in the trajectory tracking error which is seen in Figure 46b, implies an increased
ability to provide assistance as needed due to the controller’s adaptation. This
is also evident by how the controller adapts to provide less stimulation and
less exoskeleton assistance when the human behaviour improves during the
second half of the simulation.

In Figure 47 the performance of four different controllers is compared in
response to the simulated human behaviour described in section 5.4.3. It can be
seen that, compared to the HAPC, the EPC provides almost six times as much
robotic assistance to keep the trajectory error lower, while the FPC results in
higher trajectory error, higher stimulation intensity and more muscle fatigue
than the HAPC. When comparing the HAPC to the HPC, a visible reduction
in robotic assistance is observed, while the rest of the parameters are affected
less. This indicates that the hybridisation of robotic assistance and FES in
this hierarchical order, and the controller’s adaptation, provide a substantial
reduction in the assistance provided to the user (at the expense of a higher
tracking error when compared to the EPC), which overall reduces the sum
of error, assistance and muscle fatigue, and implies an improved ability to

provide assistance as needed.

5.5.2 Experimental results

Figure 48 shows the response of the HAPC to the recorded human behaviour
and Figure 49 provides a comparison between the HAPC and its equivalent
non adaptive controller (HPC). Based on the results presented in Figure 48a
it is evident that due to the controller’s adaptation the exoskeleton’s stiffness

converged towards a lower value than the baseline stiffness for both the hips
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Figure 46: Simulated response of the hybrid controller during poor model performance
(before grey dotted line) and more accurate performance (after grey dotted
line). (a) Shows the robot stiffness and robot assistance for the hip joint and
the knee joint, (b) the trajectory error and adaptation of parameter 7y, for
the hip joint and the knee joint and (c) the stimulation provided with the
adaptive controller and its effect on muscle fatigue.
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Figure 47: Comparison of the normalised trajectory error, robotic assistance, FES, and
muscle fatigue between the exoskeleton-only controller (EPC), the FES-
only controller (FPC), the hybrid controller (HPC) and the hybrid adaptive
controller (HAPC).

and the knees'. This decrease in exoskeleton stiffness was also reflected in
the assistance provided by the robot (Figure 48a). It is also evident that the
exoskeleton stiffness of the knee joint converged to a smaller value than the
exoskeleton stiffness of the hip joint (Figure 48a), which could be indicative
of the cooperation between the robot and the FES. Similarly, a reduction in
parameter -y is observed, which reduces the stiffness of the FES controller
(Figure 48b). This is also reflected in the stimulation provided by the adaptive
controller to the knee (Figure 48c). As a result, a decreased muscle fatigue is

observed (Figure 49), which for the left leg was more pronounced for the knee

1 Results are shown for the left leg only as the results for the right leg follow similar patterns.
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Figure 48: Experimental response of a healthy subject while using the HAPC. Compar-
ison between (a) the robot stiffness and robot assistance, (b) FES controller
adaptation and trajectory error, and (c) stimulation provided and resultant
muscle fatigue when the adaptive and non adaptive controllers were used.

extensor muscles (Figure 48c). Meanwhile, the trajectory tracking error of the
knee joint seems to vary only slightly (Figure 48b).

It can be seen from Figure 49, that the sum of tracking error, assistance
received and muscle fatigue, is smaller when the HAPC was used for both
joints for both legs. For the hip joint, an average reduction of 49% was recorded
in the assistance provided by the exoskeleton across both legs, while the
trajectory tracking error was higher by an average of 10% across both legs when
the HAPC was used. Similarly, for the knee joint, lower assistive forces were
recorded from both the exoskeleton and the FES. The exoskeleton assistance
was found to be an average of 58% lower when the HAPC was used and the
FES intensity was also lower by an average of 16% across both legs. On the other
hand, the tracking error was higher by 8% for the left leg but lower by 8% for
the right leg when the HAPC was used. At the same time, the estimated fatigue
of the knee muscles was reduced by an average of 37% when the HAPC was
used. This noticeable reduction in assistance and muscle fatigue, as compared
to the less apparent change in tracking error, indicate the controller’s ability to
adapt to the user’s performance in order to provide assistance as needed and

preserve the fitness of the muscles.

5.6 DISCUSSION

The controller’s response is verified in a pilot study with a healthy subject.

The change in the open parameters of the controller, such as the exoskeleton
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Figure 49: Comparison between the non adaptive and the adaptive controller for the
recorded data of the hip and knee joints for both legs (normalised by the
data recorded from the left knee joint during the adaptive control).

stiffness and the stiffness of the FES controller, are observed, as well as their
effect on the provided assistance and the resultant tracking error of the par-
ticipant. It was observed, that when the adaptive controller was used, the
participant received less assistance from the robot and less assistance from
the FES compared to the assistance received when the non-adaptive controller
was used. This resulted in a delayed onset of muscle fatigue, while there was
no obvious difference between the kinematic tracking error in the two exper-
iments. These results support our hypothesis that the proposed HAPC could
potentially provide assistance as needed and delay the onset of muscle fatigue.
However, due to the limited number of participants, the statistical power of
our analysis is insufficient to draw conclusive support for this hypothesis, and
a larger experimental study is required.

Another limitation of our study is the estimation of muscle fatigue. Due to
the increased complexity involved with the measurement of muscle fatigue in
the presence of both voluntary muscle contractions and electrical stimulation, a
model-based estimation of muscle fatigue was used. This model was originally
proposed based on experimental data from patients with paraplegia [247],
[354], [356]. Here it is assumed that voluntary muscle contractions will not
significantly affect the fitness of the muscles or the reliability of the model.
Due to the hybridisation of FES and robotic assistance, this assumption is not
expected to compromise the safety of the proposed controller or its ability to

provide assistance as needed. It may, however, lead to an under-estimation of
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muscle fatigue, which may reduce the effectiveness of the assistance provided
by the FES, and increase the reliance of the user on the robot. Methods for
estimating muscle fatigue using electromyography (EMG) and force sensing
have been proposed, but have been tested mostly under isometric conditions
[357]-[359]. Accurately measuring muscle fatigue during gait in the presence
of both voluntary contractions and functional electrical stimulation remains
a challenge. Advancements in this field will improve our understanding of
the interactions between FES and voluntary motion, and further improve the

effectiveness of our controller.

5.7 CONCLUSION

To conclude, here we presented a hybrid adaptive controller that prioritises the
voluntary human contributions and addresses muscle fatigue in a continuous
and preventive fashion. This controller is designed to provide assistance as
needed in order to encourage the active participation of the user, and preserve
muscle fitness in order to prevent discomfort and the premature termination
of rehabilitation. It is shown that the controller is able to adapt to the user’s
movement, and adjust the levels of assistance provided by the robot and the FES
in order to maintain an accurate tracking of the desired trajectory and preserve
muscle fitness. These encouraging results indicate that the controller’s hierarch-
ical structure and adaptive components may be able to provide personalised
assistance and prevent muscle fatigue which can be further investigated in
the future, in a larger experimental study, including people with neurological

disorders.

104 HYBRID ADAPTIVE ASSISTANCE



SUMMARY & FUTURE WORK

6.1 SUMMARY

In this thesis, we delve into the exciting intersection of neuroscience, robotics,
and rehabilitation. We learn from pioneering research in neuroscience how our
nervous system adapts to external stimuli, and we transfer this knowledge to
robot-assisted gait training. With a focus on the rehabilitation of ambulatory
patients, who retain voluntary control of their lower limbs, we explore methods
for the personalisation of robot-assisted training to promote neuroplasticity and
enhance the functional outcomes of therapy. Through a series of experiments,
we investigate methods for the design of personalised robotic controllers which
can be used to encourage the active participation of neurological patients and
provide assistance as needed.

Our first study showcased a methodology for the offline design and tuning
of robotic controllers using musculoskeletal models. We proposed that by
observing the human through the lenses of motion-capture systems, we can
construct a personalised model of the human and the wearable device, estimate
the effect of external forces on the dynamics of the combined system, and
identify the control parameters and/or control structure that will support the
human in an optimal way. We were able to show that for each human and their
respective kinematics when performing a task, we can obtain a set of individu-
alised controller parameters using offline model-based optimisation, which
are expected to significantly increase their performance and reduce the assist-
ance received by the robot. In a subsequent experimental study with eighteen
healthy participants, we performed a comparison between the performance
of the participants with their personalised parameters and their performance
with a baseline set of parameters, which were common across all participants.
We observed that this expected improvement in the performance of the par-
ticipants, as well as the expected reduction in the assistance received by the
robot, was not uniform across all participants. Six participants performed

better when their personalised parameters were used, seven participants had
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no obvious change, and five participants performed worse. High interper-
sonal and intra-personal variability was observed, potentially originating from
modelling inaccuracies, and/or variations in concentration levels, muscle fa-
tigue and motor learning. This highlighted some of the challenges involved
with the modelling of such a complex, adaptive, multi-dimensional system
and emphasised the need for methods that can capture these subject-specific,
time-dependent adaptations at a higher frequency.

This led to our next study, where we explored the potential of optimising
robotic controllers to provide assistance as needed using human-in-the-loop
optimisation (HILO), which relies a lot less on modelling assumptions. HILO
techniques have shown great promise in the field of human augmentation
where the objective involves the minimisation of the user’s metabolic cost, but
their effectiveness in minimising objectives that may be more applicable to
rehabilitation have not been explored. Following a continuous optimisation
approach over a multi-day experiment using the Covariance Matrix Adaptation
Evolution Strategy (CMA-ES), we observed a convergence of the evolutionary
strategy towards a unique set of control parameters in six healthy subjects.
However, due to high variability in human behaviour, and the small number of
participants in our experiment, the measured effect of HILO on the performance
of the participants when an assistive rule-based controller is used was not
statistically significant. While HILO remains a compelling area to explore
turther, it suffers from long experimental procedures which are needed to
ensure that for each recorded sample, adequate time is provided to allow the
human-robot interaction reach steady state. This limits the extent to which
HILO can be used, as an increase in the number of decision variables would
increase the required experiment duration to reach convergence.

Thus, for our next study, where we considered the addition of neuromus-
cular electrical stimulation to robot-assisted gait training, we used adaptive
control to design a hierarchical controller for the triadic collaboration between
human, robot and functional electrical stimulation (FES). While there are sev-
eral physiological benefits and practical reasons that favour the combination
of these two interventions, it remains a major challenge in gait rehabilitation
to find the right balance between electrical stimulation and robotic assistance.
The challenge lies in ensuring that the user receives adequate support from
both the FES and the robot, without overly relying on the robot and without

causing undue muscle fatigue with electrical stimulation. In this work, we
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implemented a hierarchical control structure which encourages the user to
utilise their residual strength, and prioritises assistance from electrical stim-
ulation over robotic assistance. We also used adaptive control to adjust the
relative magnitude of the two interventions to achieve the triadic collaboration
between human, robot and FES based on the performance of the user and
the level of muscle fatigue. In our pilot study with one healthy subject we
observed reduced levels of assistance, reduced levels of muscle fatigue and
consistent performance when this hierarchical and adaptive configuration
was used, as compared to the corresponding non-adaptive controller. These
are encouraging results suggesting that the proposed hierarchical adaptive
controller may be able to provide personalised assistance as needed, which
motivates us to explore this further in a larger experimental study on people
with neurological disorders.

These three experimental studies, contribute towards the fine-tuning of
collaborative robotic controllers to provide personalised assistance in neurore-
habilitation using novel state-of-the-art methodologies. Naturally, this work
can be extended to address some of the bottlenecks that were identified and

pursue more clinically meaningful results.

6.2 LIMITATIONS & DISCUSSION

In Chapter 3 an offline model-based optimisation pipeline is presented for the
design of personalised interventions in gait training. This method capitalises
on the advances in musculoskeletal modelling and exploits the power of
state-of-the-art modelling platforms that can serve not only as a means of
understanding human biomechanics but also as tools for the prototyping and
testing of novel interventions. However, even with our increased ability to
observe and analyse human motion, our understanding and our ability to
model human intention and human response to external forces is limited. This
becomes especially hard when, due to experimental protocol, time constraints
are imposed that push the limits of computational power and necessitate model
reduction. These limitations challenged some of our assumptions regarding
the human-robot interactions and proved to be a bottleneck in transferring
the benefits of our simulation studies to the real world. With improvements

in the computational efficiency in musculoskeletal modelling and with a
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better understanding of human-robot interaction dynamics, it is expected
that these limitations will be addressed and the benefits of such model-based
approaches in the real world will be more attainable. Already, there are several
platforms that aim to improve the computational efficiency of musculoskeletal
modelling to enable real-time optimal control and facilitate the exploration of
learning-based algorithms for the control of wearable robots [360]-[363]. At
the same time, pioneering research on the sensing and modelling of voluntary
control and neuromuscular stimulation is carried out which will contribute to
increased precision and will enhance the utility of model-based optimisation
[364], [365].

Chapter 4 discusses the use of HILO for the personalisation of robot-assisted
gait training (RAGT). This is another method for the personalisation of RAGT
that also relies on optimisation. These different optimisation methods provide
an alternative to manual controller tuning, which can be a time-consuming
process and as a result it is often carried out on one subject, usually one
healthy individual, and kept the same for all subjects. Using optimisation,
the aim is to provide an effective and clinically meaningful way of tuning
robotic controllers to meet the unique needs of patients in order to improve the
functional outcomes of training and accelerate recovery. The only caveat is that
even when using optimisation, there is a need to make some design choices and
tune the hyperparameters, or the weights of the different costs in the objective
function. Due to the composition of the objective, where the weighted sum of a
number of normalised rehabilitation objectives is considered, controller tuning
through optimisation provides a more intuitive way of making adjustments.
Yet, it is not clear what the relative importance of the different costs needs to be
in order to maximise recovery, and whether this is yet another patient-specific
feature.

Lastly, all presented studies have showcased personalised interventions for
gait rehabilitation where a kinematic trajectory is provided as the ideal traject-
ory to be followed. This is motivated by studies that have shown significant
improvements in the gait of neurological patients from kinematic trajectory
tracking both in joint space and in end-effector space [366]-[371]. However, it
is becoming clearer that each patient may require as a reference, a kinematic
trajectory that is tailored to their needs [175], [192], [198], [372]-[374]. How
such a trajectory can be obtained for each patient is still an open question. In

many cases, people have used the kinematics of healthy people as a reference
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[189]-[191], but this does not take into account the potentially limited range
of motion of certain patients which may be a result of weakness or spasticity.
Research efforts on identifying a personalised kinematic trajectory for each
patient or adapting a kinematic trajectory on the fly based on the needs of the
patient are presented in [192], [198], [372]-[374]. For the implementation of the
methods proposed in this thesis on neurological patients, it is imperative that
the appropriate kinematic trajectories are used.

That being said, focusing only on the kinematics of selected joints, may as
well be a limited view of a more complicated problem, which may need to be
analysed both kinematically and dynamically. An alternative that appears to
be insightful in characterising gait, is the study of muscle synergies [375]-[377].
Yet, what constitutes a good reference in terms of muscle synergies to aim for,
in the rehabilitation of patients with different levels of neural degeneration, is
hard to define. Also, it is not clear what the optimum strategy for progressively
improving muscle synergies would be, or how the inertia of wearable robots

may affect muscle synergies.

6.3 FUTURE WORK

The immediate steps that follow this work is the extension of the experimental
studies that have been presented in Chapters 4 and 5. This includes, the
application of the CMA-ES and the hybrid adaptive controller on a larger
cohort of healthy subjects and neurological patients to verify that the proposed
methods can provide assistance as needed and promote the triadic human-
robot-FES collaboration, respectively. Moreover, it is of interest to exploit some
of the synergies in our approaches such as the combination of HILO with model-
based optimisation, and also address some of the bottlenecks encountered in

Chapter 3 to facilitate the utility of offline model-based optimisation.

Optimising surrogate controllers online

One limitation of HILO is the limited samples that can be obtained for con-
vergence in a given time frame. Especially in the case where the aim is to
reduce the metabolic cost of locomotion, an average of two minutes per sample

are commonly allocated to reach metabolic equilibrium and obtain repres-
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entative estimates of energy expenditure. This implies that over an hour of
walking, HILO is expected to reach convergence with approximately 30 samples.
Consequently, a smart sampling process is required that will speed up the
process. An integration of HILO with offline model-based optimisation could
facilitate a more accurate approximation of human motion strategies and faster
convergence.

Using offline model-based optimisation in parallel with human-in-the-loop
(HIL) experiments, could provide evolutionary algorithms such as the CMA-ES
with more confidence during exploration. The challenge in this case will be to
minimise modelling uncertainties over time using the experimental readings
to ensure that the two processes converge to the same point. Experimental
readings of the human’s response to different levels of assistance can be used
to capture time-dependent changes in human motor control and facilitate
a more accurate representation of the human model and the human-robot

interactions.

Learning personalised human motion strategies

To accurately capture the dynamics of human-robot interaction, it is neces-
sary to better understand the human behaviour and the human adaptation
to external assistive forces. In Chapter 3 we implemented a feedforward con-
troller to model human behaviour based on the data obtained from motion
capture, and discussed how a more adaptive model could be constructed using
inverse optimal control. Even though inverse optimal control is computation-
ally expensive, and relies on the assumption that human locomotion can be
described as a multi-objective optimisation problem, constructing personalised
models of human motion strategies during gait can be extremely useful in
prototyping and optimising personalised interventions that may be applicable
to rehabilitation or even human augmentation.

Future work can exploit the power of personalised models obtained through
inverse optimal control and can elaborate on the presented model-based
optimisation method. This will likely require substantial improvements in
the computational efficiency of both offline optimisation and inverse optimal

control, and will need an objective function that can reliably capture the
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kinematic and dynamic patterns of both healthy gait, pathological gait and

robot-assisted gait.

Hybrid systems and soft wearables

In robot-assisted rehabilitation, the selection of the robot can affect the dy-
namics of gait [378], [379] and can potentially impact the effectiveness of
rehabilitation. Ideally, a lightweight robot is preferred as it minimally obstructs
the patient’s natural motion. However, a lightweight robot often comes with
the trade-off of reduced power, which can pose a challenge in RAGT. This
type of training frequently necessitates a more powerful device capable of
adequately supporting patients with weakened or paralysed muscles. The
balance between robot weight and power is crucial, as an overly cumbersome
robot can hinder the patient’s movement, while an underpowered robot may
fail to provide the necessary support.

However, especially when focusing on the rehabilitation of patients who
retain voluntary control of their limbs, the use of hybrid robot-FES systems can
offer a solution to this dilemma. These systems combine robotic assistance with
electrical stimulation, resulting in actuation redundancy. On the one hand this
can make control harder, but on the other hand this dual support system allows
the use of a lighter, less powerful robot without compromising the efficacy of
gait training. The incorporation of soft wearable devices within hybrid systems
can further enhance comfort and compliance, offering a promising avenue for

more effective and user-friendly rehabilitation.

Reinforcement learning in neurorehabilitation

Another potential path for further investigation is the use of reinforcement
learning for the control of wearable robots in neurorehabilitation. While ma-
chine learning techniques have been used for the classification of human
intention and the intuitive control of wearable lower-limb and upper-limb
devices [380]-[383], a more recent application involves the use of reinforcement
learning (RL). Coser et al. [384] provide a review of Al-based methodologies
that have been applied to exoskeleton-assisted locomotion for either robot con-

trol, locomotion classification, intention detection, or joint trajectory prediction.
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It is evident that the majority of Al-based methods that have focused on robot
control have relied on reinforcement learning.

Both model-based and model-free RL algorithms are being explored in
robot-assisted locomotion but not many have investigated the utility of these
algorithms in enhancing the collaboration between human and robot, and
promoting patient-driven therapy. The model-based approach adopted by Luo
et al. [362] to reduce the metabolic cost of locomotion using musculoskeletal
modelling is an appealing concept which could be adapted to the assist-as-
needed protocols presented here to obtain personalised policies for RAGT.
Similarly, the use of model-free methods like the ones described in [385]-[388]
could provide viable alternatives to model-based optimisation and HILO for the
tuning of adaptive controllers and the design of personalised assistive policies.
Yet again, in many cases these approaches seem to suffer from the need of a
large amount of data and computational power that make their application to

the real world more challenging.
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APPENDIX A: MODEL SCALING USING MOTION
CAPTURE

Model scaling in the context of musculoskeletal modelling is the process of
adapting a generic or template musculoskeletal model to match the specific
anatomical characteristics of an individual. Musculoskeletal models are often
based on averaged data found in the literature, but individuals vary signific-
antly in terms of body size, weight, limb lengths, and other anatomical features.
Scaling the model ensures that it more accurately represents the specific person
being studied or analysed.

OpenSim offers a Scaling Tool to carry out this process using the data
obtained from motion capture. For this, virtual markers are placed on the
unscaled model, on anatomical locations that can be systematically identified
on different individuals. The same set of markers, referred to as experimental
markers, are then placed on the human and their location is recorded using
motion capture (Figure 50).

Once the posture of the human is recorded, OpenSim’s Scale Tool can be
used to adjust the dimensions of the model, the musculotendon properties of
the model, the weight of the model, and the location of the model’s markers
to match the experimental data. To adjust the dimensions of the model’s
segments, marker pairs are defined, and scale factors are calculated for each
segment. Depending on the marker set, it is possible to either uniformly scale
a model’s segment based on a single marker pair, or use different marker pairs
to independently scale a segment in the x-y-z directions. Similarly, the weight
of the model can be adjusted by either uniformly distributing the recorded
mass of the human based on the mass distribution of the template model,
or by distributing the recorded mass of the human based on the calculated
scale factors. Then, based on the dimensions of each segment, any length-
dependent musculotendon properties, such as optimal fibre length and tendon
slack length, are also scaled. However, since muscle strength is not a length-
dependent property, it is not scaled and any updates must be carried out

manually.

113



Figure 50: (a) Front and side view of the musculoskeletal model with the virtual mark-
ers. (b) Front and side view of a healthy adult wearing the experimental

marker set.

After the model is scaled, OpenSim’s Scale Tool offers a Marker Place-
ment process to match the experimental data. A weight can be allocated to
each marker and each joint coordinate (if known), and the static pose of the
model along with the model’s markers are updated using OpenSim’s Inverse

Kinematics tool (Appendix B) to minimise errors.
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APPENDIX B: INVERSE KINEMATICS USING OPENSIM

Inverse kinematics in musculoskeletal modelling refers to the process of ob-
taining joint angles from known marker coordinates. For this, the position of
the experimental marker set, x**¥, is compared to the position of the virtual
marker set, x, and the pose of the model is adjusted to minimise errors. This

can be expressed as:

min zwlux ~xi(q)|? (69)

where q are the generalised coordinates of the model, w are the marker weights,
and N is the number of markers.

In the case where estimates of the model’s coordinates are available, q“*7,
this process can be adjusted to minimise both marker errors and coordinate

errors. This can be expressed as:

N
mqin Zwinfxp_xl ||2 Zw] exp_‘?]) (70)
i=1 j=1

where w are the coordinate weights and M is the number of coordinates.
The same pipeline can be used during model scaling, to adjust both the
model kinematics and the placement of the virtual markers based on experi-

mental data and the respective weights. This process can be expressed as:

M
min Z wil[x = xi(Q)|* + ) w;(q;" —q;)? (71)
X i j=1

where the position of the virtual markers, x, is included in the decision vari-

ables.
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APPENDIX C: RESIDUAL REDUCTION ALGORITHM

The Residual Reduction Algorithm (RRA) available in OpenSim aims to min-
imise the effects of modelling and marker errors that may lead to large non-
physiological compensatory forces, called residuals. To do this, RRA relies
on forward dynamics that use a tracking controller to follow the kinematics
obtained from the experimental data. During this process, residual forces and
moments are applied to the pelvis, to ensure that the model’s kinematics are
more consistent with the ground reaction forces and/or bushing forces acting
on the model. This is formulated as an optimisation problem where the aim is

to minimise the model’s controls, x, and tracking error:

N M
min Yox7+ Y wi(dr — i) (72)
i=1 j=1

where N is the number of actuators, M represents the model’s degrees of
freedom (DOFs), §* are the desired joint accelerations, and w are the acceleration
weights. At the end of the simulation, the outputs P include the resultant joint
moments and residual forces, along with an updated mass distribution of the
model and updated joint kinematics.

Based on these outputs, the average values of the residual moments in the
mediolateral direction and anterior-posterior direction can be used to adjust
the torso mass center to minimise errors due to inaccuracies in the mass
distribution and geometry of the torso in the model. Similarly, the average
residual force applied in the inferior-superior direction can then be used to
adjust the overall weight of the model to make it more consistent with the

external forces acting on the model.
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