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Abstract

Loss of mobility or balance resulting from neural trauma is a critical consideration in public health. Robotic
exoskeletons hold great potential for rehabilitation and assisted movement, yet optimal assist-as-needed
control remains unresolved given pathological variation among patients. This thesis develops, simulates
and experimentally evaluates a Model Predictive Control (MPC) architecture for lower limb exoskeletons.
It uses a Fuzzy Logic Algorithm (FLA) to bridge the gap in human-robot synergy by identifying modes of

assistance (passive, active-assist, and active-resist) based on human involvement.

Muscle activity, mapped through Electromyography (EMG) or Mechanomyography (MMG), is known to pre-
cede the onset of human joint torque for modelling and prediction of human-exoskeleton movement. This
thesis investigates the complementary and competing benefits of MMG and EMG as a means of human
joint torque prediction. A qualitative and quantitative comparison is presented using three biomechan-
ics agnostic machine learning approaches: linear regression, polynomial regression, and neural networks.
At the expense of training and implementation complexity, the neural network models performed best,

achieving a normalised mean absolute error of 0.063 with MMG and 0.048 with EMG.

The controller is evaluated in hardware with three subjects on a seated 1-Degree of Freedom (DOF) knee
exoskeleton tracking a sinusoidal trajectory with human relaxed, assistive, and resistive. The controller is
also demonstrated with one subject assisting the swing phase of walking. Human joint torque is predicted
using a linear regression model with EMG signals to inform the MPC and assistance mode selection by
the FLA. Experimental results show quick and appropriate transfers among the assistance modes and
satisfactory assistive performance in each mode. Results illustrate an objective approach to lower limb
robotic assistance through on-the-fly transition between modes of movement. This provides a new level
of human-robot synergy for robotic rehabilitation, mobility assistance, and human-robot interaction more

broadly.
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Chapter 1

Introduction

This thesis is an investigation into applying Model Predictive Control (MPC) to robotic assistance while
using muscle activity information from the subject to inform the controller and adapt robot behaviour. Mo-
tivating this work is the need for robotic assistance and rehabilitation devices to adjust to patient-specific
requirements, which vary significantly between patients and over the course of recovery. MPC is used to
meet this need because of the method's ability to optimise for various control objectives simultaneously,
dictated by the configuration of a cost function. These objectives can include trajectory tracking, robot
joint torques, and enforcing of constraints on system states. The MPC cost function is not limited to us-
ing internal robotic system information, and it is the inclusion of external information measured from the

human subject that is the focus of this work.

1.1 Robotic Assistance and Rehabilitation

Balance dysfunction resulting from ageing and/or neural trauma is reaching epidemic proportions. In the
USA, there are 800,000 new cases of stroke each year [1]; 40% of patients suffer serious falls within a year

21



22 Chapter 1. Introduction

of stroke [2]. Indeed, the number of falls per year due to stroke is expected to reach 500,000 in the USA
alone by 2040, representing a total annual cost of $16 hillion per year [3]. Population-based studies have
shown a 35% prevalence of gait disorders among persons over age 70, and 80% over 85 years of age [4].
The UK societal cost of stroke exceeds £8 billion a year [5]. Following acute medical response, long-term
patient outcomes are almost entirely dependent on rehabilitation and early initiation is critical. Outcome
can be impacted by beginning activity in as little as 24 hours after stroke trauma [6] and there is broad

agreement that regular activity within the first 6 months of incidence is vital for best possible recovery [7].

Early activity post-stroke is often impossible without some form of supported movement, yet limited re-
sources mean that most patients receive inadequate rehabilitation; even in-clinic stroke patients are only
functionally active 13% of the day [8]. Ageing population projections indicate a 44% increase in strokes in
the UK in the next 20 years [9]. Even partial muscle dysfunction impacts simple independence and Activi-
ties of Daily Living (ADL). Age-related changes in muscle and joint forces have also been demonstrated in
movements such as sit-to-stand [10] which demands up to 97% of available muscle strength in the elderly
[11]. Stroke patients consequently take significantly longer to execute simple movements, entailing greater
risk of falls and poorer capacity to function [12]. The importance of lower limb rehabilitation for mobility
and its role in increased risk of social isolation have led to a range of rehabilitation therapies; however, ex-
ploiting the full potential of assistive technologies in clinical settings remains challenging. Telemedicine
in rehabilitation is an area of vital future importance [13], [14]. Neural trauma and elderly patients are in

firm need of tools to support their balance, mobility and rehabilitation out-of-clinic.

Wearable robots - i.e. robotic exoskeletons — offer the potential for supported movement and immediate
therapy post trauma which is critical for neural rehabilitation as well as general mobility. Compared with
conventional therapy, robotic rehabilitation may deliver highly controlled repetitive and intensive training,

reduce the burden of clinical staff as well as providing a quantitative assessment of motion and forces
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[15]-[17]. Stationary devices such as GaitTrainer [18] and HapticWalker [19] report both patient cognitive
engagement and compliance during locomotor training. Furthermore, studies using wearable exoskele-
tons such as Hybrid Assistive Limb [20], Ekso [21] and H2 [22] have argued that relevant sensory inputs
and central neuronal circuits become activated under physiological conditions (i.e. overground walking)
leading to neural regeneration. Significant effort has been focused on synergising exoskeleton action for
patients with the capacity to provide partial muscular efforts (e.g. elderly or stroke patients), for whom the
exoskeleton complements the wearer’s strength to complete a successful movement. This demands the
combination of augmenting mohility, lowering risk of injury and, potentially, supporting rehabilitation. The
majority of patient beneficiaries are at serious risk of falls from loss of control [23] as well as sustained
damage due to unhealthy compensation [10]. However, this group also has the potential of rehabilita-
tion if exoskeleton control can synergise its action with user muscle activity. Achieving this demands an
exoskeleton to be intelligent enough to coordinate its activity with human muscle action, recognise and
reward human effort to maximise rehabilitation, and be compliant such that it does not inhibit user move-

ments.

As a serious life-threatening disease, stroke can lead to long-term problems affecting patients’ daily living
ability, which places heavy burdens on families, communities and health services. There are over 13.7
million new stroke cases worldwide each year since 1990 [24], and 5 million of them result in permanently
disability [25]. The annual cost of strokes has been estimated at 51 billion dollars in the USA and 38 billion

euros in Europe [26], [27].

Research has shown that intensive rehabilitation training and exercises can help stroke patients relearn
patterns of motion, enabling them to move again [28], meanwhile exercises must be appropriately adjusted
according to patients’ rehabilitation stages. There are three common types of these exercises: passive,

active-assist, and active, which are respectively used in the early, middle and late stages of stroke reha-
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bilitation. Passive exercises completely rely on the assistance of therapists; active-assist exercises are
used when patients have limited mobility but still need therapists’ assistance for performing a full range
of motion; active exercises can take place without help from therapists once voluntary muscle control
is recovered [29]. Such subject-specific rehabilitation processes are largely labour-intensive and costly.
Understandably, development of robots for assisting post-stroke patients in daily living activities and re-

habilitation training is recently attracting great attention [30].

Robotic assistive devices, such as powered exoskeletons and orthoses, can assist patients with passive
and active-assist exercises [31], [32], [33]. Position control has been popularly used to carry out passive ex-
ercise. For active-assist, robotic devices are required to provide appropriate assistance by sensing patient
participation and/or understanding the patient’s physical limitations, much like a trained therapist. Control
approaches delivering active-assist have been termed Assist-as-Needed (AAN) [34], i.e., allowing patients
to complete movement without suppressing effort contribution [35]. Although studies have shown AAN
control can support the recovery of stroke patients, finding an optimal general AAN algorithm is challeng-
ing because the pathology can vary greatly with each case, and the rate of recovery is highly unpredictable

[36].

1.2 Problem Statement

A common solution for providing active-assist exercise to an impaired limb during AAN robotic rehabilita-
tion is to increase compliance of servo-type position controllers. This can be achieved either using me-
chanically compliant joints [37] or by reducing control gains [38]. The main advantage of such approaches
is that they are relatively simple to implement as they do not require knowledge of the underlying system

model. However, they are not adaptive to individual condition and have limited effectiveness at stimu-
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lating neuroplasticity as patient effort is not actively encouraged [39]. Meanwhile, impedance control is
employed for many assistive exoskeletons, aiming to exhibit human-like mechanical properties and imple-
ment a good compromise hetween tracking ahility and compliance [40]. Conventional impedance control
may require trial-by-trial adaptation to obtain suitable impedance which varies from subject to subject and
with muscular fatigue. Applying such methods in clinical situations is therefore not straightforward, par-
ticularly for early stages of recovery. A number of adaptive impedance approaches have been developed
to promote and maintain patient participation [41], [42]. Pérez-lbarra et al. [43] proposed an assistive-
resistive strategy, which can determine appropriate task difficulty by estimating the dynamic contribution
of the patient based on an exoskeleton dynamic model. However, drawbacks of such model-based meth-
ods include significant latency in human effort estimation and sensitivity to external disturbances. A small
body of work has explored offline adaptive control to periodically change task difficulty, i.e., adapting trial-
by-trial to modulate control parameters based on predesigned performance indexes. For example, Bala-
subramanian et al. [44] designed a wearable upper-extremity robot for functional therapy in repetitive ADL.
An iterative learning control was used to tune the assistive torque trial-by-trial. Such approaches also face
a latency problem, not responding quickly to changes of the wearer’'s motion intention and rehabilitation

reguirements.

Existing AAN control approaches have a common problem - many do not adapt to changes in the subject’s
rehabilitation requirements in time to prevent periods of unsuitable interaction condition. Human-robot
interaction should be suitable in terms of joint compliance and encouraged human effort contribution
to the exercise. Patient ability can vary spatially, with greater mobility displayed in particular areas of
joint motion. These requirements can vary greatly between patients and over the course of rehabilitation,
therefore trial-by-trial parameter modulation approaches have no guarantee of adapting in time to keep
up with the user's changing needs, which may vary within the time frame of a trial elapsing. Previous

AAN control approaches that have relied on system models have suffered from latency when estimating
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dynamic contribution of the user, and inability to separate these contributions from external disturbances.

1.3 Aim and Objectives

The aim of this work is to develop an AAN control approach for robotic assistance which can adapt to
changes in the user's requirements in real-time and distinguish human effort contribution from external
disturbance. The objectives of this research are to address the most prominent issues present in exist-
ing AAN control approaches: a) adaptation latency, b) singular modality, ¢) unconstrained behaviour, d)
disturbance identification, ) human torque estimation latency, and f) flawed human torque estimation

assumptions.

1.4 Scope of this Research

Limits to the research scope and application of the AAN control approach are as follows.

+ Thetargeted conditions for robotic rehahilitation and assistance in this research are limited to stroke
and loss of mobility in the elderly. Other types of pathology for which AAN robotic assistance may be
relevant include Parkinson’s and Spinal Cord Injury (SCI). The highly dynamic and rapidly changing
human-robot interaction demands in assistance of Parkinson's patients with tremor are not taken
into account. The control approach may be applicable to mobility problems found with spinal cord
injury patients, but development and evaluation of this research focuses on the application and
efficacy of the controller with respect to stroke patients in all stages of recovery and elderly patients

suffering muscular weakness.
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« This investigation is limited to actuation of a single robotic joint. Though this limits the applicability
of specific controller configurations developed in this study, it allows the research to focus on user
requirements and human-robot interaction at the joint level. By focusing on analysis at joint level,
the investigation can progress efficiently, without conflation of findings from multiple joints made
simultaneously. The control strategy can be applied individually for robotic assistance at multiple

joints if necessary.

+ The example exercises considered in this study are limited to movements in the sagittal plane.
This reduces the degrees of freedom, and the mathematical modelling complexity of the human-

exoskeleton system during exercise tasks.

+ Theexercises investigated in this work are limited to lower limb examples. This narrows the research
scope, reducing the number of muscle groups and human-exoskeleton system model parameters
involved in controller development. Although the applications in this work are limited to lower limb
single joint actuation, the principles and findings from this work are applicable to upper limb robotic
assistance. The background literature review therefore includes control approaches applied to upper

limb and lower limb robotic assistance.

1.5 Contributions

This thesis reports a number of key developments of interest to the area of AAN control for robotic assis-

tance. The contributions are summarised in the following points.

- An AAN-MPC control architecture is presented which can adapt to changes in the wearer’s require-
ments using information from muscle activity sensor inputs. The tools and methodology for design-

ing AAN control algorithms can apply to general robotic assistance cases involving human-robot in-
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teraction. The method addresses issues prevalent within AAN control: human dynamic contribution

estimation latency, and external disturbance sensitivity.

- A novel Fuzzy Logic Algorithm (FLA) for identifying the suitable robotic assistance mode based on

estimated human dynamic contribution and reference exercise task.

- A novel experimental procedure for recording and processing representative human isometric and

dynamic muscle contraction signals during various human-exoskeleton interactions.

- A human joint torque estimation approach for predicting human joint torque based on muscle ac-

tivity signals and system states.

- A qualitative and quantitative comparison of novel microphone-based Mechanomyography (MMG)

and Electromyography (EMG) for human joint torque prediction

- A simulation framework for human-robot systems using real sensor data collected from subjects,

useful for designing and testing the controller, fuzzy logic algorithm, and human torque estimation

approach offline.

- Validation of the control architecture with the design and construction of single joint exoskeleton

robot configurations for testing the controller with subjects.

- Real-time robot control software combining controller code with a Graphical User Interface (GUI)

and Application Programming Interface (API)s for sensor data acquisition and motor control. The
code also has simulation functionality for testing controller and system behaviour with sensor data

collected either offline or on-the-fly.
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1.7 Structure

This thesis has been organised in 7 chapters in addition to this one, with a synopsis of the remaining

chapters given as follows.

Chapter 2 provides a state of the art review of robotic assistance then focuses on post-stroke reha-
bilitation. The main application areas of strength augmentation, mobhility assistance, and robotic
rehabilitation are explored. Within the latter, topics of neurological disorders and neurorehabilita-
tion requirements, including commonly used lower limb rehabilitation exercises, exercise modes,
and robot control challenges are discussed. The chapter provides context for the study and under-
standing of current applications that are significant in the field of wearable robotics for rehabilitation

and assistance.

Chapter 3 provides background on control methods for robotic rehabilitation and assistance, and de-
tails of existing state of the art AAN control approaches. Training modalities used in rehabilitation
are discussed including where these modes are useful in the course of physical recovery. The most
common AAN control approaches are presented and examples of each are critically reviewed. Fol-
lowing comparison and evaluation of the approaches, adaptation latency is identified as a common
weakness, which leads to the research proposition of intelligent model predictive control using mus-

cle activity signals for human joint torque prediction.

Chapter 4 provides the outline for the control approach proposed in this thesis. Following development
of the control framework, the human-exoskeleton systems are presented, including details of the

knee joint actuator, seated and standing exoskeleton configurations, and accompanying models.
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The presented models are used for design and simulation of the intelligent nonlinear MPC strat-
egy that follows. An example of the MPC approach is provided with simulation results, comparing
the performance of the proposed controller to Proportional Integral Derivative (PID) and impedance
control methods with respect to constrained assistance, step response, and sudden human torque
response. Comparison of simulated performance for seated tracking and the influence of modelling

error is also presented.

Chapter 5 presents the FLA for assistance mode detection. Background of fuzzy logic applied to robotic
assistance is provided. The method of the algorithm is developed, which explains how likelihood val-
ues for active-assist, passive, safety modes of operation are determined from the inputs of reference
joint velocity and estimated human joint torque. The purpose of the assistance penalty parameter is
discussed and a method of trajectory adaptation using high level human interaction condition infor-
mation is proposed. Finally, a comparison study exploring the effect of using the assistance mode

variable to adjust gain values of PID, impedance, and intelligent MPC controllers is presented.

Chapter 6 explores the important challenge of predicting human joint torque using muscle activity sig-
nals and joint states. Background of existing approaches to estimating human muscle force and
joint torque using muscle activity signals is provided. MMG and EMG muscle activity signals are
both tested to compare their ability to predict human joint behaviour. Various modelling approaches
are investigated, and the resulting predictions are compared and contrasted. It is concluded that
EMG signals provide the most accurate human joint torque prediction, so this signal is proposed for

validation of the proposed control framework.
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Chapter 7 presents an evaluation of the proposed AAN control framework for seated and standing ex-
ercises. Evaluation metrics including human torque ratio and robot compliance are proposed for
quantitative evaluation and comparison of controller behaviour. Several healthy subjects are in-
volved in the study which evaluates the ability of the controller to deliver suitable assistance to
subjects across various human interaction conditions. The assistance modes of passive, active-
assist, and safety are demonstrated for seated leg extension and flexion, and overground walking.
The proposed controller is shown to respond rapidly to changes in human-robot interaction, and ad-
just the nature of robotic assistance, addressing the major shortfall of the existing AAN controllers

discussed in Chapter 3.

Chapter 8 summaries key findings, compares the proposed AAN control approach to existing methods,

and, finally, describes possible areas for future work.



Chapter 2

Wearable Robots for Lower Limb Assistance

As discussed in the introduction, wearable robots have an important part to play in providing assistance for
individuals with very specific physical needs. This chapter provides context for this study and understand-
ing of current applications that are significant in the field of wearable robotics for assistance. The first part
of this chapter describes the approach taken for the literature review. The scope of the survey is provided,
limitations are stated, and key definitions are provided for terms used in the review and throughout the
rest of the thesis. The second part of this chapter provides an overview of lower limb wearable robots
for assistance and summarises the main application areas of strength augmentation, mobility assistance,
and robotic rehabilitation. The third part of this chapter provides detailed background on the application
of robotic rehabilitation, which is the area of focus for the work in this thesis. This covers neurological dis-
orders, neurorehabilitation requirements including commonly used lower limb rehabilitation exercises and
exercise modes, and robot control challenges. This will provide the necessary background for the following

chapter which includes a literature survey focusing on control methods for robotic rehabilitation.

33
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2.1 Approach to Literature Survey

The scope of the literature survey in this thesis (Chapters 2 & 3) is illustrated using the map in Fig. 2.1.
In this chapter, notable wearable robots for assistance are explored and grouped according to type of end
user application: strength augmentation, mobility assistance, or rehabilitation. The survey then focuses
in detail on the application of robotic rehabilitation following neurological disorder, looking at various pa-
tient requirements, recommended exercise tasks, and the associated control challenges. In the following
chapter, the survey focuses on approaches to the control challenges of robotic rehabilitation, grouped by
fundamental control strategy types. The control strategies are discussed and a commonly found problems

with the existing strategies are identified.

The part of the survey focusing on wearable robots for assistance is limited to lower limh devices because
this is the application area for experimental work in this thesis. The survey is also limited to wearable
devices, so robotic systems which rely on external actuation systems and do not bear their own weight
are not considered. The study is also limited to systems with direct joint actuation, so devices actuating
using externally anchored pulleys and Bowden cables are not included. Multi joint and single joint devices

are within the scope of this survey.

Assistance in the context of wearable robots describes additional force or torque applied to the human
body which helpfully contributes towards achieving a desired task. A wearable robot is defined as a me-
chanical device that is designed around the form and function of the human body and can be worn by the
operator, with segments and joints corresponding to those of the person it is externally coupled with [45].
Wearable robots can effectively integrate the cognitive ability of the human being and the mechanical capa-
bility of robotic devices to assist the user in accomplishing a desired activity [16]. We define exoskeletons
as wearable electromechanical devices which augment the user's body either to enhance physical ability,

provide support or perform rehabilitation exercise.
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Figure 2.1: Map of Literature Review Areas. The root of the literature survey is the topic of wearable
robots for assistance. From there, the literature is grouped into key application areas. The review then fo-
cuses on the application of robotic rehabilitation for neurological disorders. Approaches dealing with the
control challenges for this area are the focus of the literature survey in the following chapter. The chap-
ter concludes by identifying the major problems with existing approaches in order to identify a potential
contribution to the research area of assist-as-needed control for robotic rehabilitation and assistance.

Rehabilitation is defined as the process of helping a person who has suffered an illness or injury restore
lost skills and so regain maximum self-sufficiency. This survey focuses on the rehabilitation of motor
skills specifically. The robotic rehabilitation applications considered are limited to neurological conditions
only. This is because the bulk of current research efforts in the field focus on this type of rehabilitation.
The secondary effects of conditions like incomplete Spinal Cord Injury (SCI) and stroke cause significant
burdens on families, health services, and clinical rehabilitation services [24]. Findings and developments

made in this research area often translate to other types of rehabilitation, such as following sports injury.
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2.2 Overview of Robotic Assistance Applications

Wearable robots have an important role in providing physical assistance to humans in three main applica-
tion areas. These are strength augmentation, mobility assistance, and rehabilitation. Strength augmen-
tation applications aim to enhance the physical ability of able-bodied humans. Mobility assistance appli-
cations target wearers with physical impairments that either partially or entirely restrict mobility. Where
patients have lost motor control, these applications aid mobility through direct actuation of the wearer's
limbs. These applications intend to enable patients to stand up, sit down, ascend/descend stairs and
inclines, and walk on level ground. Robotic rehabilitation applications also target wearers with mobility
impairments, but here the aim is to restore strength, motor control, and independent mobility through gait
training exercises. For these applications, patient participation should be encouraged and human-robot

interaction requirements vary greatly depending on a number of factors including the stage of recovery.

2.2.1 Strength Augmentation

Strength augmentation exoskeletons can be further categorised based on the two application areas of the

military and the workplace.

Military exoskeletons have been developed for fit and young soldiers that are required to perform phys-
ically demanding missions when they reach a combat zone. To assist in such cases, exoskeletons can
amplify the capabilities of the soldier so that they feel only a fraction of a load being carried from one
location to another and long distances can be covered with reduced metabolic cost. A prominent case of
research and development is the Berkeley Lower Extremity Exoskeleton (BLEEX) [46], shown in Fig. 2.2a.

It was developed at the University of California, Berkeley under a DARPA-funded project to develop a ver-
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(a) BLEEX: (b) Hexar: (c) ReWalk: (d) Ekso: (e) Lokomat:
Military [46]. Workplace [49]. Mobility [50]. Rehab. [51]. Rehab. [52].

Figure 2.2: Lower Limb Wearable Exoskeletons. Prominent examples of lower limb exoskeletons and
their primary assistance applications.

satile transport platform for mission-critical equipment. It uses linear hydraulic actuators to allow soldiers
to carry 100 kg without fatigue. Other notable military exoskeletons for similar applications include Sar-
cos X0S2 [47] (Raytheon, USA), HULC, and ExoClimber [48] (Berkeley Robotics and Human Engineering

Laboratory, USA).

All of these devices have been designed to augment capabilities of soldiers in wartime during emergency
operations. The main challenge in developing load augmentation exoskeletons for soldiers is reducing the
overall system weight while keeping capacity for significant augmentation over long periods. However, the
high torque actuators require lots of power and energy from large, heavy batteries to achieve this. Clearly
development of longer-lasting lightweight batteries is needed for exoskeletons to have widespread impact

in this sector.

Workplace exoskeletons have been developed for workers in industrial environments who have to per-
form physically demanding tasks which can lead to stress and adverse health effects. Tasks can include
lifting heavy parts on an assembly, pick and place operations, and handling heavy equipment. Exoskele-
tons can help workers perform these specialised motions within defined reachable spaces. Workers can

be supported during 3D joint movements to avoid health being compromised as a result of physically de-
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(a) Handle™ (Boston Dynamics, USA) (b) Pick™ (Boston Dynamics, USA)

Figure 2.3: Sophisticated Workplace Robots. Robots for automating manual warehouse tasks [59]. In-
novations such as these, which leave humans out of the loop, make the research and development of
workplace exoskeletons less necessary and less commercially appealing.

manding motions. Examples of powered workplace exoskeletons include the PERCRO Body Extender [53],
Innophys [54], Wearable-Agri-Robot [55], and Hexar [49], shown in Fig. 2.2b. For partially supporting loads
on workers during workplace tasks, some passive' exoskeletons have been developed, for example the

Fortis Exoskeleton (Lockheed Martin, USA) and ROBO-MATE [56].

Despite research and development efforts over the years, these systems are yet to be widely adopted for
manual labour inindustry. Alternative types of robotic automation solutions which leave humans out of the
loop have prevailed over exoskeletons in workplace environments. Such systems have proven advanta-
geous for reasons including increased efficiency, reliability, and human safety. Automated robotic systems
are already widely used in warehouses and factories, with companies such as Amazon [57] and Ocado [58]
integrating robots in their distribution centres for fulfilling customer orders with greater efficiency. Boston
Dynamics have recently developed and marketed fully automated robotic warehouse solutions such as

their Handle™ and Pick™ robots [59], shown in Figs. 2.3a and 2.3b respectively.

TPassive refers to devices which use components such as springs, pulleys, and dampers instead of active actuators such
as DC motors which consume electrical power.
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2.2.2 Mobility Assistance

Exoskeletons for mobility assistance applications can be further categorised based on the end user. Those
user categories include patients suffering from various types of paralysis, referred to here as paraplegia,
and otherwise healthy people suffering from mobility problems, such as the elderly with reduced physical

ability or those suffering from a sports injury, here referred to as partial mobility.

Paraplegia is an impairment in motor or sensory function of the lower extremities. It is usually caused
by complete SCI or a congenital condition that affects neural elements of the spinal canal. Individuals with
paraplegia can range in their levels of disability, so mobility assistance requirements can vary from case
to case. In severe cases, individuals may have full or partial lower body paralysis. Paralysis is the inability
in motor and sensory functionality preventing motions such as standing and walking. Paralysis cases can
be categorised by the regions of the body affected: quadriplegia cases affect the whole body from the
neck down, hemiplegia impairs one side of the body divided by the sagittal plane, and paraplegia affects
the body from the waist down. A number of mobility assistance solutions have been used by paraplegics
including braces and crutches, wheelchairs, and orthotic’ devices. Braces and crutches do not provide
full motion autonomy and so have limited use. They are also unsuitable for severe cases of quadriplegia.

However, they are acceptable in less severe cases of paralysis for short-term help.

Aided locomation through conventional means such as wheelchairs and mobility scooters can provide
long-term mobility support in large open plan areas. However, major structural changes are required
for these to be used in public buildings and traditional homes. Such adjustments are becoming more
widespread as society advances and becomes more inclusive, but accessibility is still limited today. Wheelchairs

provide efficient movement on flat surfaces but cannot be used in tight spaces or over unstructured ter-

20rthotics is a medical speciality that focuses on the design and application of orthoses. An orthosis is an externally applied
device used to modify the structure and functional characteristics of the neuromuscular and skeletal system [60].
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rain. They result in the user sitting in the same posture for extended periods of time, which can lead to
secondary health problems. They also do not permit eye-level interactions with non wheelchair users and
this can contribute to social exclusion. Despite this, wheelchairs are often the only long-term mobility op-
tion available, with no economically viable alternatives, meaning people are forced to move to single storey
housing, install chair lifts and ramps, change fittings that are too high or low and so on. Such changes
come at a significant financial cost for individuals, even if the initial cost of a wheelchair or mobility scooter
may be attractively low. The overall cost of wheel-based mobility adoption for an individual can be so sig-
nificant that the prospect of investing in a body-fitting exoskeleton becomes attractive. In principle, with
a mobility assistance exoskeleton, minimal changes to homes and lifestyles are needed for users to be
active and independent. This option could potentially allow people suddenly in need of mobility assistance

to continue living in the same home without significant structural modification.

There are several mobility assistance exoskeletons developed for upright walking of paralysed people. A
notable example is the ReWalk exoskeleton [50] (ReWalk Robotics, USA) for SCI patients, shown in Fig.
2.2c. Itis a patient-worn device which is self-contained and includes a backpack. It uses rechargeable
batteries to drive the hip and knee joints. Tilt sensors compute the trunk angle and a wristwatch-style
device is used to manually activate different motion modes such as stand-to-sit, sit-to-stand, and walking.
The safety and performance of the ReWalk for restoring ambulatory function in complete SCI patients was
studied in a clinical trial involving 12 subjects. It demonstrated considerable potential as a safe ambulatory
powered orthosis, with most subjects achieving a level of walking proficiency close to that needed for

limited community ambulation [67].

Another device for SCI patients is the Indego exoskeleton [62] (Vanderbilt University, USA) which offers a
modular mechanical design, consisting of a hip brace, two thigh frames, and two shank frames. It can

be assembled quickly, adjusted with a single hand, and is easy to don and doff. It is to be used with
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conventional ankle-foot orthoses. It has six modes for sitting, standing, walking, and all transitions. Other
devices such as Ekso [51] (Fig. 2.2d), Rex [63], and Mindwalker [64] have also been developed for SCI and

paraplegic patients.

The ReWalk, Ekso, and Rex exoskeletons have been approved by medical regulators such as the United
States Food and Drug Administration. Similar approval is a prerequisite for commercialisation in most
territories. Although commercially available, the usefulness of these devices is still in doubt as there are
various technical and social issues in the way of their widespread adoption. Technical barriers include
a lack speed compared to healthy human motion, excessive weight of the devices, requirement of heavy
battery packs for use outdoors, comfort issues for both short and long periods of wear, and complexities
introduced with sensing and actuation components. Social issues include hesitant attitudes toward the
use of assistive technologies in activities of everyday life, high capital costs, and unintuitive human-robot

interaction.

Partial mobility exoskeletons are intended for users who have some physical limitations but are other-
wise healthy, for example the elderly or those suffering from a sports injury. There is a rapidly growing
number and proportion of older people in the global population [65]. Therefore there is a need to shift the
focus of assistive technology development towards their needs. This can be achieved by creating assistive
exoskeletons that can help them to stay independent and maintain a good quality of life long into old age.
The physical functionality of elderly people degrades with age as they usually become less mobile and
get tired more quickly. Flexible and adaptive assistive technology should be developed so that the level of
assistance can adapt to meet the changing needs of an individual without having to change the device.
Despite global concerns, only a few multipurpose exoskeletons have been developed which can be used

by the elderly or partially injured and no commercial models are available to date.
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PhaseX is a spin-out company created by University of Galve in Sweden which aims to commercialise
assistive exoskeleton technology developed within the Active and Assisted Living (AAL) Call 4 project EXO-
LEGS [66]. Simplified lower limb mobility exoskeletons able to support key human motions were developed
[67]. Such wearable exoskeletons have the potential to meet the mobhility requirements of partially limited
people during daily living activities. For such devices to succeed, the intention must be to create user-
centric solutions which can become affordable mass-market consumer products, rather than high-value

low-volume clinical devices.

2.2.3 Rehabilitation

Rehabilitation is necessary for individuals with gait disorders, which can result from a variety of medical
conditions such as traumatic brain injury, incomplete SCI, and stroke. Because of the ageing population,
more people are suffering from acquired neurological disorders. The recovery of gait is an integral part
of rehabilitation and often influences whether a patient can return home or to work [69]. Many individuals
affected by a neurological impairment fail to recover the functional use of the lower limbs, even after
prolonged rehabilitative treatment. These limitations come at great economic cost and are responsible
for a significant reduction in quality of life [70]. In all cases rehabhilitation should be started as early as

possible.

As manual therapy is physically demanding for both the patient and therapist, robotic exoskeletons have
been investigated to increase therapy efficiency. Robots are capable of providing more intensive patient
training, quantitative feedback, and improved functional outcomes [/1]. Medical gait training exoskeletons

can be either stationary treadmill-based or wearable for over-ground training.

3Unlike a complete SCI, which results in the complete loss of function below the point of injury, with incomplete SCI only
part of the spinal cord is damaged and some motor and sensory function remains. The remaining functionality varies greatly
from person to person. The distribution of incomplete and complete lesions is currently about 50/50 [68].
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Developed in the late 1990s and still widely used today, one of the best examples of a robot-assisted
gait training exoskeleton achieving clinical success is the Lokomat (Hocoma, CH), shown in Fig. 2.2e
[72]. It is a treadmill-based Body Weight Supported (BWS) rehabilitation system. It includes audio-visual
biofeedback, using a screen in front of the user and is powered at the hip and knee joints. The Lokomat
has demonstrated feasibility for locomotion training with severely affected patients after stroke [73], [74],
and incomplete SCI [75], [76]. The system has also demonstrated a clear decrease in therapist exertion

and reduction in the number of personnel required compared with manual gait training.

Wearable lower limb exoskeletons such as the ReWalk and Ekso, already discussed for mobility assistance
applications in Sec. 2.2.2, have been investigated for over-ground gait rehabilitation with incomplete SCI
and stroke patients. The effects of gait training with the ReWalk exoskeleton on Quality of Life (QOL)
following incomplete SCI was investigated. Patient improvements were recorded in QOL, mobility, risk of

falling, motor skills, and control of bladder and bowel functions [77].

The Ekso (Ekso Bionics, USA) is designed to assist rehabilitation of patients with various levels of lower
extremity weakness caused by incomplete SCI and stroke [78]. The device has 6 DOFs (3 per leg). The
hip and knee joints are actively powered, providing assistance in the sagittal plane, and the ankle joints
are passively sprung. It features Smart Assist* which enables adjustable assistance from the suit based
on individual patient needs. In a clinical study it was shown that gait training with the Ekso GT promotes
learning of the correct step pattern in patients. All subjects showed improvements in gait spatiotemporal
indexes (mean velocity, cadence, step length and step width). This allowed them to take a greater number

of steps at a faster pace compared to traditional rehabilitation [81].

The H2 exoskeleton [22] has six actuated joints and is designed for intensive bilateral overground training.

It uses an assistive gait algorithm, developed to create a force field along a desired trajectory, only applying

“4Also known as Variable Assist in the US, this technology lets clinicians augment patients’ training, allowing them to isolate
specific aspects of the gait cycle in each leg for independent treatment with variable power [79], [80].
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torque as patients deviate from the prescribed movement pattern. In clinical trials, the H2 was shown to be
safe and easy to use for walking tasks. Customisation for individual patients and optimisation for specific

rehabilitation treatments are possible with this system.

The Stride Management Assist (SMA) exoskeleton (Honda, JP) is intended for function task-specific train-
ing on bilateral spatiotemporal gait parameters [82]. It aims to enhance walking performance and increase
community mobility and social interaction in elderly adults and patients with gait disorders. The SMA is

worn around the hips and provides independent actively powered flexion and extension at each hip joint.

Hybrid Assistive Limb (HAL) provides motion interactively according to the wearer's voluntary drive [83].
It detects Electromyography (EMG) signals generated by the patient’s muscle activities and floor reaction
force signals caused by intended weight shifts. Whereas most similar devices use predefined motions for
users, HAL generates motion paths based on the wearer's motion intention. HAL is designed to deliver

unilateral or bilateral overground gait training without a treadmill.

AlterG Bionic Leg is a powered knee orthosis. It uses multiple sensors, including pressure sensors placed
in the wearer's shoes, accelerometers, and joint angle detectors to create a model of the user’s activity. It
can assist during sit-to-stand transfers, walking on level surfaces, stair ascent, and stair descent, providing
assistive torque at the knee joint. It is programmable so a trained physiotherapist can define parameters

for unilateral gait training which are updated over the course of therapy [84].

In recent years, significant progress has been made in the mechanical design of wearable gait training ex-
oskeletons [16]. Their feasibility for the rehabilitation of gait disorders caused by incomplete SCI and stroke
has been demonstrated in studies published in influential peer-reviewed journals [68], [85]. Several devices
have been successfully commercialised, however there sill exists a large gap in the research with respect
to personalised and adaptable human-robot interaction. Wearers of devices often report discomfort dur-

ing therapy sessions. Efforts should be made to make devices feel organic for the patient [71]. Although
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functional outcomes are often similar to traditional therapy, there still exists significant variability in train-
ing performance from person to person. This inconsistency is observed less with traditional rehabilitation
methods: trained therapists continuously make judgements and tailor treatments for individual patients
at every stage of recovery [86]. This thesis will consider the application of wearable robots for robotic
assistance and rehabilitation, specifically investigating how existing control approaches can be improved
to make assistance more adaptable to the wearer’s condition and stage of rehabilitation. The following
section focuses on the clinical processes involved in robotic rehabilitation and the control problems that

arise from highly variable patient requirements.

2.3 Focus on Robotic Rehabilitation

Rehabilitation robotics is a rapidly developing field that shows great potential for aiding people with move-
ment disorders in their recovery, leading to improved quality of life and independence. Rehabilitation robots
serve as physical aids to therapists and present new opportunities for innovating the recovery process.
Increased motivation can be achieved with serious games® and interactive virtual environments [43], [87],
[88]. Integrated sensing can provide quantitative feedback about patient progress and therapy outcomes,
and enables the use of machine learning algorithms [37], [36]. Innovations such as these lead to more

effective and enjoyable therapy methods.

Control strategies for rehabilitation robots differ from those of conventional industrial manipulators. A
big difference is the nature of environment with which the robot interacts: ideal human-robot interaction
requires highly variable mechanical compliance [89]. Another difference is the need for human-centred

control regimes, with robot behaviour and controller priorities adapting based on information from the

SA serious game is one designed for a primary purpose other than pure entertainment: in this context motor and cognitive
rehabilitation.
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patient.

2.3.1 Neurological Disorders

Global average life expectancy is increasing thanks to advances in medicine and healthcare, so the de-
mographic profile is shifting towards a more elderly population. Unfortunately, this shift is not translating
to more healthy life years® at the same rate. Morbidity and disability rates are rising, with neurological

disorders being a very common cause.

Stroke Cerebrovascular accident, or stroke, is the rapid loss of brain function due to disturbance in the
blood supply, resulting in cell death. There are two main types of stroke: ischaemic, caused by blockage
of an artery supplying oxygen-rich blood to the brain, and hemorrhagic, caused by an artery in the brain
leaking or rupturing. Ischaemic is the more common type, occurring in around 85% of cases. There have
been over 13.7 million new stroke cases worldwide each year since 1990 [24], leaving 5 million people
permanently disabled [25]. The annual cost of strokes has been estimated at 57 billion dollars in the USA

and 38 billion euros in Europe [26], [27].

According to the American Heart Association, an estimated 7 million Americans > 20 years of age self-
report having had a stroke. The prevalence of stroke in the US increases significantly with advancing age.
Over the time period of 2006 to 2010, older adults had increased self-reported rates. Stroke is a leading
cause of serious long-term disability in the United States. It was among the top 18 diseases contributing
to years lived with a disability in 2010. Of these 18 causes, only the age-standardised rates for stroke

increased significantly between 1990 and 2010 [91].

SHealthy life years are defined as the number of years that a person is expected to continue to live without disability in a
healthy condition [90].
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The age-standardised incidence of stroke in Europe, at the beginning of the 21st century, ranged from
95 to 250/100,000 per year. Approximately 1.1 million inhabitants of Europe suffered a stroke each year.
Because of the ageing population, the absolute number of stroke cases is expected to rise dramatically in

the coming years: by 2025, 1.5 million European people will suffer a stroke each year [92].

The UK societal cost of stroke exceeds £8 billion a year [5]. Following acute medical response, long-term
patient outcomes are almost entirely dependent on rehabilitation and early initiation is critical. Ageing
population projections indicate a 44% increase in strokes in the UK in the next 20 years [9]. Even partial

muscle dysfunction impacts simple independence and activities of daily living.

The effects of stroke depend on the severity, type, and location in the brain. Muscle weakness is acommon
consequence and can result in a decrease in physical activity [93]. Changes in gait performance can be
observed, including reduction in speed, increased asymmetry, and greater energy cost. Physical impair-
ment can range from a slight weakness of extremities on the side contralateral to the lesion (i.e. partial
hemiparesis) to total paralysis (i.e. hemiplegia). This effect does not originate from actual muscle dam-
age, but rather a reduced number of neural pathways leading to them. Prolonged disuse leads to brain
and muscle atrophy [94]. Loss of other functions is also common, such as speech, spatial ahility, and
cognition. One may recover completely from stroke, but more than two thirds of survivors will have some

form of disability [95].

Spinal Cord Injury The spinal cord is the pathway that carries electrical signals back and forth between
the brain and the peripheral nervous system. A trauma involving damage to these pathways will cause
loss of function depending on its severity and location. Every year, around the world, between 250,000
and 500,000 people suffer an SCI. The majority of cases are from preventable causes such as road traffic

crashes, falls, and violence [96]. More than half of all SCI patients will develop complications during the
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initial hospital stay such as traumatic brain injury, and cerebrovascular damage. Unlike stroke, which is
typically an elderly disease (almost three quarters of cases occur in people over 65) [92], The average age
at the time of SCI is 32 [97], which necessitates life-long specialised care. An increase in SCI incidence

among the elderly has been reported over the last few decades [98].

The nature of disability depends on the location where the spinal cord and nerve roots are damaged, and
the extent of the damage. The severity of injury can be described in levels of completeness. A complete
injury is a case in which there is absolutely no spine-mediated neurological function below the level of
the injury. An incomplete injury is one in which there is some remaining function, typically in the form of
intact sensation or slight motor function [99]. Incomplete injury carries a better prognosis for recovery
of some degree of neurological function. Approximately 60% of patients with a SCI suffer an incomplete
lesion [100]. An injury above the first thoracic vertebra will result in quadriplegia, and below it will result
in paraplegia. SCl is a lifelong condition, requiring ongoing efforts in multiple disciplines for it to stabilise
or diminish. Efforts should also be made to prevent or limit secondary impairments and complications,

improve and maintain social functionality, and maintain quality of life for the individual.

Remarks [tis clear that neurological disorders can have devastating effects on a person’s independence
and quality of life. Ideally these acquired disorders would be avoided entirely through public education and
medical advances, but in reality they are a common occurrence so effective rehabilitation is a necessity.
The principles of motor learning have been widely researched, and it is encouraging to see growing efforts

in neurological rehabilitation research.
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2.3.2 Neurorehabilitation

Until recently, it was thought that cortical maps were hard-wired early on in child development. Research
in the latter half of the 20th century showed that many aspects of the brain can be altered, or are plastic,
even through adulthood [107]. The developing brain exhibits a higher degree of plasticity than the adult
brain [102]. This ability of the brain to change continuously throughout an individual’s life is known as
neuroplasticity. The purpose of neuroplasticity is to optimise neural networks. For example, brain activity
associated with a given function can be transferred to a different location, the proportion of grey matter’

can change, and synapses may strengthen or weaken over time.

Neurorehabilitation utilises activation of experience-dependent neuroplasticity to promote functional re-
covery. Exposure to specific training exercises leads to improvement by activating neuroplasticity mech-
anisms [104]. The aim is to minimise and/or compensate for any functional impairment following neuro-
logical injury [105]. It does not reverse cell damage caused by stroke or SCI, but instead works towards

restoring neural functionality [106].

Recovery factors A combination of factors such as spontaneous recovery, compensation, and relearn-
ing are important for functional improvement [107]. There is usually some spontaneous recovery in the
vast majority of stroke patients. This is most pronounced over the first month and can continue over a pe-
riod of several months. Unfortunately, recovery is typically partial, and patients are usually left with some
disability. It is difficult to assess for true neurological recovery. With recovery, the objective is to restore
lost function. Compensation, in contrast, results in functional improvements via engaging the unaffected
limh, using assistive devices, or modifying the movement sequence [108]. From a clinical perspective and

the patient’s point of view, the distinction between physiological recovery versus substitution may not be

’Grey matter contains most of the brain's neuronal cell bodies. It includes regions of the brain involved in muscle control,
and sensory perception such as seeing and hearing, memory, emotions, speech, decision making, and self-control [103].
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important if disability is minimised and quality of life restored. However, this distinction is fundamentally

important for understanding mechanisms of neurological recovery.

Motor learning is the acquisition and retention of new motor skills (or improvement of existing ones)
through practice and experience. It is a practical application of neuroplasticity, and thus is a relatively
permanent change compared to motor adaptation.® The cerebellum and basal ganglia play a major role in

this process [109].

Voluntary movements are controlled by a combination of feedback and feedforward mechanisms. The
sensory feedback from afferent neurons® exhibit long time delays. Delay feedback has been suggested as
a possible mechanism for instabhilities in muscle control, leading to behaviours such as tremor [110]. Our
motor systems rely mostly on feedforward processes to control motion. However, feedforward systems
lack the sensory feedback necessary for compensation of external changes (e.g. perturbations, muscu-

loskeletal changes, etc.). That is where motor adaptation and sensory feedback prove very useful [111].

Motor learning guidelines Although the specific mechanisms underpinning neurorehabilitation are not
fully understood, there is clinical evidence of the effectiveness of motor learning- (or relearning-) based
approaches over conventional therapy methods [112]. There is strong evidence that task-oriented repeti-
tive training can result in functional gains [113]. Task-specific activity is a critical factor in structural and
functional changes in the region of the brain responsible for motor recovery [114]. It has been shown that

a rehabilitation exercise should be repetitive, intensive, and task-specific:

8Motor adaptation is the process of acquiring and restoring locomotor patterns (e.g. leg coordination) through an error-
driven learning process.

9 Afferent neurons are sensory neurons that carry nerve impulses from sensory stimuli towards the central nervous system
and brain, while efferent neurons are motor neurons that carry neural impulses away from the central nervous system and
towards muscles to cause movement.
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Repetitive From lived experience it is clear that in order to learn a task, it should be repeated over and
over again. However, repetition alone is not enough to learn or relearn a skill and for permanent
changes to be made in the motor cortex [115]. To achieve this, individuals must undertake progres-
sively more challenging tasks. Also, repetition with some variation is shown to have better outcomes
than exact repetition. Introducing small variance to repetitive tasks has been termed repetition with-

out repetition [116].

Intensive refers here to uninterrupted therapy sessions that go on for a long time. Sessions considered
to be intensive can last a number of hours [117]. Some researchers argue that only by increasing the

intensity and total hours of rehabilitation can we achieve better clinical functional outcomes [118].

Task-specific Task-oriented therapy is important. It makes sense that the best way to learn or relearn
a given task is to train for it specifically. In animals it has been observed that functional neural
reorganisation is greater for tasks that are meaningful. Repetition alone, without functional meaning,

is not enough to produce increased motor cortical representations[119].

Although the effectiveness of the aforementioned methods has been demonstrated in randomised clinical
trials, there is still a lack of consensus about the timing, duration, and design of rehabilitation routines
for patients with neurological disorders. The ideal solution for patients will vary significantly depending
on their pathology and condition. Regardless of how a rehabilitation training strategy is devised, it should

include the three characteristics discussed.

Exercise modes A rehabilitation exercise, robot-assisted or traditional, may be carried out in one of three

modalities [120]:
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Passive or externally imposed movement involves manipulation of the patient’s limbs by the therapist
or robot while the patient remains relaxed. It maintains the patient's range of motion at joints and
flexibility in the muscle and connective tissue. It can also help the patient retain or re-establish
important proprioceptive information about the achievable workspace that the impaired limb should

reach as recovery progresses.

Active-assisted movement is appropriate for when the patient cannot complete a desired movement
independently. External assisting forces are applied as needed during attempts by the patient to
move a limbh. Forces can be manual manipulation from a therapist or robot, or from constraints

placed in the environment to guide movement.

Active-resisted movement is used in advanced stages of recovery and involves the patient completing

movements against resistance from gravity, additional weights, elastic bands, therapist, or robot.

Rehabilitation exercises can also be classified based on their kinetics: isotonic, which refers to constant
force/tension; isokinetic, which refers to constant velocity; and isometric, which involves no change in

muscle length (i.e. static).

Training approaches Each patient should have a customised rehabilitation program that is iteratively re-
fined. Important steps include: assessing needs, establishing attainable goals, developing progressive in-
terventions matched to ability, and evaluating progress over time. Developing a task- and content-specific
training program can improve engagement and achieve functionally important outcomes [121]. An exam-
ple approach is constraint-induced movement therapy, which forces use of the affected limb by restraining

the unaffected limb and emphasises intensive practice [122]. There are clear and sustained benefits to this
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kind of intensive rehabilitation over traditional care. Early, intense, repetitive behavioural training is essen-
tial for optimal motor recovery. Large randomised clinical trials support the functional effectiveness of
intensive progressive task-oriented training of affected limbs with neurological patients. However, it is
shown that the anatomical and physiological consequences of injuries will not only limit the degree of re-
covery, but also determine the effectiveness of specific rehabilitative strategies. Training strategies should

also aim to improve capacity, especially in the challenging outpatient setting [123].

SCI v Stroke A brain injury such as stroke affects the function of the cerebral cortex while the spinal
cord which carries the motor signals is preserved. On the other hand, after an SClI, it is the nerve fibres
which are damaged, while the cerebral cortex remains intact. Although the locations of these injuries
are different, the impact on the motor system and the functional disabilities are similar. There is a case
for neurological disorders leading to functional motor disabilities to be considered in terms of common
denominators, and for developed rehabilitation solutions to be applied and adapted to all [124]. The gait
training of stroke patients does differ in some ways from that of SCI patients. The main difference is
that individuals with SCI tend to have paralysis on both sides of the body while most stroke patients suffer
from hemiplegia [72]. Following a stroke the muscle weakness, muscle tonus, balance, and cardiovascular
condition decrease walking velocity and endurance, increasing the level of disability [125]. Lower extremity
strengthening exercises and task-specific training can be used to recover walking ability in individuals [126].
More strenuous training is usually recommended following stroke than SCI. This means higher gait speeds
are set for exercises and can result in sessions being reported as exhausting by stroke patients [127]. The
process of restoring walking function in patients with neurological pathology is made challenging by the

inherent complexity and variability.
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Clinical predictors of recovery  General characteristics and detailed clinical assessment can predict the
extent of recovery [107], [128]. In addition to predictors such as age, medical comorbidities, and initial
stroke management, motivation and adherence can also have an impact on recovery. Intense rehabilita-
tion requires significant motivation and dedication. In addition to requiring a great amount of resources,
it necessitates meaningful participation and lifelong commitment to maintenance of function. This is es-
pecially challenging for survivors of neurological accidents with concurrent deficits in attention, learning,

sensory function, and motivation (abulia'® may accompany certain strokes, for example).

Robotic devices Rehabhilitative robots may provide more accurate feedback and allow finer progressive
changes in task practice to heighten recovery function [123], [130]. In addition, robots can relieve therapists
from time-consuming supervision of repetitive, progressive practice [131]. BWS treadmill training may have
limited additional benefits if not supplemented with strengthening, balance, and overground gait training
[132]. Robotic devices may also be used at home and can connect to game-oriented practice with rewards
and real-time feedback. Virtual reality and video game applications are rapidly emerging as a potentially

motivating technology in combination with rehabilitation robots [133].

2.3.3 Control Challenges

The neurorehabilitation information and training guidelines provided in Section 2.3.2 present a number of
control challenges for rehabilitation robots. Although mechanical structure and actuation are key, the most
significant challenge is the design of control strategies which enable robots to deliver suitable assistance
across the broad spectrum of rehabilitation training. The most difficult aspects of neurorehabilitation in

terms of control are summarised:

0Abulia is an absence of willpower or an inability to act decisively, a symptom of schizophrenia or other mental illness [129].
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Pathology variability The nature of pathology and therefore rehabilitation requirements can vary signif-
icantly from case to case. Each patient’s training strategy should differ based on their severity of neuro-
logical disorder and range of motion. The training approach should be specific to their anatomical needs
and progress throughout the course of their recovery. Control approaches should be applicable to a wide

range of disorder severity, and identify the degree of pathology in order to adapt training accordingly.

Task-variability It is crucial for rehabhilitation training approaches to achieve a balance of repetition with-
out repetition. Therefore, control strategies should not be repetitive and should involve some variability,

even when conducting intensive and repetitive training.

Task-specificity Training should be tailored to individual patient’s functional ability and control strate-
gies should be task-specific. Approaches that practice a task which is not useful in daily life are unlikely
to lead to significant improvements in functional outcomes and quality of life. Control tasks need to have

meaningful function in daily life in order for training to have the most long-term neurological impact.

Exercise modes Mode of exercise should change at different recovery stages, with passive, active-
assisted, and active-resisted exercise being fit for early, intermediate, and late stages of recovery respec-
tively. Control strategies usually target one of these exercise modes, however, an ideal control solution

would identify the appropriate exercise mode at a particular time and adapt the control policy accordingly.

Patient motivation Survivors of neurological disorders often suffer concurrent deficits in attention and
motivation. An effective predictor of stroke recovery is patient motivation and adherence to training
task. Controller designers should provide solutions that actively engage the patient. Engagement can

be achieved with novel control strategies or by combining the controller with additional technology such
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as a user interface or serious game.

Patient safety A critical consideration for any control approach intended for a medical application with
human subjects is patient safety. It should be embedded in every stage of the design and testing process.

Safety is also a major concern in the mechanical design of any device intended for human-robot interaction.

The design of control strategies for rehabilitation robots presents significant challenges. In the following
chapter, existing control approaches will be presented and explored in detail. Common problems in the

existing approaches are identified, and on that basis the contribution of this thesis is proposed.

Chapter Summary

This chapter provided context for the work in this thesis in the form of background information on wear-
able robots for lower limb assistance. Notable examples of existing wearable robots were provided and
discussed, categorised by the application areas of strength augmentation, mobility assistance, and reha-
bilitation. The chapter then focused on the robotic rehabilitation area, considering neurological disorders,
factors involved in neurorehabilitation, and the control challenges that arise. Although design of controllers
for robotic rehabilitation is challenging, it is a significant research area with great potential impact if the
difficulties can be overcome. Existing approaches to this problem area are considered in the following

chapter.



Chapter 3

Control for Robotic Rehabilitation

The previous chapter provided background information on lower limb wearable robots for rehabilitation to
establish context for the work in this thesis. Notable examples of existing robots were categorised based
on applications and discussed. The review then focused on the application of rehabilitation robots for
neurological disorders and provided detail about requirements and challenges in this area. Robot control

for effective neurorehabilitation was highlighted as an area of interest.

In this chapter, examples of existing approaches for the control of rehabilitation robots are provided. The
field is firstly divided by exercise mode. The training modalities that exist in neurorehabilitation are passive,
active-assist, and active-resist. Control approaches are usually designed for one of these training modes,
intended for a particular phase of motor recovery. The modalities are further explored in this chapter and

active-assist is highlighted as an area of interest.

Control approaches targeting the active-assist exercise modality are further investigated and categorised
based on control strategies of impedance, velocity/force-field and offline adaptive. Upper limb and lower

limb robotic rehabilitation applications are considered as control methods can be applied to both with the
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same underlying motor learning principles.

Existing control strategies are compared and discussed in terms of commonly found problem areas that

are recalled to establishing research aims for a novel controller.

3.1 Training Modalities

There are three training modalities used in the process of neurorehabilitation, corresponding to the three
exercise modes given in Section 2.3.2: passive, active-assist, and active-resist. Traditionally a therapist
delivers different treatment in each modality, using their judgement and expertise to adjust the nature of
therapy as they see fit. Passive exercise is suitable for the early stages of rehabilitation, before a patient
is able to move their limb independently. However, the effectiveness of passive motions for stimulating
neuroplasticity is known to be limited. Active-assist exercise is for when the patient has some mobility but
cannot complete a desired movement independently. Active-resisted exercise is used in latter stages of

recovery, involving the patient completing movements against resistance.

For robotic rehabilitation devices, delivering the appropriate mode of treatment, and doing so efficiently,
presents a significant two-part challenge. Firstly, the robot has the task of assessing patient progress, and
secondly, the robot must deliver the appropriate modality of training exercise. Where therapists are able to
make a hands-on assessment of patient progress and use their judgement to decide the appropriate type
of exercise, this is not possible with robotic rehabilitation. Therapists also have training and experience
which enables them to skilfully deliver different modes of training. It is therefore important for a robotic
system to make a quantitative assessment of patient progress to achieve autonomy. It is an option to
have therapist and robot working together: the therapist using their expert judgement to make a quantified

assessment of patient progress, and the robot, informed with patient progress, delivering the appropriate
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exercise modality. Even with patient assessment left to the therapist, rehabilitation robots still face the
challenge of correctly delivering the therapy modality. This is where the control strategy plays an important

part.

Developing a control strategy for the passive training modality is relatively straightforward. This type of
exercise and human-robot interaction can be achieved with basic servo-type position control. A well-tuned
Proportional Integral Derivative (PID) controller, for example, can track joint angles with little error and
reject human dynamic contribution, treating it as an external disturbance. This condition is entirely robot

dominant.

The active-assist and active-resist training modalities present a more interesting control challenge. In
these conditions neither robot nor human are dominant. Instead, interaction is cooperative and falls on a
spectrum, with servo-type robot dominant position control at one end, and completely transparent zero-
impedance compliance at the other. Control approaches must dictate the nature of this human-robot
interaction in order to encourage patient participation in rehabilitation task and promote motor recovery
through neuroplasticity mechanisms. It is essential for the robot to allow shared control of movements,
and devices must allow patients to express whatever movement they can without suppressing motor ca-
pacity. The training modality of active-resist is far less common, as it is only applicable at the very late
stages of motor recovery, when a subject has regained significant mobility and independence. For this rea-
son, there is relatively little research interest in the modality. The focus of this review and the contribution
area of the research in this thesis is control for active-assist exercise. It has been shown through ran-
domised clinical trials that robotic implementation of active-assist exercise can lead to patient outcomes
comparable to those of traditional therapy [71]. Despite promising results, an optimal control strategy for
active-assist exercise is yet to be developed, and there are numerous issues with existing methods which

will be explored in this review. The delivery of active-assist exercise is commonly referred to as partial as-
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sistance or Assist-as-Needed (AAN) [134], which will be used in this thesis. The following section explores
AAN robotic control, comparing and contrasting existing approaches, highlighting common issues, and

establishing a research question for this thesis.

3.2 Assist-as-Needed Control Approaches

AAN control approaches are divided into categories based on the type of control strategy: 1) Impedance,
2) Force and/or Velocity Field, and 3) Offline Adaptive. These categories serve to conveniently group
existing methods, and so it should be noted that within each category the implementations vary and some
approaches may contain elements of multiple control strategies. It should also be noted that upper and
lower limb applications are grouped together, as control methodologies are considered to be applicable to

upper and lower limb rehabilitation robots.

3.2.1 Impedance

Instead of rigid industrial-type position feedback controllers with high corrective gains, many AAN control
approaches rely on more flexible impedance control [135]. Reduced corrective gains are used to exhibit
human-like mechanical properties. These controllers enable a compromise between tracking performance
and compliance of the robot. The beneficial force-tracking trade-off feature, together with simplicity of
implementation, make impedance control algorithms some of the most commonly used for rehabilitation

exoskeletons.

Impedance can be represented in Laplace notation by a transfer function Z(s) that relates the position

y(s), and its derivatives with respect to time, with the force F'(s) of the end-effector of a robotic manipu-
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Figure 3.1: Simple Impedance Control. Schematic of a basic impedance control framework for a refer-
ence angle, 8,4, and angular velocity, 64, with parameters of stiffness, K, and damping, B,. The parame-
ters dictate the nature of human-like properties attributed to deflection about the reference position.

lator.

Z(s) = = 1(s)j(s) + B(s)y(s) + K(s)y(s) (3.7)

where the zero-order K (s) term is the stiffness and describes the relationship between force, F'(s), and
the position, y(s); the first-order B(s) term is the damping and describes the relationship between force,
F(s), and the velocity, y(s); and the second-order I(s) term is the inertia and relates force, F'(s), and the

acceleration, §(s).

A commonly used impedance control law, which ignores gravitational and frictional effects and assumes
low acceleration values (6 ~ 0), meaning the second order inertial effects are negligible, can be written
as

T = —Byb. — K40, (3.2)

where 7 is the vector of control input torques, B, and K, are symmetrical and non-negative matrices
representing the damping and stiffness of the robot, 8 denotes the angular position vector, 8, is the desired

position vector, and 8, = 6; — 6. The block diagram for this scheme is shown in Figure 3.1.

This is a simplified formulation which can be implemented relatively easily and represents the most funda-
mental aspects of impedance control, which are the stiffness and damping parameters. There have been
numerous impedance control implementations of varying complexity for robotic rehabilitation and all of

them can be characterised in some part by these two parameters. The position and velocity errors are used
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to apply stiffness and damping effects respectively. To successfully implement first-order impedance con-
trol, it is important to have a low inertia backdrivable system which is responsive to external interaction

[40].

This basic Proportional Derivative (PD) form of the impedance control given in (3.2) is commonly imple-
mented in robotic rehabilitation [120], [136], [137]. The first implementation in robotic devices for lower
limb rehabilitation was with the Lokomat [138]. The authors used impedance control consisting of an in-
ner Proportional Integral (PI) force control loop and an outer PD position control. A PD computed-torque

form of impedance control is implemented in a parallel manipulator for ankle rehabilitation in [139].

A novel concept of performance-based progressive robot therapy that uses speed, time, or Electromyo-
graphy (EMG) thresholds to initiate robot assistance was described in [140]. This pioneered the clinical
application of robot-assisted therapy focusing on stroke, the largest cause of disability in the US. Task-
specific, goal-directed, therapy was used to reduce motor impairments in the affected arm. The work
aimed to determine the optimal therapy tailored to each stroke patient to maximise their recovery. The
method used to achieve this was a performance-based impedance control algorithm which, like a line in-
tegral, specifies the initial and final conditions and the path between these conditions, quantifying each

property with specific performance measures.

In the simple impedance model (3.2) gravitational and frictional effects are ignored. This can cause prob-
lems in systems where dynamics are significantly affected by gravity or friction and so additional compen-
sation may be necessary, such as in [141]-[144]. The block diagram for this control scheme is shown in
Figure 3.2. Model-based gravity compensation was present in [145] where the exoskeleton was controlled
through two impedance control loops, one for assistance tangential to the trajectory, and one corrective in
the normal direction. Because humans show variability in their movements, a deadband can be introduced

into impedance control schemes to allow for normal variability without robot intervention. [29].
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Figure 3.2: Compensated Impedance Control. Schematic of an impedance control framework which in-
cludes model-based gravity and friction compensation. The compensation enables more compliant and
human-like stiffness and damping parameters to be used while tracking errors caused by gravity and fric-
tion are minimised.

Robot-supported therapy can improve rehabilitation by allowing more training. This was explored with the
arm therapy robot ARMin in [146]. It is a haptic display with semi-exoskeleton kinematics, with four active
and two passive DOFs. It delivers patient-cooperative arm therapy taking into account the activity of the
patient, supporting and assisting as-needed. The implemented control strategy is based on an impedance
controller, where the assisting force is determined based on the relative distance between a target and
the human hand position. Model-based gravity and friction compensation are present in the impedance
controller. The stiffness and damping parameters of the controller are constant during operation, however

can be adjusted by the therapist.

The AAN control problem was addressed in [147], where Asl et al. designed a stable AAN controller with
adjustable assistance level. Building on the compensated model-based impedance control method shown
in Figure 3.2, the controller aims to guarantee the stability of the system and includes a bounded PD
(stiffness and damping) term with dead-zone area, providing a tunnel of freedom around the trajectory
tracking error. This approach includes the advantages of both the model-based and non-model-based
AAN controllers. The controller also uses an adaptive Neural Network (NN) term to compensate for the

unknown dynamics of the system, which has a forgetting factor to enforce AAN behaviour, by preventing
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the user from overly depending on the NN contribution to complete the task.

The dual of impedance control is admittance control. This uses position control with force sensor feed-
back. It is best suited for exoskeletons that lack backdrivability because the forces at the interfaces with
the human must be measured to move the robot. This approach is used in [148]-[150], where haptic inter-
faces are used to control arm movements. In [142], a model-free PID-type admittance control was used in
task space to generate desired trajectories for a low level PID position control. A simplified model-based

approach was used for gravity compensation.

Impedance control enables real-time variations in the amount of assistance via variation of the impedance
parameters (stiffness and damping) of the controller, without significant stability problems. The parame-
ters of animpedance controlled device can determine the level of assistance offered by the robot, such that
the change of robotic assistance (or resistance) remains associated with the parameters of the controller.
Impedance control can be used as a higher level control that acts on force or position control, so that the
system behaves as an impedance [151]. On top of the impedance control, an additional control layer can
be implemented which changes the desired impedance based on an algorithm. For adaptive impedance
it is common to have three control levels: the top is where the desired impedance is determined based
on the rehabilitation/assistance strategy and environment of the system; the middle is where the desired
impedance is used to generate reference torques (or position for admittance control); and the bottom is the
inner loop in the form of force or position control, which maintains the desired torque and acts directly on
the actuators. Various methods have been used to control the top level of this heirarchy, which achieves
adaptive AAN behaviour. In [152] the Lokomat researchers modified the impedance parameters so that
the stiffness was varied linearly depending on the knee force, and the damping parameter was adjusted
to achieve critical damping. In [153], the authors designed a set of impedance parameters and desired

trajectories for each exercise mode. A number of other approaches have been developed for adapting
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impedance parameters to achieve AAN control, such as in [42], [154], [155].

3.2.2 Velocity / Force Field

Impedance control approaches use a timed dependent trajectory as the reference position of the robot.
This has the disadvantage of imposing a fixed timing of movement. In an effort to gain freedom in move-
ment timing, the path control method was proposed in [156]. This allows patients to influence the timing
of their leg movements along a physiologically meaningful path. Compliant virtual walls keep the patient’s
legs within a tunnel around the desired spatial path. The method limits timing freedom using a moving

window to construct new position references, which travel with a predefined speed on the path.

An alternative approach for gaining timing freedom is the force field control method presented in [157]-
[160]. Force field controllers apply a force field at the end-effector of a robotic rehabilitation device, for
example the ankle is used as the reference point in [157]. The force field is broken down into tangential
and normal components, with respect to the direction of the desired path. Tangential forces assist with
completion of the task and normal forces correct for deviations from the desired direction of movement.
The normal forces create a virtual tunnel around the desired trajectory. The equation for the normal force

is

Dy,

F, = (3.3)

0, otherwise

2
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where d is the distance from the end-effector (point p in Figure 3.3) to the nearest point on the desired
path C (point Q in Figure 3.3), Dy is defined as the tunnel width, D,, is a constant with length units which
is used to change the shape of normal force F,, versus d. K, is a constant with force units, which can
be considered a stiffness parameter, and n is a unit vector pointing from p to Q, as shown in Figure 3.3.

This creates a nonlinear parabolic normal force, which works like a stiffening nonlinear spring in helping
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to guide the end-effector along the desired trajectory C.

The tangential force is defined as

Kt<1—Dit)E, if L <1

0, otherwise

where K; and D; are constants. K is used to change the maximum magnitude of the tangential force. F;
is maximum along the desired path (where d = 0), its magnitude decreases linearly and becomes zero at
a distance of D, from the desired path. The tangential force ramps down as the distance d increases, this
is to apply assistive force only when the limb is closer to the desired path. This component of the force

field is necessary to help the subject complete a task and can be scaled during the process using K.

A damping force is usually added which is given by Fy; = — K & where K is a constant damping param-
eter and « is the linear velocity of the end-effector point in the field. The total force to be applied at the
point p is given by the vector sum F = F, + F,, + F,. The force field controller helps a stroke survivor
during rehabilitation using the AAN strategy. Wall constraints are set to maximum to begin with during
initial rehabilitation, so the guidance provided by normal forces generate a very narrow virtual tunnel. The
tangential force required to assist the patient along the desired path is kept to the minimum necessary
to complete the movement. This is controlled by parameter K. This heavily controlled dynamic is useful
for initially providing the patient with proprioceptive feedback, and as the patient’s performance improves,
the tangential force can be further removed to a small value. This causes the width of this tunnel to
increase over time in training and the patient is able to have more control over movement. While this con-
trol strategy provides significant timing freedom, the generated guidance has the potential to fall short in
some applications, not adhering to the intended task-specific trajectory due to a lack of feedback-driven

adaptation.
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Figure 3.3: Force Field Construction. lllustration of the force field control field construction showing the
end-effector point in space, p, normal unit vector, in, normal force vector, F,,, tangential unit vector, t,
tangential force vector, F;, distance, d, to the nearest point (Q) on the desired path, C, and tunnel width,
Dy.

The authors in [160] presented an AAN controller for a hand exoskeleton called Maestro, designed to pro-
vide accurate torque assistance to subjects for hand rehabilitation. A novel technique called learned force
field control was proposed, in which a neural network-based model of the required torque is learned offline
for a specific subject then used to render a force field to assist the finger motion to follow a target trajec-
tory. Although the force field control is non-adaptive and there is limited control over speed of execution
of the task, it did demonstrate safety benefits for subjects, as excess torque is not applied to joints in the

case of motion being restricted.

Control in the velocity-domain is another method proposed, aiming to achieve freedom in timing of move-
ment. This approach is called velocity field control and involves desired velocity values shaping the desired
path, rather than position or force references [161], [162]. Desired velocities are a function of mechanical
configuration rather than time, enabling the approach to deliver timing freedom under the condition that

the controller is forgiving and does not compel for precise velocity tracking.

To design a velocity field controller, the desired path to be travelled should be encoded by velocity vectors
in the configuration space of the robot. The velocities can be constructed either in Cartesian space [167]
or joint space [163]. The velocity field vector, v4, can be constructed having the mathematical expression

of the desired path [164]. For free form paths, the field construction can be carried out by determining the
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>

Vi

Figure 3.4: Velocity Field Construction. Illustration of the velocity field control field construction showing
the end-effector point in space, p, nearest point (Q) on the desired path, C, normal unit vector, fi, tangential
unit vector, t, and velocity field vector, v,.

normal vector to the path, and the tangent vector of the path, shown in Figure 3.4. This can be written as

vy(p) = l(at + ||Q — p||A) (3.5)

where [, € R are positive scaling constants, p denotes coordinates of current configuration, Q is the
nearest point on the desired path C to p, hence Q — p signifies the distance vector, i = (Q—p)/||Q—p||
is the normalised tangent vector, which can be determined by subtracting Q from the next point in the
desired path and then normalising. To achieve AAN behaviour, controllers must be forgiving for small
deviations from the desired velocity vector and this can be achieved in a number of ways. A common
approach is to assign a permissible velocity range (velocity freedom zone), within which no corrective

action is taken.

In[163] a velocity field control scheme was implemented in a fully backdrivable lower-limb Indego exoskele-
ton, intended to provide guidance and assistance to poorly ambulatory individuals during walking without
unduly interfering with their ability to maintain balance. A viscous flow field acting on the lower limb joints
is emulated. The controller includes only a proportional velocity feedback term and it is claimed to be
sufficiently forgiving of movement interference. Results showed that the flow controller provides a combi-

nation of lower guidance error and lower disturbance to the user, relative to a force field-based controller.
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In [165], the authors studied the performance of a precise velocity field controller on a poorly modelled
lower-limb exoskeleton, utilising neural networks to compensate for modelling uncertainties. The authors
adapted the approach in [166], combining velocity and force field control to develop a path tracking con-
trol scheme with minimised robotic intervention to gain active participation from impaired subjects while
avoiding large position errors. A velocity field is constructed encoding the desired path, and a force field
is considered around the path. A normal force term keeps the robot position arbitrarily close to the path.
The combination of these ideas gains the AAN property with adequate freedom of timing: a key factor in

reducing the robot intervention.

3.2.3 Offline Adaptive

There is a broad class of control algorithms that, instead of being manually parameterised for each subject
and re-parameterised in the case of patient progress, adapt trial-by-trial to the subject’s evolving needs.
This is usually done using measures of performance and progress during trial execution, on which the
parameter adjustment is based. The aim is for these algorithms to adapt autonomously to the changing
subject needs, with respect to human-robot interaction, assistance level and joint compliance. Perfor-
mance indexes vary but they are commonly based on a form of tracking error. A common method for
implementing trial-by-trial adaptation is using a feedforward assistance term. This term can be iteratively

adapted in order to gradually learn the specific requirements of the subject and improve tracking.

In [134], a PD impedance controller was used, also with a feedforward assistive term, which was adapted
during motion based on the dynamics of the patient’s extremity, neurological ability, and the patient’s effort,
modelled through a Gaussian RBF-based neural network. Unknown dynamics are assumed initially then
AAN is achieved by adding a force decay term or forgetting factor to the adaptive control term which

estimates the dynamics. This reduces output from the robot when errors in task execution are small.
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This controller was tested with 11 chronic stroke patients. Results displayed the slacking behaviour of
human motor control, as the central nervous system tried to minimise its efforts. As soon as it could take
advantage of the controller's willingness to contribute effort to the task, it would let the controller take
over most of the physical work. By adding the force decay term, the controller was able to consistently

encourage patient effort.

In [44], the authors implemented iterative learning control: a feedforward assistive term was learnt using
trial-by-trial adaptation, based on the error of previous trials and on a fuzzy logic-based nonlinear function
of tracking error statistics. Its usability was demonstrated pre-clinic with six impaired subjects as shown

in [167].

An AAN controller with adjustable assistance level was proposed in [147]. The authors provided a freedom
zone for the user and included an adaptive neural network term to compensate for the uncertainties of the
dynamic model used in the controller, in the interest of precise tracking. The term has a forgetting factor
to reduce its contribution to the control output over time. In [160], the authors conducted a comparison of
learned force field control and adaptive AAN control. The adaptive method estimates the coupled finger-
exoskeleton system torque requirement of a subject using RBF networks, adapting RBF magnitudes in real-
time to provide a feedforward assistance, improving trajectory tracking. The adaptive controller, unlike the
pre-learnt force field controller, was able to adapt to the changing needs of the coupled finger-exoskeleton
system. It was better at helping perform tasks with a consistent speed, however, was capable of applying

excessive torque in the case of restricted motion, potentially making it less safe.

The authors in [168] developed adaptive inverse optimal hybrid controller, combining inverse optimal con-
trol with a neural network-based actor-critic feedforward signal, responsible for learning the uncertain non-
linear dynamics. A simulation and experiment with a rehabilitation robot demonstrated the effectiveness

of the scheme.
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A different approach for providing subject-specific adaptation of assistance is to modify the closed loop
control parameters that dictate system feedback. This can be achieved by altering the feedback gains,

which are representative of the stiffness and damping impedance control parameters.

In [169], a joint level adaptive PD controller requlated the stiffness of a robotic exoskeleton. Trial-by-trial
adaptation of the feedback gains was driven by the tracking error of the reference trajectory. In[170], a sen-
sorless force estimator, based on a Kalman filter, was used to determine the exoskeleton wearer’s ability
to perform the desired task, in order to provide the wearer with minimal assistance within user-specified
allowable position error bounds. The controllers in both of these examples were tested on healthy sub-
jects, demonstrating the applicability of both approaches. The researchers in [171], also proposed a novel
subject-adaptive AAN control based on feedback gain modification for arm rehabilitation. The controller
is capable of changing the amount of error allowed during movement execution, while estimating forces
provided by the participant that contribute to movement execution. The closed-loop system was shown
to be uniformly ultimately bounded which, the authors claim, leads to AAN performance. The controller
was validated with a wrist exoskeleton in an experimental study involving five healthy subjects. The al-
gorithm was shown to decrease its feedback control action when subjects shifted interaction behaviour

from passive to active engagement.

In [172], an AAN control algorithm tried to anticipate patient deviations from desired reference trajectories,
by using an adaptive model of the patient’s impairment. The dysfunction profile of the patient can be
provided by a therapist, depending on the particular exercise task being targeted and the recovery progress.

The predictive quality of the controller was demonstrated in simulation.

The offline adaptive control algorithms considered here are susceptible to lag, and provide a delayed re-
sponse which is at best appropriate for the previous trial. Offline adaptive approaches do not account

for changing individual needs intra-trial. They do not consider that assistance/resistance requirements
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can vary significantly for different points in an exercise trajectory and in different areas of the task space.
Although trial-by-trial adaptation may be adequate for exercises with physical requirements which change
on a relatively long time scale, the assumption of quasi-static assistance requirements is flawed for many

cases of dynamic exercise.

3.2.4 Control Approach Discussion

A number of research groups have made progress towards solving AAN control for robotic assistance
during active-assist exercise. However, measurement of human participation while performing robotic
assistance or therapy is still an area which lacks an optimal solution. Purely model-based methods, such
as nonlinear disturbance observers, are unable to distinguish external disturbance from human effort in
many situations. AAN control approaches such as adaptive impedance control and velocity/force field
control do not adapt assistance for any stage of recovery — they are designed for active-assist exercise

only.

Impedance control is a common solution to adjust the level of assistance. Aside from compensation fac-
tors, the robot does not assist unless the patient deviates from the planned trajectory, prompting active pa-
tient participation. Researchers have developed performance-based progressive assistance approaches
using impedance control, in which the patient can express unobstructed movement in an attempt to reach
a target position [140]. The controllers modify the time to complete the movement and the amount of

corrective assistance, challenging the subject to attempt to move faster and with less error.

Using force field control, no active adaptation takes place, and there is little control of the speed of execu-
tion of the task [160]. It is potentially safer, as it allows a subject to progress at their own speed without

applying excessive force to correct positional error.
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Adaptive control approaches are able to adjust in some ways to the changing needs of a human-robot
system during robotic rehabilitation. Adaptation, in some cases, occurs trial-by-trial, and in others happens
closer to real-time, as a high level algorithm is applied to adjust the desired impedance parameters based

on rules using metrics of task performance or human effort.

AAN control approaches usually change the nature of robotic assistance based on either observed mo-
tion tracking error or human effort estimated using model-based methods, such as nonlinear disturbance
observation. This approach estimates joint dynamics based on deflection without directly sensing forces
at the joint. Both approaches have fundamental problems. Error-based adaptation suffers from latency
as the controller can only adapt its policy after the fact, which in the case of dynamic exercise can be too
slow to improve the nature of human-robot interaction on-the-fly. Model-based human effort estimation
is inherently unable to distinguish human effort from external disturbance, making it suitable for a limited

range of predictable environments and tasks.

The AAN control approaches presented in this chapter are not explicitly constrained. This means the safety
and perceived comfort characteristics are indirectly dictated by the tuning of a limited set of parameters,
such as stiffness and damping, and cannot be explicitly dictated or limited. The choice to explicitly limit
system states, such as joint positions and velocities, could be very useful for therapists who want to tailor
the control policies of robotic therapy devices for subjects with very heterogeneous health conditions and

physical limitations.

Common problems identified in existing AAN control approaches are summarised in Table 3.1. The novel
control framework proposed and evaluated in the remainder of this thesis seeks to address these issues

and limitations.
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Table 3.1: AAN Control Problems. Summary of commonly found and important problems identified within
existing AAN control approaches.

A | Adaptation Latency | Existing controllers for robotic rehabilitation suffer adaptation latency be-
cause they react to past or present patient behaviour, not responding
quickly to changes of the wearer's motion intention and rehabilitation re-
quirements.

B | Singular Modality Controllers are not designed to deliver assistance and adapt to require-
ments for all stages of recovery - they are designed solely for passive,
active-assist, or active-resist training modalities.

C | Unconstrained It is not usually possible to place constraints on system states, or some

Behaviour linear or nonlinear function of states — useful for introducing personalised
physical limitations during therapy, enforcing coordinated movement be-
tween joints, and protecting hardware.

D | Disturbance Sensorless model-based human torque estimation is sensitive to external
Identification disturbance and cannot distinguish it from human torque.

E | Human Torque Sensorless model-based human torque estimation introduces latency as it
Estimation Latency | measures the effect of human torque after generation.

F | Flawed Human Existing approaches for modelling human joint torque tend to be highly de-
Torque Estimation pendent on specific established biomechanical models and therefore as-
Assumptions sume healthy and conventional muscle behaviour.

Chapter Summary

In this chapter, examples of existing approaches for robotic control during rehabilitation and assistance

were provided. The different human-robot exercise modes of passive, active-assist, and active-resist were

defined as control approaches in this application area usually target one of these training modalities. The

most prominent control approaches for active-assist exercise, which is the most interesting and challeng-

ing training modality from a control perspective, were then explored in detail with recent examples from

literature. This included impedance control, velocity/force-field control and offline adaptive control. Then

followed a discussion of the state of the art of AAN control approaches, concluding in a summary of the

six most significant problems identified within the field.



Chapter 4

Model Predictive Control for Intelligent Robotic

Assistance

The previous chapter provided a state of the art assessment for Assist-as-Needed (AAN) control ap-
proaches. Training modalities used for robotic rehabilitation were outlined, existing control approaches

were summarised, and major problems with existing approaches were identified.

In this chapter, Model Predictive Control (MPC) is outlined as part of a novel AAN control strategy that har-
nesses the decision making power of fuzzy logic based on subject involvement information, gathered using
a human torque estimation model. The chapter consists of four sections detailing the stages involved in
development of the AAN control framework and simulation environment. The first section outlines the
proposed AAN control framework, and establishes the aims of the novel control approach. The second
section focuses on the human-exoskeleton system, and describes seated and standing exoskeleton con-
figurations, and the models used for their application to exercise tasks. This section also describes the
process of model parametric identification. In the third section, the choice of MPC tool and controller de-

sign is motivated, and details of the problem formulation and optimization algorithm are provided. The

75
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controller setup and parameters are presented with an example problem. In the fourth section, the con-
troller simulation environment is introduced, and a controller comparison study is carried out, which com-
pares the proposed AAN approach to benchmark control methods with respect to important aspects of
performance such as constrained assistance, step response, human torque response, trajectory tracking,

modelling error, and advance adaptation.

4.1 Control Framework

This thesis presents a novel AAN control framework that addresses the key problems identified with exist-
ing AAN control approaches: lack of adaptation to changing physical requirements of the subject during
rehabilitation exercise; latency in human effort estimation; adaptation latency, due to delay between per-
ceived performance changes and controller parameter update; and unsafe controller behaviour caused
by unconstrained joint velocity and range of motion during exercise. The problems outlined here, sum-
marised in Table 3.7, are all considered in the design of the novel control framework, shown in Figure 4.1,
which consists of three main components: 1) a model predictive controller, for model-based optimal con-
trol of highly nonlinear human-exoskeleton systems; 2) a Fuzzy Logic Algorithm (FLA), for determining the
appropriate mode of assistance based on human behaviour and system state, and 3) a Human Torque
Estimation (HTE) model, for predicting human torque from measured muscle activity signals and system

states.

The control framework is designed for three modes of human-robot interaction, based on stages of the
neurological rehabilitation process — passive mode, active-assist mode, and safety mode. The nature
of human-robot interaction is preemptively adapted based on the subject’s muscle activity, which is ob-

served prior the corresponding joint motion. MPC provides optimal assistance, evaluated over a predic-
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Figure 4.1: Proposed AAN-MPC Control Framework. Schematic showing control framework with Model
Predictive Control (MPC), plant (Exo and Human), model for Human Torque Estimation (HTE) from muscle
activity signals, and Fuzzy Logic Algorithm (FLA). 6 and 6, are the knee joint angle and reference joint
angle, 4, is the reference joint velocity, 7. and 7, are exoskeleton torque and estimated human torque, and
m is the assistance mode variable.

tion horizon, while taking into account the intention predicted from muscle activity. A FLA determines
the human-robot interaction mode according to the reference angular velocity and the predicted human
joint torque from the HTE model. The likelihoods of the three human interaction modes are integrated
with MPC by tuning the weighting of costs in the MPC objective function. MPC enables the controller to
perform constrained optimisation, which can enforce subject-specific state limitations for safety and to

protect hardware.

The aims of the proposed control framewaork, which specifically address the problems identified with ex-
isting AAN control approaches (Table 3.1), are summarised in Table 4.1. The remainder of this chapter
explores elements of the control framework in detail and human-exoskeleton system models are devel-

oped for example exercise tasks.

4.2 Human-Exoskeleton System

The exercise tasks used for controller testing include seated and standing positions. Because of different

physical requirements, in terms of how the device can be fixed to the environment and secured to the
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Table 4.1: Control Framework Aims. Summary of the six main AAN-MPC control framework aims, which
directly address six common problems identified within existing AAN control approaches from Table 3.1.

A | Advance Adaptation | Controller will adjust human-robot interaction based on future patient be-
haviour using predicted human torque.

B | Assistance Modes Controller will detect the most suitable mode of assistance on-the-fly using
a fuzzy logic-based algorithm and augment the nature of assistance by
altering the MPC objective function.

C | Constrained MPC Controller will perform constrained optimisation to find optimal assistance
within state and input constraints.
D | Human Torque in Directly sensing human torque will distinguish it from external disturbance,
MPC meaning the two are not conflated.
E | Predictive Human Human torque will be predicted by sensing muscle activity directly - remov-
Torque Estimation ing latency.
F | Agnostic Human Novel approach to modelling human torque will be biomechanics and mus-

Torque Estimation cle condition agnostic, using machine learning to train a predictive model.
Approach

subject, specific exoskeleton test configurations were designed for each, as illustrated in Figure 4.2.

4.2.1 Actuator Module

To streamline development and testing, the same actuator was used for each exoskeleton configuration,
which could be swapped in and out in a modular fashion. The exoskeleton designs focus on securely

providing assistance to the knee joint during lower limb exercise.

Actuation requirements were determined based on previous studies of knee joint dynamics during reha-
bilitation exercise [173]-[175]. The selected actuator was compact and lightweight with suitable torque-
speed characteristics. It could be easily secured to and removed from exoskeleton configurations, to make

switching between exercises easier.

The actuator chosen to fit the modular exoskeleton configuration design specification was the HEBI X-

Series Actuator, shown in Figure 4.3. The HEBI X-Series is a compact and powerful Series Elastic Actuator
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(@) Seated exoskeleton. (b) Standing exoskeleton.

Figure 4.2: Exoskeleton Configurations. Schematic of the modular exoskeleton configurations showing
(i) thigh module with rigid surface fixing, (i) thigh module with braces, (iii) shank module with braces, and
(iv) common actuator module.

(SEA) with built-in motor control and sensing capabilities. It is also easy and quick to secure and remove

using socket screws, so can be used interchangeably in different configurations.

The actuator can simultaneously control and/or measure joint position, velocity, and torque. It has in-
tegrated three axis inertial measurement, enabling the reading of orientation. It can be controlled using
Application Programming Interface (API) in MATLAB, Python, and C/C++. Low level language integration
enables system states such as position, velocity, and torque to be read at joint level in real-time. Feedback

can be requested from the actuator at rates of up to 1kHz.

The device integrates a brushless DC motor, geartrain, springs, encoders, and control electronics in a
compact package which communicates using standard 10/100 Mbps Ethernet. The device connects to a
control PC using a standard network router. It can be powered using any voltage from 24 V - 48 V, however
for the experiments in this thesis a constant 30 V is used (the maximum voltage of the power supply). The
actuator has a peak torque of 20 Nm, maximum speed of 30 rpm, and total weight of 475 g. Detailed

technical specifications for the actuator can be found in Appendix A.
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Figure 4.3: HEBI X-Series Actuator. Photograph of HEBI X-Series actuator showing (a) thru bore, (b)
motor output, (c) dual Ethernet ports, and (d) Molex power connector.

4.2.2 Seated Configuration

The seated exoskeleton configuration, shown in Figure 4.4, is used for the dynamic extension and flex-
ion exercise. The configuration has a surface-thigh module, a shank module, and the actuator module.
Hex socket screws attach the body segment modules either side of the actuator module to make the full
exoskeleton. The surface-thigh module is a rectangular structure built using rigid aluminium tubing and
support struts. It is securely fixed to the surface using a widely adjustable F-clamp. The module attaches
to the flat base of the actuator via an adjustable mounting plate (using the fittings shown in Appendix A).
The shank module has a 3D printed shaft which attaches to the motor output using hex socket screws.
Two 3D printed and padded braces on the shank segment secure the subject to the exoskeleton using

comfortable fabric straps, which are easy to secure and release.

The configuration is designed to ensure subject comfort, safety, and ease of use. For seated knee joint
exercise it is necessary for the exoskeleton to attach securely to the shank of the subject. As the thigh
segment is naturally stationary during sitting, it is not necessary for the exoskeleton to be secured to

the thigh. The exoskeleton is instead fixed to the sitting surface. Any surface can be used, providing
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Figure 4.4: Seated Exoskeleton Configuration. Seated exoskeleton configuration with (a) power supply,
(b) surface-thigh module, (c) F-clamp, (d) actuator module, (e) shank module, and (f) control computer.

the subject can comfortably mount and dismount, and can extend and flex their leg without obstruction.
This configuration makes the structure more secure and unlikely to sustain any accidental damage from
falling or over-extension; it is easier to put on and take off and more comfortable for the subject to use,
with fewer tight braces on the leg; and it frees up space around the subject’s thigh area for placement
of muscle activity sensors. Foam padding is applied on both of the shank segment braces and all over
the exposed surfaces of the exoskeleton, making the device safe and comfortable. The configuration is
very portable and can be attached to almost any rigid over-hanging surface, such as a table or desk. The
design is very flexible and it is possible to independently adjust: shank brace height, depth, and rotation;
shank segment length; and horizontal and vertical knee joint position. A technical drawing of the seated

exoskeleton configuration can be found in Appendix A.
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4.2.3 Standing Configuration

The standing exoskeleton configuration, shown in Figure 4.5, is designed for assisting subjects with exer-
cise thatinvolves standing and requires support of both the shank and thigh segments, such as sit-to-stand
or overground walking. The configuration consists of a thigh module, a shank module, and the actuator
module. As with the seated configuration, the segment modules attach to the motor module by hex socket
screws to make the full exoskeleton assembly. This configuration does not attach to a rigid surface, but
secures to the subject’s thigh and shank segments using padded fabric braces. The fabric braces are fixed
to aluminium thigh and shank supports by threading through raised slots. The position of the braces can
easily be adjusted along a hook and loop strip on the inner side of the supports for subject comfort and
a secure fit. The thigh support is joined by hex socket screws to an aluminium fixed bracket which acts
as a mounting plate, securing the flat base of the actuator module. The actuator output is joined to a 3D

printed rotating bracket which is joined to the shank support.

The configuration is lightweight and comfortable, feeling relatively transparent to the user. Lightweight
materials were selected to reduce overall weight and a lean design with support along the outer leg was
chosen. The device could be more secure and rigid with inner and outer supports and solid material
brackets, however the lightweight option with fabric braces gives enhanced subject comfort and device

transparency.

Muscle activity sensors can be connected while using the standing exoskeleton configuration, however
care must be taken over sensor placement in relation to the thigh and shank segment braces. Brace posi-
tions can be adjusted to accommodate muscle activity sensors, so the intended sensor placement should
be considered before adjusting the brace positions. If the brace positions interferes with the muscle ac-
tivity sensors and cause physical disturbance during exercise, this can add noise to signals and reduce

quality so should be avoided. Both modalities of muscle activity sensor in this thesis (Electromyography
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(a) Front view. (b) Side view.

Figure 4.5: Standing Exoskeleton Configuration. Subject wearing (disconnected) standing exoskele-
ton configuration with (i) thigh braces, (ii) shank braces, (iii) rotating bracket, (iv) motor module, (v) fixed
bracket, (vi) outer thigh support, and (vii) outer shank support. A short video demonstration of the standing
exoskeleton configuration can be found here.

(EMG) and Mechanomyography (MMG)), are physically connected to their amplification units, limiting con-
figuration mobility. However, it is possible to move within a radius of 3-4 meters while using the sensors in
a wired configuration, and the TMSi EMG amplifier can use Bluetooth communication, which extends the

range of mobility.

The configuration must be connected to the network router and powered at all times, presenting mobility
limitations while using a conventional power supply and wired router for communication. A portable bat-
tery pack and wireless router can be used to achieve independent mobility for testing. In this case mobility
is limited by battery capacity and range of network connection between the control computer and wireless

router.
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4.2.4 Human-Exoskeleton System Models

At the core of the model-based predictive control approach is the human-exoskeleton system model. It is
from the system model that the dynamics are derived and integrated to give the predicted future system
states to optimise. The system model is also used to simulate controller performance, with the introduc-
tion of some modelling errors, before testing with a real exoskeleton and subject. It is important to have a
model that is representative of the real world system, with reasonable assumptions made in the process

of simplification and reduction of model complexity.

The modelling approach begins with a general model for a planar lower limb human-exoskeleton system
with multiple DOFs. Then the model is simplified based on the physical constraints of a particular exercise
task. According to Lagrange formulation, a generic dynamic model of the human lower limb coupled to a

knee joint exoskeleton during daily living activities can be written as

M(q)§+C(q,4)q+G(q) +7=7+JF (4.7)

where g represents the state vector of joint angles, M (q) is the inertia matrix, C(q, q) represents the
Coriolis and centrifugal forces, and G(q) is the gravitational torque. 7 represents the friction torque, and
F denotes the external force acting on the system, e.g. ground reaction. J is the Jacobian matrix. The
input vector 7 is made up of the human joint torque 7, and the generated exoskeleton torque 7. such that

T =Ty + Te.

For the experiments in this work, knee joint exoskeletons are used to intelligently assist extension and flex-
ion movements during two exercises: seated leg extension and flexion, and walking. Robotic assistance

of the knee joint for these exercises can be described by simplifying the formulation in (4.1) to a double
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pendulum with knee joint dynamics. In this case it can be rewritten as follows

J§+B(9—9t)+Asgn(9—9t)+7'gsin9+n =T+ (4.2)

where ¢ and 6, are the knee joint angle and inclination angle of the reference limb (thigh) in the sagittal
plane respectively, J = J, + J, is the inertia of the human limb and exoskeleton. A is the solid friction
parameter of the exoskeleton, B = Bj,+ B, is the viscous friction of the human knee joint and exoskeleton,
Ty = Tgn + Ty IS the gravitational torque of the human limb and exoskeleton, 7. and 7, are the torques
generated by the exoskeleton and human muscles at the knee joint, respectively. sgn(-) is the sign function,

and 7; is the lumped torque caused by unaccounted for body segments and external forces.

Note that the sign function can be approximated using a steep arctan(-) function, making it continuous
and differentiable for calculation of gradients for simulation and control. Also note that movement of the
exoskeleton and wearer’s thigh and shank segments are considered to be synchronous and simultaneous

(i.e. the human and exoskeleton are rigidly coupled).

The model described in (4.2), although relatively simple, can be applied to knee joint assistance during the
exercises of seated leg extension and flexion, and walking. The assumptions and simplifications used to

apply the general model to each of the exercises are described in Sections 4.2.4.1and 4.2.4.2.

4.2.4.1 Seated Model: Leg Extension and Flexion

For robotic assistance during the seated leg extension and flexion exercise, it is assumed that the thigh

segment is rigidly fixed to the sitting surface and that body segment forces are fully supported. Therefore
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7, =0and 6§, = 0. So the model in (4.2) can be rewritten as

JO + BO + Asgnd + 7,sin 0 = 7, + 7. (4.3)

The convention used for joint angle origin and direction is illustrated in Fig. 4.6, which also shows the

gravitational torque vector and exoskeleton joint torque.

Knee Te

Figure 4.6: Seated Exoskeleton Schematic. Diagram showing the exoskeleton system in the sitting po-
sition with @, joint angle, 7. exoskeleton torque, and 7, gravitational torque of the shank/foot segment.

4.2.4.2 Standing Model: Walking

Using the model (4.2) for robotic assistance of the knee joint during walking, the human limb model varies
with respect to the swing phase and stance phase of gait motion. In this work, assistance is only provided
during the swing phase so lumped torque, 7, is estimated for swing phase only. The model can also be
used to derive optimal assistance during the stance phase, but that case is not within the scope of this
work. The model for evaluating knee joint dynamics during the swing phase of gait is illustrated in Figure

4.7.

During the swing phase, movement at the hip joint causes the thigh segment inclination, 6;, to vary. This
inclination is calculated in the sagittal plane using a measured orientation quaternion from the HEBI X-
Series actuator module. The module is rigidly fixed to the thigh segment using braces, as shown in Figure

4.5b. Dynamics of the knee joint are affected by the movement of the hip joint, causing lumped body
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Knee

Figure 4.7: Standing Exoskeleton Schematic for Swing Phase. Schematic showing standing exoskeleton
configuration in the walking position during the swing phase of gait with joint angle, 8, reference limb (thigh)
angle, 0;, thigh segment length, /;, and gravitational torque of the shank/foot segment, 7.

segment torque which can be expressed as

71 = mydyly(6; cos(0; — 0) — 62 sin(6; — 6)) (4.4)

where m is the lumped mass of the human shank and the corresponding exoskeleton segment. I; is the
length of the human thigh, and d; is the length of the human shank part from the knee joint centre to the

centre of mass of the shank and foot. 6, is the hip joint angle [176], as illustrated in Figure 4.7.

The lumped torque, 7;, can be fully compensated by the exoskeleton according to the optimal control
problem formulation. Apart from the model shown in 4.2, the human body model can change with respect
to different ground surfaces and contact conditions. For the testing in this thesis, only the condition of

walking over level ground is considered.

4.2.4.3 Parametric Identification

Parameters for the human-exoskeleton system models (4.2, 4.3 and 4.4) require identification. The pa-

rameters can be identified in three steps.
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Table 4.2: Seated Exercise Model Parameters. Seated human subject and exoskeleton system parame-
ters identified using the method outlined in Section 4.2.4.3.

System J(Kg-m?) B(Nm-s-rad™) ANm) 7,(Nm)
Exo 0.0377 0.0207 0.0000 1.7536
Sy 0.4315 0.1676 0.0000 14.256
Sy 0.1927 0.1534 0.0000 7.5008
S3 0.3060 0.1575 0.0000 10.595

Exoskeleton Parameters For this step, the exoskeleton is driven in the seated configuration, without a
human coupled to the system. Sinusoidal reference trajectories, 8,., with five different frequencies (0.1,
0.2, 0.25, 0.5 and 1.0 Hz) were chosen. These values were chosen to cover the range of frequencies
present in walking gait, with greater concentration around more commonly occurring lower frequencies
[177]. The exoskeleton is controlled using a basic proportional controller, i.e. 7. = K (6, — ), while the
knee joint angle 6 is recorded. The joint angular velocity, 8, and joint acceleration, §, are calculated by
first and second derivatives of the joint angle low-pass filtered with a cut-off frequency of 5 Hz. From the
system model (4.3), it is clear that 6, 6, 6, and 7, are known, while the parameters J,, B., A,, and 7,
need to be identified. Given there are the same number of unknown variables as known variables, a linear
least-squares optimisation algorithm is used to identify the unknown model parameters [178]. Estimated

parameter values for the seated exoskeleton configuration are shown in Table 4.2.

Human Limb Parameters  The human limb parameters, .J,, Bj,, Ay, and 7, 5, can be inferred by superpo-
sition once human-exoskeleton parameters and exoskeleton parameters are determined experimentally.
Human-exoskeleton system parameters are identified using a similar approach to the exoskeleton param-
eters, but with human coupled the the exoskeleton. The human subject is instructed to remain relaxed,
so human torque can be neglected (7, = 0). EMG signals are monitored here to ensure the subject is
not exerting any voluntary effort. As with the exoskeleton parameter identification, the system is propor-
tionally controlled with the same reference trajectories and the unknown human-exoskeleton parameters

are identified using linear least-squares. A sample of cross-validation results of human-exoskeleton iden-
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tified parameters for one seated exoskeleton trajectory frequency can be seen in Figure 4.8. Satisfactory
agreement between input torque, 7., and estimated torque, 7., generated from identified parameters is
observed (average Root Mean Square Error (RMSE) = 1.47 Nm across all subjects). The estimated human

limb parameter values for all subjects are shown in Table 4.2.

Measured Parameters The other parameters of the human-exoskeleton system models can be deter-
mined by measuring physical properties of the subject’s body segments. For example, mass, centre of
mass, and length of the body segments are determined by physically measuring the properties. Although
it is difficult to precisely measure the mass and centre of mass of an individual body segment, they can
be estimated from a proportion of a human's overall weight and height, using guidelines in the literature
[179]. The following parameters were calculated for Subject 1, a male of height 1.88 m and weight 85 Kg:

ms =3.723Kq, d, = 225.25 mm, and [; = 438.22 mm.

Time (s)

Figure 4.8: Cross-Validation Human-Exoskeleton Torque. Cross-validation results of the human-
exoskeleton identified parameters at 1.0 Hz showing high agreement between input torque and estimated
torque from the identified seated human-exoskeleton model parameters.

4.3 Model Predictive Controller

Central to the AAN-MPC control approach proposed in this work is the model predictive controller. It is an
important component for effectively addressing the latency problem present in existing adaptive AAN con-
trol approaches. In this section, background around MPC for robotic assistance is presented, development

of the controller is explored, and a simple application example is provided.
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4.3.1 Background

MPC has been investigated for AAN control for robotic rehabilitation previously. Ozen et al. applied nonlin-
ear MPC to an upper body rehabilitation virtual task with a delta robot, optimising for training task comple-
tion, motor learning, and trainee skill level simultaneously [180]. This approach is promising for neuroreha-
bilitation, however it does not consider human joint behaviour directly. Raza et al. explored using MPC to
control a simulated upper limb rehahilitation robot under disturbance conditions. Task precision improved
however the approach was unable to distinguish external disturbance from human effort [181]. Teramae et
al. applied MPC to a 1-DOF upper limb rehabilitation task by considering an upper-limb exoskeleton model
and using muscle activity for human joint torque estimation [182]. The method was able to derive optimal
robot torque for completing the task, but did not adapt the objective function for the different assistance
modes required during rehabilitation training, particularly safety mode in the case of human resistance to

the robot.

4.3.2 Controller Specification

A well-known limitation of MPC is the numerical effort required to solve the underlying optimal control
problem. Recently, however, the development of MPC solvers for linear and nonlinear systems has matured
to the point where MPC can often be applied in real-time. Having chosen MPC for the AAN control approach
in this thesis, a suitable controller development workflow and software package was required. To meet

the technical specifications of the problem, it needed to:

+ Solve for nonlinear dynamical systems

- Handle state and input constraints
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+ Be capable of real-time solution, with sampling time in the millisecond range

- Be portable for efficient implementation on hardware, ideally written in C or C++ for integration with

existing equipment.

Based on these requirements, a suitable controller development tool was found. The open-source GRAMPC
software package was chosen. It specialises in nonlinear continuous-time systems subject to nonlinear
state and control constraints. It uses an underlying augmented Lagrangian formulation with a tailored
gradient method for the inner minimization problem. This tool, implemented in C code, enables real-time

solution of nonlinear highly dynamical systems with sampling times in the (sub)millisecond range [183].

4.3.3 Problem Formulation

The GRAMPC tool can solve nonlinear constrained model predictive control problems with fixed end time.

The method uses iterative solution of an Optimal Control Problem (OCP) of the form

min - J(w @) = V(@(T)) + /0 " @(s), u(s), 5)ds (4.50)
st. Ma(s) = f(a(s),uls) tr +5), @(0) =z (4.5b)
h(z(s),u(s),s) <0, hyp(x(T),T) <0 (4.5¢)
2(5) € [T, T, @(T) € Qp (4.5d)
u(s) € [Unin, Una] (4.5€)

with state € R™=, control w € R™+, and end time 7' € R. The cost to be minimized (4.5a) consists of
terminal and integral cost functions V : RV x R — Rand [ : R x RN x R — R, respectively. N,

and N, are number of system states and control inputs respectively. The dynamics (4.5b) are shown in
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semi-implicit form with the mass matrix M, the nonlinear system function f : RV= x RN« x R — RMe,

and the initial state x,.

Equations (4.5¢) account for inequality and corresponding terminal constraints A : RV x RV x R —
R, and hy : RY: x R — R Finally, (4.5d) and (4.5e) represent box constraints for the system

state and optimisation variables.

The MPC-internal time coordinate s € [0, T is distributed over the prediction horizon T". The initial state
x;, is the measured or estimated system state at current sample time t, = to + kAt, k € N with
0 < At < T'[183]. The first part of the computed control trajectory u(s), s € [0, At) is used as control
input for the actual plant over time interval ¢ € [ty, tx+1), before OCP (4.5) is solved again with new initial

state ;1 [183]. The working principle of discrete MPC is illustrated in Figure 4.9.

PAST FUTURE

< >
< »

Reference Trajectory

g —e— Predicted Output
Measured Output
Predicted Control Input
—— Past Control Input

Prediction Horizon

| -

4

| | | | | | | |

T T T T T T T T >
+——>

Sample Time

kK k+1 k+2 k+p

Figure 4.9: Discrete MPC Scheme. Illustration of the basic working principle for a discrete MPC scheme
showing reference trajectory, predicted output (states), measured output (states), predicted control input,
and past control input. Original drawing by Martin Behrendt, CC BY-SA 3.0.

A popular choice of the cost function (4.5a) is the quadratic form

Viz) =z - xdes”%:, Uz, u) =z - deeSHQQ + Jlu — udesu%z (4.6)

with the desired setpoint (z4es, wqes) and the positive (semi-)definite matrices P, @, and R represent-

ing the weights. The vector-valued L*-norm is defined by |||/, = .1, @il )z with ||z, =

(fy @2(t)de)z.
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Cost function formulation is problem-specific and an example for a 1-DOF lower limb exoskeleton is pro-
vided in Section 4.3.6. Stability can be ensured in the MPC by imposing a terminal constraint on x(7") as
in (4.5d), where the set Q3 = {x € R"*|V(x) < 8} for some 3 > 0 is defined in terms of the terminal
cost V() that can be computed from solving a Lyapunov equation that renders the set 4 invariant under

a local feedback law [184].
The terminal region and constraints on the state and control input as given in (4.5c) can be expressed as

L — Tmax

h(z,u) = Tmin TN o 0, hr(x)=V(x)—p<0. (4.7)

U — Umax

Umin — U
Note that terminal constraints can be omitted in real-time MPC, in order to reduce computational burden
[185]. Real-time feasibility can also be achieved by limiting the number of iterations of the optimisation
algorithm per sampling step and using the current solution for warm starting the next MPC step, reducing
the sub-optimality over the runtime of the controller [186]. The optimisation algorithm used for solving the

OCP is described in Section 4.3.4.

4.3.4 Optimisation Algorithm

The optimisation algorithm in the GRAMPC tool uses an augmented Lagrangian formulation in combina-
tion with a real-time projected gradient method. The framework rapidly provides a (sub)optimal solution
at low computational cost, which is important for feasibility with real-time applications. The augmented
Lagrangian formulation and corresponding optimisation algorithm are summarised here for solving the

OCP, with more information available from Englert et al. [183].

The augmented Lagrangian formulation adjoins the constraints (4.5¢) to the cost function (4.5a) by means
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of multipliers & = (pn, pn,.) and additional quadratic penalty terms with penalty parameters ¢ =
(¢n, cn,). The inequalities are transformed into equality constraints by means of slack variables, which

can be analytically solved for [187]
— — T —
Tu i) = Viwpr.er) + [ Ut )i 48
0

The augmented cost function (4.9a) allows one to formulate the max-min-problem

m;;ax muin J(u, i1, ¢ xq) (4.9a)
st. Mz(t) = f(x,u,t), x(0)=x (4.9b)
u(t) € [Umin, Umax], t € [0,T]. (4.9¢)

The iteration structure of the augmented Lagrangian algorithm is summarised in Algorithm 1. In the current
augmented Lagrangian iteration, 4, the inner minimization is carried out by solving the OCP in (4.9) for
the current set of multipliers ¢ and penalties &'. Since the only remaining contraints within (4.9) are
box constraints on the optimisation variable (4.9c), the problem can be solved using a projected gradient
method. The solution of the inner minimization step consists of the control vector w’. The subsequent
convergence check assesses the constraint violation as well as convergence behaviour of the previous
minimization step. If convergence has not been reached, the multipliers and penalties are updated for the

next iteration of the algorithm. Further details of each algorithm step are provided by Englert et al. [183].
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Algorithm 1: Augmented Lagrangian algorithm
Initialisation
- Initialise multipliers 1° and penalties &°
- Set tolerances for convergence criterion

for: = 1to 4., do
- Compute input u! = w’(t) and state ' = x*(¢) by solving the optimal control problem in
(4.9) using a projected gradient method
- If convergence criterion is reached, break
- Update multipliers i = (3, it4,.,)
- Update penalties & = (c},. ¢},.,)
end

4.3.5 GRAMPC Structure

The GRAMPC tool enables convenient prototyping, simulation, and real-time implementation of the con-
troller. It is designed to be portable and executable on different operating systems and hardware without
using external libraries. The core of the code is implemented in plain C with interfaces to C++ and MAT-

LAB/Simulink.

Figure 4.10 shows the structure of GRAMPC and indicates the steps involved in compiling an executable
project. Firstly, the problem must be defined, using C function templates. A problem formulation example
is detailed in Section 4.3.6. Problem-specific parameters and algorithmic options are set regarding the
MPC objective function, numerical integration in the gradient algorithm, line search strategy, and other

features.

A specific problem can be parameterised and solved with C/C++ or Matlab/Simulink. This enables conve-
nient controller design using the Matlab environment, simulation and testing of controller performance
using Simulink, and real-time deployment with robotic equipment in C/C++. The real-time workspace
of the project, algorithmic options and problem-specific parameters are stored by the structure variable

grampc, which is easy to access for the problem at hand in all environments [183].
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Problem C/C++
formulation User Input Compilation Executable
—_— GRAMPC —_—
Parameters, Matlab/
Options SIMULINK
Parameters,
Options

Figure 4.10: GRAMPC Structure. Structure of the GRAMPC toolkit, from user input through to compilation
for real-time controller implementation (grey: C/C++ code, white: Matlab environment).

4.3.6 Application Example

The problem formulation steps for the GRAMPC tool are illustrated in the following example for a seated
1-DOF lower limb exoskeleton without human. The dynamics are derived from a nonlinear Lagrange for-
mulation (4.1) and simplified, ignoring human factors and any lumped torque caused by body or external

forces. The model can be written as

JO + BO + Asgnd + 7,sin 0 = 7, (4.10)

where 6 is the knee joint angle, .J is the inertia of the exoskeleton, B is the viscous friction parameter, A is
the solid friction parameter, 7, is the gravitational torque, and 7. is the exoskeleton torque. The knee joint
angle origin and direction, gravitational torque vector, and exoskeleton joint torque are illustrated in Figure

4.6. The problem formulation can be written as

, 1 I
m(I? J(u;xy) = 2Aa:T(T)PAa:(T)+2/ Az’ (s)QAx(s) + RAu*ds (4.11a)
ut 0
. ) ‘
st |7 = 7011 asoten s | 1] ? u, 11(0)| _ |1 (4.11b)
T2 Jx1 Jxo I L2 J x2(0) ‘/E]%Q

[O] < [m] < [1'4] . Jul <20 (4.11c)
—2 Ty 2
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wy, O

Withz, = 0, 29 = 0, AT = & — Taes, AU = U — Uges, P = Q = ,and R = w,. The
Wy,

prediction horizon and sampling time are set to T' = 0.2 s and At = 2 ms, respectively.

The problem formulation is set in the function template code probfct . c. The following listing shows

the function structure and problem implementation.

/+ Problem dimensions x/
void ocp_dim(int *Nx, int %Nu, int «Nh, int «NhT)

*Nx = 2;
*Nu = 1;
*Nh = 4;
*NhT = 0;

}

/+ Right—-hand side of dynamics M dx/dt = f(t,x,u,userparam) x/
void ffct (double *out, double t, double xx, double xu, typeUSERPARAM *userparam)

doublex pSys = (doublex)userparam;

double A = pSys[0];

double B = pSys|[1l];

double J = pSys|[2];

double tau_g = pSys[3];

out[0] = x[1];

out[1l] = &u[O] + x[2] - A x tanh (10 x x[1]) - B % x[1l] - tau_g = sin(x
[(01)) J;

}

/* Integral cost function int 1(t,x(t),u(t),xdes,udes,userparam) =/
void lfct (double *out, double t, double xx, double xu, double xxdes, double =«
udes, typeUSERPARAM xuserparam)
{
double *pCost = (doublex)userparam;
double w_theta = pCost[4];
double w_tau = pCost[5];
out [0] = w_theta * (x[0] - xdes[0]) » (x[0] - xdes[0]) + w_tau *= (ul[0] -
udes[0]) = (u[0] - udes[0]);

}

/+ Terminal cost function V(T,x(T),xdes,userparam) */
void Vfct (double *out, double T, double xx, double xxdes, typeUSERPARAM x

userparam)
{
double xpCost = (doublex)userparam;
double w_theta = pCost[4];
out [0] = w_theta * (x[0] - xdes[0]) » (x[0] - xdes[0]);

}

/+ Inequality constraints h(t,x(t),u(t),userparam) <= 0 x/
void hfct (double *out, double t, double xx, double xu, typeUSERPARAM xuserparam)

double *pCons = (doublex)userparam;
out [0] = pCons[6] - x[0];
out[1l] = -pCons[7] + x[0];
out[2] = pCons[8] - x[1];
out [3] = -pCons[9] + x[1];

Problem-specific parameters can be accessed inside the functions via the pointer userparam. The

variable type t ypeUSERPARAM passes the model parameters, cost function weights, and constraint
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values to the function templates via the void-pointer. The function names follow the nomenclature of the
general OCP formulation in (4.5) apart from ocp_dim which defines the dimensions of the MPC problem.
The GRAMPC tool also requires explicit definition of the function derivatives w.r.t. state  and control input
w in order to evaluate the optimality conditions. Jacobians have to be represented for use in multiplied
form, i.e. (%)TA. This helps to avoid zero multiplications in case of sparse Jacobians. The following

listing shows a truncated selection of the corresponding gradient functions for state derivatives.

/* Jacobian df/dx multiplied by vector vec, i.e. (df/dx) "T+vec #*/

void dfdx_vec (double xout, double t, double xx, double xvec, typeUSERPARAM x*
userparam)

{

doublex pSys = (doublex)userparam;
double A = pSys[0];

double B = pSys|[1l];

double J = pSys|[2];

double tau_g = pSys[3];

out [0] = vec[l] * (-tau_g * cos(x[0]) / J);

out[1l] = vec[0] + wvec[l] * ((A = (10 - 10 * tanh(10 % x[1]) * tanh (10 =
x[11)) - B) / J);

}

/% Gradient dl/dx +/
void dldx (double *out, double t, double xx, double xxdes, typeUSERPARAM x
userparam)

double *pCost = (doublex)userparam;
double w_theta = pCost[4];
out[0] = 2 % w_theta * (x[0] - xdes[0]);
}

};.Gradient dv/dx =/
void dVdx (double xout, double T, double *x, double *xdes, typeUSERPARAM x*
userparam)

double xpCost = (doublex)
double w_theta = pCost[4]
X

userparam;
7
out [0] = 2 * w_theta * (x]

0] - xdes[0]);
}

};.Jacobian dh/dx multiplied by vector vec, i.e. (dh/dx) "T+vec #*/
void dhdx_vec (double xout, double t, double xx, double xvec, typeUSERPARAM x*

userparam)
out [0] = -vec[0] + wvec[l];
out[1l] = -vec[2] + vec[3];
out[2] = 0;
out [3] = 0;

GRAMPC provides a number of functions for initialising the MPC solver. The following listing shows part
of how to initialise the application example MPC problem using the exoskeleton model parameters from

the literature [176].

#define A 0.187f
#define B 0.408f
#define J 0.080f
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#define tau_g 0.415f
#define w_theta 50
#define w_tau 1

7;'User parameters */
double pSys[9] = { A, B, J, tau_g , w_theta, w_tau, 0.0 , 1.4 , -2 , 2 };
typeUSERPARAM *userparam = pSys;

/+ GRAMPC initialisation */
grampc_init (&grampc, userparam);

/* Set parameters x/

grampc_setparam_real_vector (grampc, "x0", [ 0.2, 0.0 1);
grampc_setparam_real_vector (grampc, "xdes", [ 1.2, 0.0]);
grampc_setparam_real_vector (grampc, "uO", [ 0.0 1);
grampc_setparam_real_vector (grampc, "udes", [ 0.0 ]);
grampc_setparam_real_vector (grampc, "umax", [ 20 1);
grampc_setparam_real_vector (grampc, "umin", [ -20 ]1);

grampc_setparam_real (grampc, "Thor", 0.2);
grampc_setparam_real (grampc, "dt", 0.002);

/* Set options #*/

grampc_setopt_int (grampc, "Nhor", 20);

grampc_setopt_int (grampc, "MaxGradIter", 4);
grampc_setopt_int (grampc, "MaxMultiIter", 6);
grampc_setopt_string(grampc, "InequalityConstraints", "on");
grampc_setopt_string(grampc, "Integrator", "heun");

The listing shows the initial and desired system states and control input as well as the rigidly enforced box
constraints on the input (umay,umin)- It also shows some of the algorithmic settings, e.g. the number of dis-
cretisation points Nhor for the prediction horizon [0, 7], the maximum number of iterations (émax,jmax) for
the augmented Lagrangian multiplier update and projected gradient optimisation algorithms, and choice
of integration scheme for solving the dynamical system equations. Options for the integration scheme
are (modified) Euler, Heun, 4th order Runge-Kutta as well as the solver RODAS [188]. The Euler and Heun
methods are a fixed step size, determined by the number of discretisation points (Nhor), whereas RO-
DAS and Runge-Kutta use adaptive step size control. Choice of integrator has a significant impact on the
computation time and allows a trade-off between accuracy and computational efficiency. Other options
not shown in the listing include the settings for scaling and offsetting the input and state variables of the

optimisation problem (xScale,xOffset,uScale,uOffset).

The example constrained nonlinear MPC problem (4.11) was formulated using the GRAMPC tool and sim-
ulated in the MATLAB/Simulink environment. Human involvement, external disturbance, and modelling

error are not introduced in this example, so the plant model and internal MPC model have identical prop-
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Figure 4.11: MPC Application Example. Simulated MPC trajectories of state, «, and control input, u, for
a 1-DOF exoskeleton example problem for a step response.

erties. System state and control input responses are shown for a unit step response with knee joint angle

reference in Figure 4.11.

At 2 s in the simulation, the reference knee joint angle z; jumps from 0.2 rad to 1.2 rad. The MPC responds
by rapidly increasing control input torque w. Shortly after this increase, the nonlinear constraint on knee
joint velocity of 2, < 2 from (4.17c) is activated and the joint velocity is limited to a maximum of 2 rad/s by
reducing w after marginally violating the constraint. The behaviour regarding violation of constraints can
be made more compliant by increasing the maximum number of iterations of the augmented Lagrangian
and gradient algorithms (imax and jmax), in particular the former, . For the remaining simulation time, the
reference angle is tracked closely and the MPC provides the (sub)optimal control input without violating

constraints on system states, a, or control input, u.

4.3.7 Cost Function

The proposed AAN-MPC control framework uses the MPC tool specified in Section 4.3.2 applied to the
human-exoskeleton systems modelled in Sections 4.2.4.1 and 4.2.4.2. Instead of using a conventional
cost function formulation for trajectory following, such as (4.11), the AAN-MPC controller uses a novel
cost function which enables assistance to be provided in a number of modalities: passive mode, active-

assist mode, and safety mode. The controller provides intelligent constrained nonlinear optimal control for
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the human-exoskeleton system according to information about human effort, tracking error, and suitable
assistance mode. The optimisation problem of the AAN-MPC for the seated configuration can be written

as

muin J = til(mkwg(enk —0p)? + wyul) (4.12a)
k=t

st Opyq = %(BH;C + Tysinby — Thp — Te k) (4.12b)

0 € [Omin Omax)s 0 € [Brmin O] (4.12¢)

Te € [Temin Te,max] (4.12d)

where T shows the prediction horizon, and & denotes the kth sample. The prediction horizon can be
chosen to reflect the length of time interval from EMG signal activation to joint torque output [189]. wy is
the tracking weight, affecting tracking error cost, and w is the torque weight, affecting the robot torque
cost. m is the mode function which changes robot behaviour based on the preferred mode of assistance
by scaling wy. The value of m € [0 1] is determined by a fuzzy logic-based algorithm, (described in
section 5.2) which uses inputs of the reference angular velocity, 6,, and the estimated human torque, 7,

evaluated using a human torque estimation method, described in section 6.2,

A benefit of the AAN-MPC approach over existing AAN controllers is the ability to find optimal solutions
while applying constraints to the state variables and control input by adjoining the constraint equations
to the objective function. Constrained optimisation inherently limits the range and velocity of joint motion
to prevent subject discomfort and protect hardware. Constraints of minimum and maximum knee joint
angle,# € [0 1.4], angular velocity, # € [—2 2], and control input torque, 7. € [—20  20], are applied.
The constraints on joint states can be used by clinical practitioners to personalise the control framework

for the patient based on recovery progress and physical limitations.
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4.4 Controller Simulation

The proposed AAN-MPC controller is tested using a simulation environment in Simulink with the system
system model from (4.2.4.1) for the seated leg extension and flexion exercise integrated over time using a
variable step automatic solver. The layout of the simulation environment is shownin Figure 4.12. Itincludes
blocks for the proposed controller and the benchmark PID and Impedance controllers. The environment
has functionality for enabling/disabling control framework features of simulated human torque, 73,, human
torque estimation (HTE), and fuzzy logic-based algorithm (FLA) for assistance mode (see Section 5.2).
There is also functionality for introducing modelling error (between MPC model and plant model) and

configuring process (plant input) and measurement (plant output) noise.

4.4.1 Constrained Assistance

A significant benefit of the AAN-MPC approach proposed in this thesis over traditional approaches such
as PID control, impedance control, and velocity/force field control, is the ability of MPC to include con-
straints on system states or control inputs in the overall optimisation problem. Inequality constraints can
be defined when designing the controller in the problem formulation and the constraint minimum and
maximum parameter values can be updated easily. Constraints can be enforced on any system state, or
any linear/nonlinear combination of system states. In the context of robotic rehabilitation and assistance,
this makes it possible to design a controller with safety considerations at the centre of the control policy.
Coordinated movement between joints and/or limbs can be enforced in systems with multiple degrees of
freedom. This is shown to be beneficial in [117] and demonstrated in [190]. A simple example of a coordi-
nated movement goal in a multi-DOF system would be for the hip joint angle to be within a certain range

of the knee joint angle during a sit-to-stand movement. Another application of constrained optimisation is
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Figure 4.12: Controller Simulation Environment. Schematic showing the layout of the Simulink controller
simulation environment, including: the state references block (Ref), PID/Impedance/MPC controller con-
figuration block (Controller), human-exoskeleton system plant block (Plant), Human Torque Estimation
(HTE) block, and the Fuzzy Logic Algorithm (FLA) block.

enforcing a velocity limit on a system state. These limits can be variable, functions of time or position, and
need not be be the same in each direction of motion. Physical limitations can be implemented explicitly
using MPC and could be useful for clinical rehabilitation practitioners seeking to modify robotic assistance
for a specific patient, given their ability and requirements. Knee joint position and velocity constraints for

the 1-DOF knee joint exoskeleton are demonstrated in simulation.

4.4.1.1 Position Constraints

Figure 4.13 shows a simulation of the proposed AAN-MPC controller during a seated leg extension end
flexion tracking task, with maximum position constraints varying from 0.4 rad to 1.0 rad in increments
of 0.2 rad. For all of the simulations, the reference joint angle follows an identical path. As the position
constraints are adjoined to the cost function, activation of the maximum position constraints causes an
increase in the cost value, shown in Figure 4.13 c), with the more strictly limiting constraints causing a

greater increase in cost.
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Figure 4.13: Constrained Position MPC Simulation. Simulation demonstrating MPC using maximum
position constraints adjoined to the objective function during seated leg extension and flexion exercise.
The maximum position constraint, 6,,.x, was varied from 0.4 rad to 1.0 rad in 0.2 rad increments.

4.4.1.2 Velocity Constraints

Figure 4.14 shows a simulation of the proposed AAN-MPC controller for a knee joint reference angle step
response, beginning at 0.2 rad with a step of 0.5 rad. For all of the simulated step responses, the reference
values are identical, however the maximum velocity constraints are of different magnitude, ranging from
0.2 rad/s to 2.0 rad/s. For each of the velocity constraint cases, following the joint angle step change,
occurring at 0 s, the joint velocity rapidly rises to the level of the constraint, using the maximum available
joint torque of 20 Nm, and remains at the maximum constrained velocity level until the reference joint
angle is met. The explicit constraint of joint velocity is a powerful feature of the AAN-MPC framework. It
can be used to design controllers for robotic assistance which implicitly consider the safety of the subject
and comfortable nature of motion for each joint. The maximum and minimum velocity parameters can be

set, depending of the mobility and rehabilitation progress of a subject’s joints.

4.4.2 Comparison Study

The controller simulation environment, shown in Figure 4.12, was used to conduct a controller comparison,

in which the proposed AAN-MPC controller is tested and compared to benchmark controllers (PID and
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Figure 4.14: Constrained Velocity MPC Simulation. Simulation demonstrating MPC using maximum
velocity constraints adjoined to the objective function during seated leg extension step response exercises.
The maximum velocity constraint, 6,,., varies from 0.2 rad/s to 2.0 rad/s in 0.2 rad/s increments.

Impedance) in terms of performance across a number of important scenarios: response to a reference
step change; response to sudden human torque; reference tracking; presence of controller modelling error;

and advance adaptation.

4.4.2.1 Step Response

The first test of the simulated controller comparison study demonstrates the responses of the following
controllers to a reference joint angle step change from 0.2 rad to 1.0 rad occurring at 0.5 s: a finely tuned
PID controller (using transfer function-based automated tuning in the PID Tuner App of MATLAB R2020a);
a model-based impedance controller, shown in Figure 3.2, with viscous friction and gravity compensation
(using identical model parameters to the MPC) and comparable stiffness and damping parameters (K, =
100 and K4 = 10) to [137]; and the proposed MPC controller, with constrained joint position and velocity,
omitting human torque estimation and the fuzzy logic algorithm. The responses of the controllers are

shown in Figure 4.15.

The PID controller displays significant overshoot following the joint angle reference step change, with joint

angle extending past the reference point of 1.0 rad to almost 1.2 rad, before eventually returning to a steady



106 Chapter 4. Model Predictive Control for Intelligent Robotic Assistance

state close to the reference value around a time of 2.0 s. This increased settling time is undesirable, and
suggests that PID control is unsuitable for controlling this highly nonlinear system. The PID controller
also displays initial position error, caused by uncompensated gravitational acceleration, which is largely
corrected by the time the step change occurs at 0.5 s. Because both the MPC and impedance controllers
include gravity compensation, this initial position error is not observed for them. The impedance controller
has a similar rise time to the PID controller and much less overshoot. The settling time is much smaller
than with PID control, suggesting that model-based impedance control benefits significantly from the vis-
cous friction and gravity compensation features when applied to this highly nonlinear problem. The MPC
controller demonstrated a greater rise time than the PID and impedance control approaches. This is nota
limitation of the MPC, but a design decision, as the maximum joint velocity was constrained to 2 rad/s, as
indicated in Figure 4.15. The joint velocity constraint can protect the subject from discomfort and injury
in the case of a sudden change in reference state, and can be set to an appropriate value based on the
condition and rehabilitation progress of the subject’s joint. Activation of this constraint occurs between
0.6 sand 0.9 s in the middle plot of Figure 4.15. The MPC controller had the least overshoot, and preemp-
tively reduces output torque after 0.8 s to prepare for approaching the reference position, demonstrating
the predictive advantage of MPC. The controller torque outputs were limited to 20 Nm, as shown in the

right plot of Figure 4.15, to represent the limitations of the actuator specified in Section 4.2.1.

4.4.2.2 Human Torque Response

The next part of the simulated controller comparison study tested the response to a sudden 10 Nm human
torque step for a constant reference position with the PID, impedance, and MPC controllers, as well as the
MPC controller with ideal human torque estimation (7, = 73,). The responses of the four controllers is

shown in Figure 4.76.
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Figure 4.15: Simulated Controller Step Response Comparison. The simulated responses of the PID,
Impedance, and MPC (without FLA and HTE) controllers are shown for a position reference step change
from 0.2 rad t0 1.0 rad.

The impedance controller demonstrated the greatest compliance, extending from the constant reference
position of 0.2 rad to a steady state position around 0.3 rad. The constant positional error demonstrates
the flexible, spring-like properties associated with impedance control. The PID controller showed little
compliance, deflecting to a position around 0.24 rad initially, with the position error reducing over time.
The reduction inresidual error over time under constant disturbance is associated with the integral term of
the PID which adds a control effect proportional to the accumulative value of the error. The MPC controller
deflects to a steady state position around 0.23 rad, with an error magnitude dependent on the relative
weighting of tracking and robot torque in the MPC cost function. When the MPC controller is combined
with ideal human torque estimation (MPC w/ HTE in Figure 4.16), the controller can reject the disturbance
of sudden human torque, minimising position error. In practice, ideal human torque estimation is not
possible, however this simulation demonstrated the value of including estimation in the control framework.
In Chapter 6, human torque estimation is investigated and a method for human torque prediction using a

combination of muscle activity signals and system states is developed.
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Figure 4.16: Simulated Controller Human Torque Response Comparison. The simulated responses of
the PID, Impedance, MPC (without FLA and HTE), and MPC (with HTE) controllers are shown for a constant
position reference and sudden 10 Nm human torque step for a duration of 1.0 s.

4.4.2.3 Seated Tracking

Controller tracking for seated leg extension and flexion is demonstrated in simulation for the PID, impedance,
MPC, and MPC w/ HTE controllers. Three simulation conditions are tested for the seated tracking exer-
cise: default (high gain) controller parameter values with no human torque (7;, = 0); default controller
gains with a sudden human torque step; and significantly reduced controller gain parameters (by an order
of magnitude) with the same human torque step. Simulating the controller responses with reduced gains
emphasises the disparity in controller behaviour to demonstrate the relative merits and drawbacks of each

approach. The responses of the four controllers in each of the three conditions is shown in Figure 4.17.

For the condition of default gains with no human torque, all controllers perform well and closely track
the 0.25 Hz sinusoidal reference joint angle trajectory. For the two conditions of default and reduced
gains with a 10 Nm sudden human torque step, introduced at 0.5 s for a duration of 1.0 s, the impedance
controller demonstrates the greatest compliance, with noticeable steady state position error during the
disturbance. The PID controller initially allows some position error before the integral term acts to reduce
the positional error effect. The MPC without human torque estimation, as in Section 4.4.2.2, shows steady

state positional error proportional to the ratio of tracking and robot torque weights in the MPC cost func-
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Figure 4.17: Simulated Controller Seated Tracking Comparison. The simulated tracking performance of
the PID, Impedance, MPC (without FLA and HTE), and MPC (with HTE) controllers are shown for seated leg
extension and flexion of the human-exoskeleton system in three cases: on the top row, high gains with no
human torque; on the middle row, high gains with human involvement; and on the bottom row, low gains
with human involvement.

tion. The MPC w/ HTE demonstrated the least positional error by far. This further emphasises the benefit
of including human torque estimation in the control framework for exercise tasks where close tracking is

important, even in the case of sudden human effort.

4.4.2.4 Model Error

This controller comparison test investigated the effect of introducing model error in the form of discrep-
ancy between the controller model parameters (for model-based impedance and MPC control) and simu-
lation plant model parameters. This was tested for seated leg extension and flexion exercise using the PID,

impedance, and MPC (without HTE) controllers with no human torque (7, = 0). Three different conditions
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were simulated: no model error, +50% plant model error, and —50% plant model error. The errors were
applied to the static friction, A, viscous friction, B, inertia, J, and gravitational torque, 7, parameters
of the plant. The increasing (+ve) plant model errors caused the controllers to underestimate the plant
parameters, whereas the decreasing (-ve) plant model errors caused the controllers to overestimate the

plant model parameters. Results of the simulations are shown in Figure 4.18.

The joint angle and tracking error plots on the left of Figure 4.18 simulate seated tracking with no modelling
errors. The controllers track the reference position closely with minimal tracking error. The middle plots
show simulated tracking with +50% plant model error, and the right plots show tracking with —50% plant
model error. The PID controller is least affected by the model error. As this control approach is not model-
based, tracking performance is not dependent on model parameters being representative of the plant dy-
namics. The tracking performance of the MPC controller, and to a greater extent the impedance controller,
are significantly impacted by the introduction of model error. The MPC controller is less affected because
high tracking weight in the cost function has a corrective effect on the output torque. The impedance
controller is more affected because the stiffness and damping parameters are set to provide compliant,
human-like properties at the robot joint, and so have less corrective effect. This may be favourable in sit-
uations where compliance is of greater importance than tracking, however there is a significant trade-off
between them. The impedance and MPC controllers underestimating plant model parameters causes un-
dershoot from the reference trajectory, and overestimating the parameters causes overshoot. The mean

simulated tracking errors for all three plant error conditions are summarised in Table 4.3.

Table 4.3: Mean Tracking Errors. Mean tracking error values (rad) simulated for seated leg extension
and flexion of the human-exoskeleton system with the PID, impedance, and MPC (without FLA and HTE)
controllers with various plant model error, e, values.

e=0 |e=+05]e=-05
PID |-0.0019 | -0.0029 | -0.0009
Imp | 0.0001 | -0.0498 | 0.0557
MPC | 0.0056 | -0.0216 | 0.0345
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Figure 4.18: Simulated Controller Tracking Comparison with Modelling Errors. Simulated tracking per-
formance for seated leg extension and flexion of the human-exoskeleton system with the PID, impedance,
and MPC (without FLA and HTE) controllers with various plant model error, e, values. The upper row shows
reference, 6,., and simulated, 6, angular positions, and the lower row shows the position errors, 6 — 6,..

4.4.2.5 Advance Adaptation

An advantage of the control approach proposed in this thesis over existing AAN controllers is the ability to
predict human torque from muscle activity signals in advance of joint torque output and optimise control
input accordingly. To show the theoretical benefit of this, a simulation of the response to sudden human
joint torque is simulated for the MPC controller and PID controller. The delay between EMG signals firing in
the muscle and force being produced in the muscle is significant [189]. Considering latency introduced by
the torque estimation method, a human torque prediction 0.1 s in advance is simulated for the MPC. The
output of the FLA, described in Section 5.2, is included so the assistance mode changes from passive to
active-assist. This mode demonstrates more compliance than passive mode, permitting greater tracking

error.

The simulation is shown in Fig. 4.19. It demonstrates the MPC controller reacting in advance to the human
torque, adjusting 7. at 0.4 s to accommodate human-robot interaction. The PID controller with no human

torque prediction does not adjust 7, until after the human torque is produced at 0.5 s.
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Figure 4.19: Simulated Controller Advance Adaptation. Simulation of the MPC and PID controller re-
sponses to a human torque step of 10 Nm from 0.5 s to 1.5 s. Human torque estimated using muscle
activity signals, 7, is observed 0.1 s in advance of the human joint torque output, 7,. The MPC changes
assistance mode from passive to active-assist at 0.4 s, indicated by a change in the assistance mode
variable, m. This increases compliance to accommodate human-robot interaction.

Chapter Summary

In this chapter, MPC was established as the central component of the AAN-MPC control framework, which
uses the decision-making power of fuzzy logic to estimate the most suitable mode of assistance by eval-
uating human-robot interaction condition in real-time. The framework uses a human torque estimation
function to predict human joint torque from muscle activity information and system states. The human-
exoskeleton system design configurations and models were presented for seated and standing exercises,
targeted at robotic rehabilitation and mobility assistance. Using the system models, the control frame-
work can provide informed optimal assistance, specific to the exercise and conditions in question. The
controller development workflow, design, and implementation were presented with an example applica-
tion. A controller simulation environment was presented and, finally, the results of a simulated controller

comparison study were presented and discussed.



Chapter 5

Fuzzy Logic Algorithm for Assistance Mode

The previous chapter described the proposed AAN-MPC control framework. Human-exoskeleton system
were presented, including an outline of the exoskeleton configurations, actuator module, system mod-
els, and parametric identification methods. The MPC design and implementation was detailed, and an
application example was provided. The chapter concluded with presentation of a controller simulation

environment and a comparison study involving various benchmark controllers.

The focus of this chapter is the component of the control framework that evaluates the assistance mode.
A fuzzy logic-based algorithm is developed for evaluating the assistance mode variable m, which is used
in the MPC cost function to adapt the nature of human-robot interaction. The algorithm designed in this
chapter uses inputs of estimated human torque, 75,, and knee joint reference velocity, 6,.. For the control
framework evaluation in Chapter 7, human torque is estimated using the linear model (n=2) described in

Chapter 6.

In this chapter the background section provides context on fuzzy logic and a brief review of how it has

been used previously in AAN control. The materials and methods section describes development of the

113
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algorithm, the role of the p4 parameter, and a trajectory adaptation method. The chapter concludes with
a results and discussion section in which the algorithm performance is tested for a number of human
involvement conditions, the effect of the p, parameter value is explored, the trajectory adaptation method
is demonstrated, and application of the assistance mode function to various benchmark controllers is

compared in simulation.

5.1 Background

Fuzzy logic is a form of many-valued logic in which the truth (or likelihood) values of variables may be
any real number between 0 and 1, both inclusive. It is used to handle the concept of partial truth, where
the true value of some state or property may range between completely true and completely false. It is
in contrast to Boolean logic, where truth values of variables may only be the integer values 0 or 1 [1971].
Fuzzy logic is based on the observation that people make decisions based on imprecise and non-numerical
information. It is a way of representing vagueness and imprecise information in a way that is rigorous and

can be computed repeatedly.

Fuzzy logic has been applied to many fields of research, from control theory to artificial intelligence, and
used in the design of control systems for rehabilitation robots. It was incorporated in an implementation
of force-position hybrid control [192], where it realised a set of distinct position and force control rules to
constrain movement to the desired direction and maintain a constant force along the moving direction.
The authors in [193] and [194] used fuzzy control with FES for the subject joint angle, requlating the muscle
stimulation pulse-width required to drive FES-assisted walking gait. The authors in [195] used fuzzy ap-
proximation to realise adaptive backstepping control of an exoskeleton for upper limbs. The approximators

estimated the dynamical uncertainties of the human-robot system, and an iterative learning scheme com-
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pensated for time-varying periodic disturbances. Fuzzy neural network approaches have been developed
for robotic control, such as in [196], where a fuzzy neural network was used for nonlinear dynamics estima-
tion. Fuzzy logic was used for a gait monitoring system in [197], using ground contact forces as inputs. In
[198] and [199], fuzzy inference systems were used to regulate impedance controller parameters for upper

limb robots.

5.2 Materials and Methods

This section describes the development of a novel fuzzy logic algorithm for determining assistance mode

using fusion of data from exoskeleton and human states.

5.2.1 Fuzzy Logic-based Algorithm

Animportant element of the AAN-MPC control framework is the FLA for determining assistance mode. The
role of this algorithm is to make an evaluation of the human-robot interaction mode based on the predicted
human effort contribution and desired system state. This estimation is the likelihood of the subject either
being passive, actively participating in the exercise task, or resisting the motion of the exercise. The re-
sulting controller behaviour varies greatly depending on which of these human-robot interactions is shown
by the subject. An accurate evaluation of interaction behaviour would make the algorithm very powerful.
Potentially enabling the control framework to adjust on-the-fly, achieving subject-specific human-robot in-
teraction for various exercise modes. This continuous decision making can enable the controller to behave

intelligently and sensitively, akin to an experienced physical therapist.

To simplify the complex nature of human-robot interaction, distinct and representative human-robot in-
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teraction modes are defined which can be evaluated using a small number of measurable inputs from
human muscle activity and the human-exoskeleton system. The inputs that determine interaction mode
at the joint are reference anqular velocity, 6., and predicted human joint torque, 7, estimated using a HTE
model (see Chapter 6). For most exercise tasks, including those in this study, the human-robot interaction

condition can be evaluated at the (knee) joint based on the polarity of these two inputs.'

With the human behaving passively during exercise tasks, the model-based controller is designed to fully
compensate for gravitational, inertial and frictional effects of the human limb and exoskeleton. Therefore,
voluntary human effort is not required to support the device and limb. It can be inferred that estimated
human joint torque is either contributing to the motion of the device, in order to complete the instructed

rehabilitation task, or obstructing the motion of the device, due to resistance from the subject.

In the passive interaction condition, human torque is close to zero, regardless of the reference joint velocity
polarity during the exercise task. In the condition of human assisting with the exercise task, the human
joint torque polarity acts in the direction of reference joint velocity. Likewise, in the condition of human
resisting an exercise task, the direction of human joint torque tends to oppose reference joint velocity
polarity. The phenomenon of human joint torque and reference angular velocity polarity indicating human-
robot interaction condition is utilised by the FLA to inform the controller. This information is included in
the MPC cost function to adapt assistance during exercise to achieve optimal human-robot interaction

on-the-fly for the conditions defined in the FLA.

The output of the FLA is assistance mode, represented by a single variable, m, as shown in Figure 5.1.
This variable continuously changes controller behaviour, adapting the nature of human-robot interaction
by acting on the MPC cost function (see Section 4.3.7). It scales the tracking weight (cost), wg, between

0 and 1 to change the robot’s effective compliance, permitting a suitable ratio of human torque to robot

TIn this context, polarity refers to whether the input value can be classified as close to zero, acting in the positive direction,
or acting in the negative direction.
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Figure 5.1: Fuzzy Logic-based Algorithm Inputs and Output. Schematic of the FLA function with inputs
of reference angular velocity, 8,, and estimated human torque, 73, at the joint, and output of the assistance
mode variable, m.

torque during the exercise task. When the FLA output m = 0, tracking weight is eliminated from the
MPC cost function and the system operates with the human dominant. It allows significant tracking error,
showing maximum compliance. When the FLA output m = 1, tracking weight is the maximum default gain
value and the system operates with the robot dominant, showing minimal compliance and allowing little
tracking error. The value of m, and the nature of assistance, on the spectrum of human/robot dominance,

is determined using fuzzy logic.

5.2.1.1 Assistance Modes

When reference angular velocity, 6,, and estimated human joint torque, 7, act in the same direction, a
cooperative human-robot interaction condition is identified and the FLA determines that the robot should
operate in “Active-assist” mode - A. When 7, is small, the human-robot interaction condition is identified as
passive and the FLA determines that the robot should operate in “Passive” mode — P. With 7, acting against
the direction of ,, the FLA identifies a resistive human-robot interaction condition, and determines that
the robot should operate in “Safety” mode — S. The three human-robot interaction conditions defined here
are inclusive of all possible combinations of the inputs, and give rise to three corresponding “Modes” of
robot operation: Active-assist (A), Passive (P), and Safety (S). The mapping of these modes on a Cartesian
plane, with reference angular velocity, 6, on the x-axis, and estimated human joint torque, 7, on the y-axis

is illustrated in Figure 5.2. Safety mode is inclusive of the region about zero reference angular velocity to
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Figure 5.2: Assistance Mode Mapping. Assistance mode mapped against reference anqular velocity, ..,
on the x-axis and estimated human torque, 7, on the y-axis. The modes are Active-assist (A) - Green,
Passive (P) - Blue, and Safety (S) - Red.

ensure that safety mode is not compromised, and robot dominance enforced, upon the reference position

pausing in the same position or changing direction.

5.2.1.2 Applying Likelihood Values

During robot operation the assistance modes are assigned a membership value which represents the de-
gree of truth. This can be interpreted as the likelihood that the current human-robot interaction condition
belongs to each of the categories. The likelihood of mode A and S being suitable for the current interaction
condition are defined as, ua € [0 1] and pus € [0 1]. Using the aforementioned reasoning, a set of

logical rules are designed, as shown in Table 5.1.

Table 5.1: Fuzzy Rule Bases. The fuzzy rules are outlined for the inputs of estimated human joint torque,
75,, and reference joint velocity, 6,., with input state combinations leading to active-assist, 4, or safety,
s, Fuzzy Membership Value (FMV)s.

Rule | 7, 0, FMV

1 Negative Negative a — 1
2 | Positive  Positive pa — 1
3 | Negative Non Negative | pug — 1
4 | Positive  Non Positive | us — 1
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The estimated human joint torque, 73, is classified into two levels, “Negative” and “Positive’, while the
reference angular velocity, 4, is classified into four levels, “Negative”, “Positive’, “ Non Positive’, and “Non
Negative’. For evaluating the “Negative” and “Positive’ values for 75, and 6,, a sigmoidal membership

function is used. The sigmoidal function can be written as

B 1
- 1+ e—a(z—c)

f(z) (5.1)

where z is the input, and function parameters a and ¢ affect steepness and centre of the distribution
respectively. To find the membership values of “Non Positive” and “Non Negative for 4,, the fuzzy logic
NOT(x) operator is used, given by

NOT(z)=1—=x (5.2)

where z is the input. The memberships values can therefore be expressed as

NP0 =1 £7(6,) (5.3)

fNN(ér) =1- fN(er) (54)

The full set of membership functions are shown in Figure 5.3. All of the functions are continuous and
smooth over the entire range of possible input values. This means controller behaviour does not change
suddenly and jumping between discrete assistance modes is avoided [197]. This makes the control frame-
work more stable and predictable, reduces the occurrence of unwanted vibrations, and leads to greater
comfort for the subject. The function parameters are chosen such that membership values cannot sum

to greater than one. Membership functions for all inputs are summarised in Table 5.2.

Figure 5.4 shows the complete scheme of the proposed fuzzy logic algorithm. The Larsen product impli-
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Figure 5.3: Membership Functions. From left to right, membership functions of estimated human torque
for negative, f"(7,), and positive, f(7,), and of the reference angular velocity for negative, f(6,),
positive, f£(6,), non positive, fNF(6,), and non negative, f¥V(6,).

cation method is used as the inference operator to calculate the likelihoods 4 and ps as follows [200]:

pa =fNE) x fN0) + () x f70,) (5.5)

ps =FN () x fYN0,) + P (7) x NP (6,) (5.6)

where f shows the membership function. The superscripts N, P, NP and NN denote the “Negative’,
“Positive”, “Non Positive”, and “Non Negative” respectively. For example, for the 3rd rule in Table 5.1, if 7, is
negative and 6, is non negative (either zero or positive) (i.e. f¥(#,) — 1 and fNV(6,) — 1) then safety
mode likelihood tends to one, i.e., ug — 1. It should be noted that when the human is relaxed (7, = 0),

both 4 and pg are set to zero according to the designed membership functions (see Figure 5.3) and rules

(see Table 5.1).

Table 5.2: Membership Function Details. Details and parameters of membership functions used in the
fuzzy logic-based algorithm.

Membership Function | Type o a c
FNegative (7, Sigmoidal N/A -4 -1
fPositive(f.h) Slgm0|d8| N/A 4 1
FNegative(f) ) Sigmoidal  N/A -20 -0.1
fPositive(ér) Sigmoidal N/A 20 0.1
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5.2.1.3 Assistance Mode Function

Based on the estimated likelihoods 4 and ps, the assistance mode function, m is designed as follows:

m=1— (papra + psps) (5.7)

Where p4 and pg are the active-assist penalty and safety penalty. The p4 and pg parameters are constants,

with pa, ps € [O 1]

Using the assistance mode function, m, the three assistive modes, Passive (P), Active-Assist (A) and
Safety (S), can be transferred between smoothly, according to the likelihoods 4 and pg. For this study
the parameters are setas p4 = 0.5 and pg = 1.0, to reflect the desired level of robot compliance in each
operation mode. In the passive mode, with u4 — 0 and us — 0, the assistance mode variable m is set to
1, irrespective of the p4 and pg values, and human-robot interaction is exoskeleton dominant with minimal
compliance and tracking error. In active-assist mode, as u4 — 1, m — 0.5 causing the tracking error
cost in the MPC cost function (wy) to halve, making the robot compliant and enabling suitable human-
robot cooperation during the tracking exercise. In safety mode, with us — 1, m — 0, eliminating tracking

error cost and causing the robot to show high compliance.

5.2.2 p, Parameter

In clinical practice, the value of the active-assist penalty parameter, p4, can be tuned by a therapist for
the needs of a patient to vary the ratio of human-to-robot effort exerted during a cooperative rehabilitation
task. Alternatively, p4 could be automatically adjusted within the controller by an algorithm, based on a

performance-based metric of subject ability. The p4 parameter could also be used to compensate for



122 Chapter 5. Fuzzy Logic Algorithm for Assistance Mode

Figure 5.4: Fuzzy Logic-based Algorithm Schematic. Fuzzy logic algorithm for inferring the suitable
assistance mode for the current human involvement condition. (a) Membership functions for estimated
human joint torque. (b) Membership functions for reference angular velocity. (c) Fuzzy rule bases (Table
5.1). (d) Rule outputs before summation. (e) Outputs of fuzzy logic. (f) Fuzzy membership values. (g) AND
operators - fuzzy rule bases. (h) OR operators — summation for assistance modes.

subject fatigue. This can be done by scaling the p4 parameter by a fatigue factor which is a function of
time elapsed since the beginning of an exercise session. The ratio of robot effort during the task could be

gradually increased over time, maintaining subject participation.

5.2.3 Trajectory Adaptation

Performance of the proposed AAN-MPC approach with FLA for assistance mode detection was evalu-
ated for knee joint flexion and extension movements in a seated position. Knee joint movements of the
swinging leg during a gait cycle have a pendulum oscillatory flexion and extension behaviour that is close
to the natural walking frequency [176]. This makes such exercise suitable as a proxy for early-stage gait

rehabilitation in stroke patients.

For the reference movement profiles, a sinusoidal knee joint angle trajectory with an amplitude of 1 rad

and frequency of 0.25 Hz is considered. This can be written as

0,(t) = 0.5cos(2r ft — m) + 0.7 (5.8)
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where 6,. is the reference joint angle in radians, f is the repetition frequency in Hz, and ¢ is the time in

seconds.

Trajectory adaptation, triggered by excess human resistance, is investigated as a utilisation of high-level
human-robot interaction information inferred from the FLA. The proposed implementation of the feature

can be written as

0.5cos(2m ftyr1 — m) + 0.7 if us < Ry,
0,(k+1) = (5.9)

0,(k) if s > Ry,
where & denotes the kth sample. Ry, is a human resistance threshold. The time-dependent trajectory
(5.8) is halted when the likelihood of the safety mode is higher than the resistance threshold, pg > Ry
The reference joint angle remains constant until the estimated likelihood of the safety mode, s, falls back
below the threshold, at which point the reference trajectory continues. Trajectory adaptation can halt the
reference task in real-time, making the exercise session more manageable for the subject. The threshold
value Ry, can be changed according to the subject’s range of movement, fatigue level, or other clinical

factor. The value could also be updated by an online algorithm.

5.3 Results and Discussion

5.3.1 FLA Performance

To demonstrate the behaviour of the FLA, five implementation test cases are highlighted. The cases are
representative of possible human-robot interaction conditions for a 1-DOF robotic knee joint during exten-
sion and flexion exercise. The test cases demonstrate the FLA identifying the interaction condition and

returning the corresponding assistance mode. The conditions are as follows:
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a)

Neutral (N): Subject relaxes during the exercise, contributing minimal torque and allowing the robot
to dominate effort contribution for extension and flexion movements - in this condition, the robot

should operate in Passive mode (P).

Extension Assist (EA): Subject contributes useful assistive torque during the extension phase of
exercise, but relaxes during flexion — in this condition, the robot should operate in Active-assist

mode (A) during extension.

Extension Resist (ER): Subject contributes obstructive resistive torque during the extension phase
of exercise, but relaxes during flexion - in this condition, the robot should operate in Safety mode

(S) during extension.

Flexion Assist (FA): Subject relaxes during extension, but contributes useful assistive torque during
the flexion phase of exercise - in this condition, the robot should operate in Active-assist mode (A)

during flexion.

Flexion Resist (FR): Subject relaxes during extension, but contributes obstructive resistive torque
during the flexion phase of exercise - in this condition, the robot should operate in Safety mode (S)

during flexion.

The performance of the FLA, for test cases involving each of the human-robot interaction conditions is

shown in Figure 5.5.

For each of the five test cases, the FLA performs well, consistently identifying the appropriate assistance

mode for the extension and flexion phases of the movement. Importantly, with the subject in the Neutral

condition, (N), both 4 and ug remain low, demonstrating that the FLA can consistently recognise human

relaxation and operate in Passive mode (P). The assistance mode variable, m, behaves as expected, falling

close to zero for Safety mode (S), given ps = 1.0, and close to 0.5 for Active-assist mode, given p4 = 0.5.
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Figure 5.5: Fuzzy Logic-based Algorithm Performance. Fuzzy logic-based algorithm performance for
knee joint trajectory tracking at 0.25 Hz in five human-robot interaction conditions. From left to right: a)
Neutral (N), b) Extension Assist (EA), c) Extension Resist (ER), d) Flexion Assist (FA), and e) Flexion Resist
(FR). From top to bottom, plots are of reference joint angle and anqular velocity (6, and 6,), estimated
human joint torque (73,), active-assist and safety mode likelihoods (14 and ps), and assistance mode
variable (m).

The observed assistance mode likelihood values show that 14 and s are activated on a mutually exclusive

basis.

Although the FLA is proposed and demonstrated for a 1-DOF robotic knee joint, the approach is generalis-
able to any multi-DOF system, given that a good human joint torque estimate can be found for all DOFs.
The FLA methodology can also be applied with respect to the reference velocity of an end-effector in polar

or Cartesian coordinates, given that a transformation is applied for mapping the forward dynamics.
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5.3.2 Effectof p,

The effect of varying the p 4, parameter on the FLA output, m, and controller performance was investigated.
Controller behaviour was simulated for an assistive human-robot interaction condition during the extension
phase of a seated leg extension and flexion exercise. The simulations were run for identical conditions
over a period of 4 s, using offline data recorded during the human joint torque estimation data collection,
described in Chapter 6. Simulations were conducted for values of the p4 parameter ranging from 0 to 1

inclusively at intervals of 0.1. The results of these simulations are shown in Figure 5.6.

As the p4 parameter is increased from 0 to 1, the assistance mode output variable m varies proportionally
during assistive human-robot interaction conditions, as shown in Figure 5.6¢. This reduces the MPC cost
function tracking weight linearly as it is scaled by the factor of m. The effect on robot torque is a reduction
in the magnitude of corrective action, which is perceived as an increase in robot compliance. The compli-
ance is shown in Figure 5.6a as a significant increase in tracking error. It can be seen in Figure 5.6b that
increasing p4 causes a reduction in robot torque, due to the increased relative weight of robot torque in
the MPC cost function. During the simulations, which used offline data from previous experiments, the
estimated human torque value briefly falls to a low value around 0.5 s. The controller reacts to this with
an increase in the value of the assistance mode variable and a transition of behaviour from cooperative to

dominant and back again.

5.3.3 Trajectory Adaptation

An example of the trajectory adaptation method for extension resistance can be seen in Fig. 5.7. When
resistive human torque is estimated, the controller identifies the human-resistive involvement condition

and an increase in safety mode likelihood s is observed. The human resistance threshold, Ry, = 0.5, is
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Figure 5.6: Effect of the p, Parameter. Simulation showing the effect of the p4 parameter on controller
behaviour during an assistive human-robot interaction condition. Black arrows indicate the direction of
increasing p4. The dashed line indicates the reference joint position, 6,..

chosen to represent a suitable maximum level of subject discomfort. Once human resistance reaches the
threshold (us > Ry), the controller recognises this and halts trajectory progression, giving the subject
the opportunity to relax and catch up with the reference trajectory. There are regions where j5 is above the

resistance limit in Figure 5.7c that trigger corresponding regions of trajectory pausing (6, = 0) in Figure

5.7a.

Wearer safety can be enhanced by using the trajectory adaption method. It can prevent the subject experi-
encing uncomfortable levels of resistance to the rehabilitation task. It can also prevent the subject falling
behind with the task, enabling them to pick up at the reference point where they were last comfortable and

benefit more from the session.

5.3.4 Assistance Mode Comparison Study

The effect of scaling benchmark controller gains by the assistance mode output variable, m, was simulated
(using the environment described in Section 4.4) for three human interaction conditions: human neutral,
human assisting, and human resisting. The output of the FLA was simulated and m used to scale: PID

controller gains of proportional, K, integral, K, and derivative, K4; impedance controller parameters of
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Figure 5.7: Trajectory Adaptation Demonstration. Demonstration of the trajectory adaptation method
for the transition phase of a trajectory tracking task. Trajectory adaptation is observed over the region
where 6, = 0 between approximately t = 3s and t = 4s.

stiffness, K, and damping, K4; and for the AAN-MPC controller, the tracking weight, ws, as described in
Section 4.3.7. The simulations were configured with ideal human torque estimation. The tracking results

of the assistance mode comparison study are shown in Figure 5.8.

For the human neutral condition with 7, = 0 (first column in Figure 5.8) all of the simulated controllers
closely tracked the reference joint position. For the assistive human torque condition (middle column) the
assistance mode function increases joint compliance for all controllers. The impedance controller has the
greatest compliance, displaying significant tracking error. For the resistive human torque condition (right
column) the PID controller shows compliance from 0.5 s, at the onset of human torque, with tracking error
as high as 1.0 rad, before rebounding with velocity of up to 8 rad/s at 1.0 s when the assistance mode
changes from resistive to passive. The PID controller also demonstrated significant overshoot, after re-
turning to the reference position, to a joint angle of 1.6 rad, potentially causing harmful over-extension of
the knee joint. This very sudden and aggressive behaviour is unfavourable and could cause discomfort for
the subject. The impedance controller, acted on by the assistance mode function, behaves in a similar way,
suddenly snapping at high velocity in response to the transition from resistive to passive human condition.
However, the impedance controller does not demonstrate overshoot of the knee joint angle after rebound-

ing. The MPC controller with assistance mode function demonstrates favourable compliance when the
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Figure 5.8: Assistance Mode Controller Comparison. Simulation comparing the response during seated
tracking in neutral, assisting, and resisting human interaction conditions of the PID, Impedance, and MPC
controllers, all with the HTE and FLA elements of the control framework included.

human interaction condition transitions from neutral to resistive at 0.5 s. The MPC contributes corrective
torque between 0.5 s and 1.0 s in response to the minimum position constraint of 0 rad being activated. As
the human interaction condition transitions from resistive to neutral at 1.0 s, the MPC controller corrects
the joint angle error safely in a controlled fashion, as the configured maximum velocity constraint of 2
rad/s is activated and limits the rebound response. Tracking error returns steadily to a low value at around
1.5 s. The favourable behaviour of the MPC controller combined with the FLA output demonstrates the

benefit of MPC over PID or impedance control within the proposed control framework.
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Chapter Summary

In this chapter, a fuzzy logic-based algorithm was developed for evaluating the assistance mode. This is
used within the AAN-MPC control framework to adapt the nature of human-robot interaction. The method
uses inputs of estimated human joint torque, 7, (method in Chapter 6), and reference angular velocity,
6, to evaluate human-robot interaction on-the fly. The beginning of this chapter provided background in-
formation about previous usage of fuzzy logic within AAN control. The materials and methods section
described development of the fuzzy logic-based algorithm, the functionality of the p4 parameter, and a
trajectory adaptation method, which uses high-level human-robot interaction information from the algo-
rithm to adapt the reference trajectory. In the results and discussion section, algorithm performance for
a number of test cases was evaluated, the effect of the p4 parameter value was explored, the trajectory
adaptation method was demonstrated, and a comparison study was simulated to compare using the as-

sistance mode function output, m, for PID, impedance, and MPC controllers.



Chapter 6

Estimating Human Joint Torque

In the previous chapter the Fuzzy Logic Algorithm (FLA) component of the proposed AAN-MPC control
framework was developed and demonstrated for a representative set of human interaction conditions. It
uses two inputs to evaluate the current mode of human-robot interaction: reference angular velocity, and
estimated human joint torque. The latter is also used in the AAN-MPC model and cost function to optimise
the control input by considering human torque contribution. In this chapter, the method for estimating (and
theoretically predicting) human joint torque is developed and evaluated for number of different input sets

and modelling techniques.

This chapter begins with a background section, providing information about previous usage of muscle
activity signals for estimating human muscle force and joint torque. It also considers existing assump-
tions in the models used to relate electrical muscle activity and force output. In the following section, the
methods and materials involved in recording Mechanomyography (MMG) and Electromyography (EMG)
muscle activity signals and the exoskeleton system states is provided. The experimental procedure and
exercises used for recording human joint torque estimation data are presented, and modelling approaches

are explored. Finally, the results of estimating the human joint torque, for a variety of input datasets and

131
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modelling approaches, are presented and discussed.

6.1 Background

Muscle forces cannot be calculated directly and can only be measured precisely with invasive procedures.
Therefore, muscle force is often estimated based on surface EMG [175] and MMG [201] measurements.
There are a number of problems associated with using surface myography for muscle force estimation.
The main issues relate to precision [202] and representativeness [203]. Lack of precision arises directly
from the stochastic nature of EMG and MMG signals. They are the summation of a series of randomly
occurring polyphasic motor unit potentials and motor unit contractions respectively [204]. This results in
random constructive and destructive superimpositions. Representativeness is an issue because of the
structural and functional heterogeneity of muscles across the human population [205]. Despite the issues
surrounding surface myography, it is possible, with appropriate recording, signal processing and mod-
elling techniques, to achieve reasonably accurate and representative estimates of isometric and isotonic

(dynamic) muscle force and joint output torque using muscle activity signals.

The force output of a single motor unit is requlated by its firing rate. The motor unit produces a contraction,
or twitch, after a delay caused by the process of excitation-contraction coupling. The twitch has a duration
much longer than the duration of the motor unit potential, and due to this duration, twitches will overlap and
sum at the lowest motor unit firing rates, and this causes the functionally relevant increase in force with
observed motor unit potential. The correlation between output force and motor unit potential saturates
at around 30-40 pulses per second [206]. It is thought that firing rates above this frequency are used to
control rate of force, rather than magnitude of force. As all increases in firing rates are reflected in the

measured EMG signal, force estimation accuracy in compromised as most models assume a direct (albeit
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time delayed) relationship between EMG and muscle force. An exception to this is presented in [207] with
a forward dynamic model of the wrist taking muscle activation dynamics into account. Overshoot of force
prediction from EMG is often observed at the onset of contraction [208]. In the analysis of the relationship
between muscle force, human joint torque, and muscle activity signals, often it is not the actual muscle
force being observed, but the net output of a series of synergistic antagonistic muscles. Also, effects of

gravity and joint stiffness are usually ignored in models despite being substantial [207].

Biomechanical human muscle force models have been proposed and implemented with some success,
such as those in [175] and [208], however the approaches are based on assumptions about conventional
biomechanics of the human body that cannot necessary be applied to subjects with limited muscle func-

tion or abnormal gait.

6.2 Materials and Methods

An important feature of the AAN-MPC control approach is the utilisation of muscle activity signals and
system states for estimation of human knee joint torque. In this section, a number of human torque es-
timation models are developed which use the inputs of user muscle activity signals and current system
states to fit a function to measure human knee joint torque. Data is recorded during representative iso-
metric and dynamic knee joint exercise which captures the full range of motion and frequency of typical
knee joint movement during daily activities. The measured human knee joint torque, active thigh segment
muscle activity, and recorded system states are used to develop a predictive estimator (or predictor) of

human knee joint torque.
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6.2.1 Muscle Activity Signals

There are a number of non-invasive ways to measure human muscle activity that are suitable for real-
time implementation in robotic control systems. The most common methods, and those investigated in
this study, are surface MMG and EMG. Human torque estimation experiments were conducted with both
types of signal, and the most effective is used for estimating human joint torque in the AAN-MPC control

framework evaluation in Chapter 7.

6.2.1.1 Mechanomyography

MMG is the mechanical signal observable at the surface of a muscle when the muscle is contracted. The
onset of muscle contraction causes gross changes in the muscle shape and a large peak in the MMG.
Subsequent vibrations are due to oscillations of the muscle fibres at the resonant frequency of the mus-
cle. The MMG signal is low frequency (2-200 Hz) [201] and can be measured using an accelerometer or
microphone placed on the skin over the belly of the muscle. When using a microphone it may be termed

an acoustic MMG.

6.2.1.2 Electromyography

EMG involves detection of an electromyogram and is an electrodiagnostic medicine technique for evaluat-
ing and recording the electrical activity produced by skeletal muscles. EMG signals are recordings of the
electrical potential generated by muscle cells when they are electrically or neurologically activated. EMG
signals are commonly used in control strategies for prosthetic devices and rehabilitation robots [33], [182],
[209]-[211). There are two kinds of EMG: surface EMG and intramuscular EMG. The latter is performed

using recording electrodes, often in the form of a fine needles, which penetrate the surface of the skin
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and are therefore not appropriate for a clinical rehabilitation or mobility assistance setting. Surface EMG
assesses muscle activity from the skin surface above the muscle. It provides a relatively limited assess-
ment of muscle activation and is usually recorded by a pair of electrodes, but can be used in complex
arrays of many electrodes to build a dimensional mapping of muscle activity. More than one electrode is
required because recordings display the potential difference (voltage) between electrodes. Surface EMG
and acoustic MMG are limited to recording only from superficial muscles close to the skin surface. For
lower limb rehabilitation and mobility assistance, the most important muscles are available. Signal quality
can be influenced by the depth of subcutaneous tissue at the site of recording, which can be highly vari-
able and depends on the weight of a subject. Surface EMG is the most widely used method of measuring

muscle activity [201].

6.2.1.3 Feature Comparison: MMG & EMG

Both MMG and EMG signals can be used to indicate muscle activity. It is necessary to compare and
contrast them when considering which is most suitable as a control signal for robotic assistance purposes
and both have their relative merits. To summarise, MMG is less expensive, simpler and easier to use as
it does not require application of conductive gel and is less sensitive to variations in skin contact and
impedance. MMG sensors can be used multiple times without replacement because they do not require
adhesive or application of conductive gel. However, MMG suffers from significant cross-talk when used in
close array formations and is much more sensitive to movement artefacts and external vibrations. EMG
is more costly and takes more time and effort to set up. Dependence on conductive gel or disposable
adhesive electrodes causes inconvenience and incurs recurring costs. It also has a low signal-to-noise
ratio and the signal requires more filtering stages before is it ready to use. However, if set up properly

and good skin contact is achieved, EMG signals are much more reliable and will provide signals that are
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more accurate and representative of muscle activity, particularly in the presence of external sources of

vibration.

6.2.1.4 Sensor Positioning

Placement of muscle activity sensors is an important consideration when using muscle activity signals
for estimating human joint torque. Optimal sensor positioning is dependent on the specific task and some
regions of the body may be unavailable due to physical barriers such as braces securing an assistive device
to the subject. The experiments and analysis in this thesis focus on actuation and interaction at the knee
joint. For human torque estimation at the knee joint, muscle groups were identified in the thigh segment

which are responsible for knee joint extension and flexion.

From the quadriceps group of muscles on the front of the thigh, the Vastus Medialis (VM) and Rectus
Femoris (RF) muscles are targeted. The VM is an extensor muscle located medially in the thigh. It is
involved in knee extension and also contributes to correct tracking of the patella. The RF is situated in the
middle of the front of the thigh. Its functions are to flex the thigh and to extend the leg at the knee joint

[212].

From the hamstring group of muscles at the back of the thigh, the Biceps Femoris (BF) and Semitendinosus
(SE) muscles are targeted. The BF is located to the back of the thigh. As its name suggests, it has two
parts, one of which (the long head) forms part of the hamstring. Both heads of the BF perform knee flexion.
Since the long head originates in the pelvis it is also involved in hip extension. The long head is a weaker
knee flexor when the hip is extended. For this reason, it is important that the subject sits upright during
the knee extension and flexion exercise, and utility of this muscle activity signal will likely be reduced for

standing exercise. The SE is a long superficial muscle in the back of the thigh. It lies posteromedially’ in

TPosteromedial means located on or near the dorsal (back) midline of the body or a body part.
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Figure 6.1: Human Thigh Segment Muscles. Illustration showing muscles of the thigh segment of the
human leg. Muscles targeted for muscle activity sensing are highlighted: a) Vastus Medialis (VM), b)
Rectus Femoris (RF), c) Biceps Femoris (BF), and d) Semitendinosus (SE).

the thigh. The SE is one of three hamstring muscles that work collectively to flex the knee and extend the

hip [213].

These four (VM, RF, BF, SE) are the most dominant of the superficial muscles during knee extension and
flexion. Itis proposed that muscle activity signals from these muscles will be most effective for predicting
knee joint torque. All four superficial muscles are close to the skin surface and conveniently positioned

for directly sensing muscle activity at the muscle belly. Location of the muscles is shown in Figure 6.1.

6.2.1.5 Signal Measurement and Processing

MMG The MMG sensors used to record muscle activity in this study consist of a diaphragm covering a
sealed chamber with dimensions which capture low-frequency vibrations [201]. The device is placed on
the skin above a superficial muscle to detect low-frequency vibrations caused by lateral muscle contrac-
tions. The nominal frequency is 25 Hz and a large proportion of the signal power exists below 50 Hz. A

small microphone sensor detects pressure changes from the base of the chamber which is covered with
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a piece of Mylar. The material is aluminium-coated to avoid allergic risks. The changes in pressure are
caused by disturbance of the membrane. The vibrations propagate through the membrane and create a
pressure difference in the chamber [214]. The chamber has a height of 5 mm and diameter of 7 mm. This
was designed in [207] to produce maximum gain at the resonant frequency and reduce high-frequency
distortions. The sensors are attached to a triaxial cable, which carries the ground, power, and signal lines.
They are powered by low voltage direct current at 3.3 V. An analog signal varying between 0 and 1.65 V is

produced by the microphone and processed by an Analog-to-Digital Converter (ADC).

The unprocessed analog MMG signals are read using a National Instruments DAQ (USB-6212), shown
in Figure 6.2, which is a multi-function device capable of simultaneous analog input/output and digital
input/output. It has the capacity to read up to 16 16-bit analog signals, with a maximum total sampling
rate of 400 kS/s and a maximum update rate of 250 kS/s (i.e. maximum sampling rate of 100 kHz with
4 signals, and maximum rate of 250 kS/s for any single signal). The device has two analog output ports,
which can be configured independently to provide constant or varying voltages updated at a maximum
rate of 250 kHz. Multiple sensors can be powered using one of the analog output ports set to a constant
voltage, so they do not require a separate power supply. The DAQ is connected to a PC by USB and can be
controlled using APIs in C/C++ and MATLAB. The analog MMG signals are processed to remove drift and

noise. The processing steps are as follows:

1. The signals are high-pass filtered with 10 Hz cutoff frequency to remove drift from the signal and

eliminate low frequency noise below the dominant MMG signal bandwidth - HP1.

2. The signals are low-pass filtered with 100 Hz cutoff frequency to isolate the dominant MMG signal

bandwidth and remove high frequency noise - LP1.

3. Full-wave rectification provides conditioned signals which are entirely positive, ensuring they do not

average to zero and that signal energy is conserved.
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(a) National Instruments DAQ Setup. (b) MMG Sensor Band for BF and SE Muscles.

Figure 6.2: MMG Sensor Setup. Setup for MMG measurement which shows: i) data acquisition device
(NI DAQ), ii) USB power supply and PC interface, iii) sensor interface breadboard, iv) elasticated sensor
band (one of three), v) MMG sensor housings, and vi) MMG sensor cables.

4. Finally, a low-pass filter with 2 Hz cutoff frequency is applied to create signal envelopes, yielding

measures of muscle activation as positive continuous values - LP2 [215].

EMG The bioelectric activity inside muscles can be detected using surface EMG electrodes. They provide
a non-invasive technique for measurement of the muscle activity signal. For the experiments in this study,
Covidien pre-gelled disposable EMG electrodes are used (type SG124) that have sticky conductive gel on
one side and a pop button on the other side. Silver-silver chloride (Ag/AgCl) composite makes up the
metallic part of the electrode. The AgCl layer allows current from the muscle to pass freely across the
junction. The gelled electrolytic substance acts as an interface between skin and electrode. Oxidation
and reduction reactions take place at the metal electrode junctions, leading to a difference in electrical
potential. Skin preparation involves clearing the local area of any dead cells, cleaning with alcohol, and
removing hair around the electrode site (if the volume is significant and could affect signal quality). When

applying the electrodes, there should be no remaining moisture on the skin.

For each muscle activity measurement, two electrodes measure the signal - one for ground and the other

to measure the potential difference. The electrodes are precisely positioned on the skin over the muscle
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Innervation Zone Electrode Tendinous Insertion

Figure 6.3: EMG Electrode Positioning. Ideal positioning of the two electrode detecting surfaces between
the innervation zone (or motor unit) and the tendinous insertion of the muscle.

using a systematic method based on anatomical landmarks outlined in [216]. The detecting surfaces are
arranged in a bipolar configuration for the four target muscles in the thigh. For the best possible signal
electrodes should be close together (distance of 1to 2 cm between detecting surface centres) between
the motor unit and tendinous insertion of the muscle. The axis of the poles should be parallel to the
muscle fibres [217]. The belly of the muscle is a good location as muscle fibre density is the highest. Ideal
positioning is illustrated in Figure 6.3. With the electrodes arranged in this way, the detecting surfaces
intersect a greater proportion of the same muscle fibres and superimposed activation results in improved

signal quality.

In addition to the electrodes used to measure each muscle activity, a subject ground electrode (G) is used
as a global reference potential. This is placed on a part of the body close to the EMG measurements that
has no bioelectric activity. It can be placed anywhere that is not over a muscle and is on the side of the
knee for these experiments. Electrode positioning for the four thigh muscles and ground is shown in Figure

0.4.

The signals are recorded and amplified using a TMSi Porti amplifier, shown in Figure 6.5. The device uses
proprietary signal processing technology to provide signals free of mains interference and cable movement
artefacts. The device records the minute electrical potential differences generated during muscle activity,
amplifies the signals, and converts the values from analog to digital. The “raw” digital signals, sampled

at 2048 Hz, are not suitable for human joint torque estimation so are further processed. The processing
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(@) Hamstrings. (b) Quadriceps.

Figure 6.4: EMG Electrode Placement. Photographs showing the EMG electrode placement for recording
muscle activity on the front (quadriceps) and rear (hamstrings) of the thigh segment: i) Vastus Medialis
(VM), ii) RRectus Femoris (RF), iii) Biceps Femoris (BF), iv) Semitendinosus (SE), and v) Ground - G.

Figure 6.5: EMG Sensor Setup. Setup for EMG measurement which includes: a) data acquisition device
(TMSi Porti amplifier), b) mains power supply, c) optical fibre, d) fibre-USB interface module, e) USB ca-
ble (to PC), f) reference electrodes (black), g) measurement electrodes (red), h) subject ground electrode
(green).
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stages from amplified EMG signals to clean measures of muscle activation are as follows:

1. The signals are high-pass filtered with 10 Hz cutoff frequency to remove drift from the signal and

eliminate low frequency noise below the dominant EMG signal bandwidth = HP1.

2. The signals are low-pass filtered with 500 Hz cutoff frequency to isolate the dominant EMG signal

bandwidth and remove high frequency noise - LP1.

3. Alow magnitude deadband is applied to the signals to remove low level stationary noise.

4. The signals are clipped above the largest reasonable magnitude for an EMG signal to negate sizeable

motion artefacts.

5. Next, full-wave rectification provides conditioned signals which are entirely positive, ensuring they

do not average to zero and that signal energy is conserved.

6. Finally, a low-pass filter with 2 Hz cutoff frequency is applied to create signal envelopes, yielding

measures of muscle activation as positive continuous values - LP2 [215].

Filter Design The low-pass and high-pass filters used for processing the MMG and EMG muscle activity
signals are designed to provide effective filtering with good noise attenuation and phase characteristics
while being efficient for real-time implementation at high sampling rates. Butterworth filters are chosen
as they are designed to have a frequency response as flat as possible in the passband. This is important
for avoiding ripple and conserving natural behaviour over the full bandwidth of the muscle activity signals.
The reported estimates of these bandwidths vary, but there is a general consensus that the majority of
muscle activity signal power occurs between 10 Hz and 500 Hz [218] for EMG and between 10 and 50 Hz

for MMG.
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Because ideal filters cannot be made, compromise is necessary in the approach to finding the desired
characteristics. EMG signals are observed between 50 ms and 200 ms prior to muscle force output [189)],
and MMG signals have been found to precede EMG signals [201]. Therefore, muscle activity signals can
theoretically predict human joint torque, so the introduction of phase delay should be avoided as much as
possible. For this robotic assistance application, it is important to quantify and reduce signal delays, while
strong attenuation of noise is less important [219]. To achieve a more favourable flat phase response,
low-order (n = 2) filters were used. Low-order Butterworth filters are not computationally expensive
and require little cascading so are suitable for real-time implementation. However, they have much less

favourable frequency response with decreased rolloff steepness around the cutoff frequency.

The transfer function for a digital second-order (n = 2) Butterworth filter in discrete-time representation

is expressed in terms of b and a as

B(z) by +byz ! 4 bgz?
A(z)  ay+asz 4 azz?

H(z) = (61)

The parameters (Table B.2) and C++ code for the filter stages, for both MMG and EMG, including the trans-
fer function coefficients are provided in Appendix B.5. Processing of MMG and EMG muscle activity signals
is displayed over various filtering stages in Figures 6.6 and 6.7 respectively. The effect of processing is
illustrated for example MMG and EMG signals measured from the BF and VM muscles of a healthy subject,
respectively. The final signal envelopes are positive, smooth, and continuous measures of muscle activity

which are suitable inputs for human joint torque estimation models.
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Figure 6.6: MMG Signal Processing Stages. Demonstration of MMG signal processing for contractions
of the RF muscle: a) raw microphone signal, b) after steps 1- 2: HP1and LP1, c) after full-wave rectification,
and d) after signal enveloping using LP2.
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Figure 6.7: EMG Signal Processing Stages. Demonstration of EMG signal processing for contractions of
the VM muscle: a) raw amplified signal, b) after stages 1- 4: HP1, LP1, deadzone filtering, and clipping, c)
after full-wave rectification, and d) after signal enveloping using LP2.
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6.2.2 Experimental Procedure

For the exercise tasks of upright walking and seated leg extension and flexion, the proposed AAN-MPC
control framework requires an effective model for human torque estimation. To build the model, the de-
pendency of human joint torque on muscle activity and system states was determined. Muscles surround-
ing the knee joint that contribute to extension and flexion were identified and targeted for MMG and EMG
sensing. Data capturing information from the knee joint and surrounding area was recorded during exper-
imental procedures that represent the relevant exercise tasks and human involvement conditions involved

in lower-limb robotic assistance.

An important consideration for the experimental protocol is human involvement. A model can capture the
relationship between muscle activity, system states, and human joint torque for any human involvement
condition that data is specifically recorded for. Data should be recorded during all the major types of
human-robot interaction to ensure the model can be effective in all conditions. This should include human
relaxation, human torque generation with the robot, and human torque generation against the robot. The
range of the recorded human joint torque should span the full range of torque that could be observed
during robot-assisted exercise. It is also necessary to capture frequency-dependent characteristics by
recording data during exercise at various repetition frequencies. The same is true for joint position, so the

experimental protocol should include exercises which span the full range of joint motion.

Joint torque is measured at a particular joint to build a model. It is not within the scope of this work to
model human joint torque at the ankle or hip, as the exoskeleton configurations described in Section 4.2
do not include the actuation at those joints. A limitation of this method is the consideration of joint torques
produced only in the main rotational degree of freedom at a particular joint — flexion and extension of the

knee in this case.
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Figure 6.8: Seated Human-Exoskeleton System. Schematic of the human-exoskeleton system in the
seated position used for the human joint torque estimation exercises showing joint angle, 6, exoskeleton
torque, 7., human torque, 7, and gravitational torque, 7, of the shank/foot segment.

The human knee joint torque estimation data was recorded during isometric and dynamic (isotonic) exer-
cises. The joint conditions were representative of robot-assisted exercise in terms of human involvement,
range of motion, and movement frequency. Major superficial muscles active in the thigh during knee ex-
tension and flexion were targeted for muscle activity measurement, as described in Section 6.2.1.4. The
recorded datasets include measured human joint torque, 7,,, muscle activity, ch,, and the system states of

joint position and velocity, [6; ] .

6.2.2.1 Knee Joint Torque Estimation Exercises

The knee joint torque estimation data was recorded during seated exercises. The seated test exoskeleton
configuration described in Section 4.2.2 was used. The arrangement is illustrated in Figure 6.8, indicating
the direction and origin of joint angle, human torque, and exoskeleton torque. Two exercises were carried
out for human torque estimation data collection: 1) isometric contraction and 2) dynamic extension and

flexion.

Exercise 1: Isometric Contraction This involved the subject contracting their knee joint in both direc-
tions (extension and flexion) in different fixed positions spread over a range of motion from 0.2 rad to 1.2

rad. This exercise was recorded in different knee joint positions to fully capture the relationship between



6.2. Materials and Methods 147

P4 P5
O :@%
0.95 rad“:— 1.2 rad J— J
! < !

Figure 6.9: Isometric Contraction Positions. |llustration showing the set of positions, P, of constant
reference joint angles, ,.. Human joint torque, 7, is recorded in the five positions for human involvement
conditions of Isometric Neutral (IN), Isometric Extension (IE), and Isometric Flexion (IF) during exercise 1.

Th

muscle activity, system states (i.e. joint angle), and human joint torque. Isometric contraction exercises
are well studied in the literature [207], [212], [220], and are useful for characterising and comparing muscle
activity using MMG and EMG signals. The positions, P, of the constant reference joint angles used for
collecting data during isometric contraction exercises were equidistant across the range of motion with
spacing of 0.25 rad. This gave an array of P = {0.2,0.45,0.7,0.95, 1.2} rad, as shown in Figure 6.9. For
each position the knee joint was held in a fixed position by the robot, while data was recorded during three

instructed human involvement conditions:

- Isometric Neutral (IN): Subject relaxes, contributing minimal torque,

- Isometric Extension (IE): Subject contributes torque in the direction of leg extension,

- Isometric Flexion (IF): Subject contributes torque in the direction of leg flexion.

For each trial, the robot closely tracked a constant reference position command, P, using position control.

High gain settings minimised tracking error, rejecting disturbance to hold the joint in an isometric state

regardless of human torque or external factors such as gravitational acceleration. The control law is given

in section 6.2.2.2 and shown in Figure 6.13.

The variable of human joint torque cannot be measured directly so was inferred by comparing the IE and
IF exoskeleton torque 7. profiles with those for the IN condition at each position P. The inference method

is described for the dynamic extension and flexion exercise in Section 6.2.2.1.
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Exercise 2: Dynamic Extension and Flexion This exercise involved movement along smooth sinusoidal
joint angle trajectories of constant amplitude and various constant frequencies, comfortably within knee
joint range of motion. Knee joint extension-flexion exercises are well established for rehabilitation pur-
poses and have been studied previously [227], [222]. The human-exoskeleton shank segment was position
controlled with high gain. As with exercise 1, minimal tracking error was allowed despite the presence of

disturbance from human involvement and gravitational acceleration.

The reference joint angle trajectories were time-dependent and sinusoidal with various frequencies, de-

fined by

cos(2rm ft — )

. 0.7 (6.2)

6,(t) =

where 6, is the reference joint angle in radians, f is the repetition frequency in Hz, and ¢ is the time in
seconds. The trajectories represent close to full range of motion, starting at 0.2 rad and stretching to
1.2 rad, measured from the neutral position (shank pointing down for & = 0). The extension and flexion
motions are phases illustrated in Figure 6.10. Repetitions frequencies were low (f = 0.125 Hz), medium
(f = 0.25 Hz) and high (f = 0.5 Hz), based on examples of gait analysis and robotic rehabilitation [177],
[223]. The reference knee joint angle and velocity trajectories, for a duration of 8 s, are shown in Figure
6.11. The sinusoidal frequencies are constant for each trajectory but the joint angular velocities vary over
the ranges shown in Table 6.1. The variation ensures there is a set of diverse and representative conditions

in the human joint torque estimation dataset.

Table 6.1: Dynamic Extension and Flexion Trajectory Information. Information describing the low,
medium, and high frequency trajectories used for the seated knee joint dynamic extension and flexion
exercise.

Trajectory Freq. | Period | Velocity Range | Motion Range
(Hz) | (s) (+-rad/s) (rad-rad)

Low Freq. 0125 | 80 +-0.004

Medium Freq. | 0.25 4.0 +-0.008 0.2-1.2

High Freg. 0.5 2.0 +-0.016
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a) Extension b) Flexion

= 1.2rad

Figure 6.10: Dynamic Knee Joint Exercise Range of Motion. Exercise range of motion illustrated for a)
extension and b) flexion phases of exercise 2.
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Figure 6.11: Dynamic Extension and Flexion Trajectories. Knee joint angle and velocity reference tra-
jectories for low, medium, and high frequency repetitions of exercise 2: dynamic extension and flexion.

During extension the joint angle increases from 0.2 rad to 1.2 rad and during flexion it decreases back to
0.2 rad.

The subject was instructed to contribute torque in the following involvement conditions, as illustrated in
Figure 6.12:
- Neutral (N): Subject relaxes during the exercise, contributing minimal torque and allowing the robot

to dominate extension and flexion movements,

- Extension Assist (EA): Subject contributes assistive torque during extension and relaxes during flex-

ion,

- Extension Resist (ER): Subject contributes resistive torque during extension and relaxes during flex-

jon,

- Flexion Assist (FA): Subject relaxes during extension and contributes assistive torque during flexion,
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Figure 6.12: Human Involvement Conditions. lllustration showing the directions of joint velocity, 6, robot
torque, 7., and human torque, 73, in the five human involvement conditions recorded for human torque
estimation exercise 2: dynamic extension and flexion.

« Flexion Resist (FR): Subject relaxes during extension and contributes resistive torque during flexion.

With a variety of involvement conditions, the human joint torque estimation dataset can be representative
of all human interaction modes. If data recording was random and improvised without specific instruc-
tions, there would be no quantifiable and repeatable way of providing representation of all interaction

conditions.

During the trials, only exoskeleton joint torque, 7., is measured at the actuator output, So human torque,
75, must be inferred. The exoskeleton joint torque for each human involvement condition (C) is compared
with the Neutral (N) condition as the reference of zero human torque. Given that total joint torque, 7, for

each trial is equal for the same actual trajectory, and 7 = 7. + 77,

Th,c = Te,N — Te,C (6~3)

where 7, ¢ is the inferred human joint torque for the involvement condition, C = {EA, ER,FA,FR}.
7. IS the reference exoskeleton torque recorded during the neutral human involvement condition, N (with
7, = 0),and 7. ¢ is the measured exoskeleton torque during the human involvement condition, C. For each
condition, the realised joint angle trajectory is similar with a small margin of error, as shown in Appendix

B.1. The control law is provided in Section 6.2.2.2.
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Figure 6.13: Control Loop for Human Torque Estimation Tests. PID control loop with feedforward (FF)
for human torque estimation trials. 7; is the human-exoskeleton interaction torque. C represents the in-
structed human interaction condition, out of: Neutral (N), Extension Assist (EA), Extension Resist (ER),
Flexion Assist (FA), Flexion Resist (FR).

6.2.2.2 Exoskeleton Control Law

PID control with high gain and feedforward ensured that tracking error was minimal (RMSE < 0.1 rad)
for both exercises. The controller, illustrated in Figure 6.13, rejected the effects of external disturbance
from gravitational acceleration and human joint torque. With close to identical realised trajectories, the
torque required to reject the human interaction effects can be inferred. The controller is described with
the following control law:

de(t)
dt

o (t) = Koe(t) + K / et + K2 4 i, 00 (6.4)

where e(t) = 0,.(t) — (), 6,.(t) is the reference joint angle (rad), A(¢) is the joint angle (rad), K, = 150,
K; = 200, K4 = 4,and K;; = 7, (subject 1 from parametric identification in Section 4.2.4.3). Note
that feedforward term K 0(t) ~ K;ssin(6(t)) for small angles and overcompensates for gravitational
torque as & — 7 /2. The high gains achieved close tracking for all human involvement conditions, making

the total torque, 7, equivalent for all trials.
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Figure 6.14: Setup for Human Torque Estimation Tests. Experimental setup (not including muscle activity
measurement setups) of the single DOF human-exoskeleton system showing (a) power supply, (b) F clamp,
(c) HEBI X8-9 actuator, (d) shank segment braces, and (e) computer with GUI.

6.2.2.3 Recording System States and Joint Torque

Joint position, 4, angular velocity, 4, and exoskeleton torque, 7, are measured at the knee joint using the
HEBI X-Series actuator, which can simultaneously control and/or measure position, velocity, and torque.
The actuator is shown in the seated human-exoskeleton configuration in Figure 6.14. It is controlled
through an API'in C++ that enables real-time system state measurement and joint torque control. Feedback

is requested from the actuator and commands sent at a specified rate of 500 Hz.

The subject interacts with the seated exoskeleton configuration via a real-time GUI, which informs the
subject of the current exercise, the current position/trajectory and provides instruction of the desired hu-
man involvement. The GUI displays a time window of the reference trajectory, giving the subject time to
prepare for periods of specified human-robot interaction. The GUI also provides the subject with real-time

feedback of signal measurements, as shown in Figure 6.15.



6.2. Materials and Methods 153

Gl - B X
Config Model MPC PID/Impedance Theta
A w_theta [ 1sr
[ pevice [0.0000 % } Is.ooooo S 200 |3 }
Human 8 w_tau K /ﬁ\\
None v [o0207 2 \ [0.01000 = (000 2 \ e A
Analog In J X1min Kd 7/// \/
None v o377 2] o0 < 2.00 3|
Controller taug B Kff_A ° i 2 E +
PID v (1753 2] [1e < oo 2] Taue
Config X2min KfF B .
None v FLA 2.0 5 [0.0000 %
Trajectory PA x2max Kff_) °
M v [os S| [20 % [0.0000 %] 25 : 2 3 n
Condition Kff_tau_g Tauh
None v 1.75% |3
T Test “f
24.00 S [o S Run Sims 0
Init Complete = 1 2 3 4
MMG / EMG
0.05
0 IV .
1 2 3 4
muA
1
0 [ L
1 2 3 4
muR
1
Time 4320 [

0

Figure 6.15: Testing Interface. GUI for subject instruction and real-time feedback during exercises.

6.2.2.4 Test Configurations

Data was recorded for each human joint torque estimation exercise in a number of static and dynamic
trajectories in each of the instructed human involvement conditions for both MMG and EMG muscle ac-
tivity signals. For exercise 1 (isometric contraction) five constant position trajectories were used (P1-P5)
with three human involvement conditions (Isometric Neutral (IN), Isometric Extension (IE), and Isometric
Flexion (IF)) giving 15 configurations. These were recorded for MMG and EMG in tests 1 and 2 respec-
tively, giving a total of 30 configurations for exercise 1. For exercise 2 (dynamic extension and flexion)
three trajectories (low, medium, and high) were used with five human involvement conditions (Neutral (N),
Extension Assist (EA), Extension Resist (ER), Flexion Assist (FA), and Flexion Resist (FR)) giving 15 con-

figurations. These were recorded for MMG and EMG in tests 3 and 4 respectively, giving a total of 30
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configurations exercise 2. A total of 60 configurations were used for recording human torque estimation

data over tests 1to 4. The configurations are summarised in Table 6.2.

6.2.2.5 Data Collection

For the first exercise, data was recorded for a duration of eight seconds in each configuration. This was
long enough to provide a meaningful number of samples for each condition, but not long enough for the
subject to become fatigued. The eight second recording was repeated three times to increase the number
of samples. The repeated trials were not consecutive, instead they were conducted for all of the config-
urations of that test, then the whole test repeated from the start. This yielded a total duration of 24 s in
each configuration. For the second exercise, data was recorded in each configuration over a duration of
24 s in one continuous trial. As the trajectories start and finish in the same position, it was convenient for
repetitions to occur consecutively. Repeating the tests made it easier for the subject to become familiar
with trajectory timing and better synchronise human involvement with the extension and flexion phases.
The datasets were collected over N = 60 periods of 24 s at 500 Hz sampling rate giving 720,000 data

points.

The human joint torque estimation data was collected from a single healthy subject: a male of age 27
years, who gave permission for the results to be included in this thesis. The data collection process is

repeatable for any healthy subject. For a subject with a neurological disorder, the procedure may need to

Table 6.2: HTE Test Configurations. There are trials for each position/trajectory in each human involve-
ment condition, making a total of 15 configurations for each test.

Test | Exercise | Signal | Positions / Trajectories | Conditions N | T(s) | Rep's
1| Isometric | MMG | P1, P2, P3, P4, P5 IN, IE, IF 15 8 3
2 | Isometric | EMG | P1,P2, P3, P4, P5 IN, IE, IF 15 8 3
3 | Dynamic | MMG | Low, Med, High N, EA ER,FA,FR | 15 | 24 1
4 | Dynamic | EMG | Low, Med, High N, EA ER,FALFR | 15| 24 1
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be adjusted for range of motion and mobility limitations.

6.2.2.6 Input Set Configurations

The human joint torque estimation dataset was splitinto anumber of input sets to evaluate the dependency
of model performance on particular input signals. The signals were separated into the following input
sets, summarised in Table 6.3: A, containing only the most dominant muscle activity signals from the
hamstrings and quadriceps (VM and BF respectively); B, containing VM, BF, and the first joint state (6); C,
containing VM, BF, and both joint states (¢ and 6); D, containing all muscle activity signals (VM, RF, BF,
and SE); E, containing all muscle activity signals and 6; and F, containing all muscle activity signals and
both joint states, # and 6. Human joint torque estimation results are evaluated across all of the input sets
for both MMG and EMG muscle activities. The entire human joint torque estimation datasets, recorded for

tests 1to 4 are shown in Appendix B.1.

6.2.3 Human Torque Models

Training models for estimating human joint torque in advance involves fitting an estimation function, i(-),

which relates the inputs of processed muscle activity signals, ch, and system states, 0, to the time-shifted

Table 6.3: HTE Input Sets. Input sets for human joint torque estimation datasets (n = number of input

variables).

A|B|C|D|E |F
chy | vV |V IV IV |V IV
chy VI vV
chy |V |V IV |V |V |V
chy VIivY
0 R4 VR4
0 v v
n 2 (314 14 5|6
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ch = [chy; chy; chy; chy] ——

Figure 6.16: Human Joint Torque Estimation Function Block. HTE function example for input set F
showing the three estimation models (h, iy, A ), Six function inputs (four processed muscle activity
signals, chy, chy, chs, chy, and two system states, 6, 6) and output of estimated human joint torque, 7.

output of human joint torque, 7,. The estimation function can be written as

7t —t') = h(ch, 0,1) (6.5)

where t' is a time shift of 100 ms, which approximates the electromechanical delay between observed
muscle activity signal and muscle force output [189], [207]. Given the dataset contains input and output
variables, building a human joint torque estimator amounts to fitting a function to the data. There are
modelling approaches of varying complexity. Three are investigated and compared in this section: linear
regression (h;), polynomial regression (h,,), and a neural network-based method (k). The estimation

models, function inputs, and function output are illustrated in Figure 6.16.

6.2.3.1 Linear Regression Model

A basic approach to human joint torque estimation is to fit a linear regression model to the data. Linear
regression models the relationship between a scalar response (or dependent variable) and one or more
explanatory variables (or independent variables). This was a case of multiple linear regression, as there
were a maximum of six explanatory variables: four muscle activity signals, (chy, chy, chg, chy), and two
system states, (6, §). For this analysis the muscle activity and system state vectors were concatenated

to give a single input vector, e.g., for input set F, & = {chy, chy, ch, chy, 6, 9}.
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Given the dataset for input set F, {75,;, chy;, chy;, cha;, chy;, 6;, éi};;l of n statistical units, a linear regres-
sion model assumes that the relationship between the dependent variable 7, and the vector of regressors
X is linear. This is modelled through an error variable e - an observed random variable that adds noise to

the linear relationship between the dependent variable and regressors. The model takes the form of

Thi = Bo + Buchy; + Bacha; + Bschs; + Bachy; + Bs0; + Bsb; + e = B+e;, i=1,..n (6.6)

where T denotes the transpose, so that =7 3 is the inner product between vectors x; and 3. The n equa-

tions, representing each sampling point in time, are stacked together and written in matrix notation as

7= X0 +e, (6.7)
where
Thl
T
=", (6.8)
Thn
m{ 1 Ch11 Ch12 Ch13 Ch14 91 6.1
xl 1 chy chyy chys chyy 6y 6
X — 2 _ . .21 22 23 24 .2 .2 7 (69)
JJZ 1 Chnl ChnZ Chn3 Chn4 en én
Bo .
1
b1
€2
18: /62 ) € = . ° (610)
: .
Bs

A constant, z;o = 1, is included as one of the regressors which corresponds to the element 3, and is

called the intercept. The regressor variables can be nonlinear functions of another regressor, such as a
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polynomial or trigonometric function. The model remains linear as long as it is linear in the parameter
vector 3. The parameter vector includes the intercept value /3y, however, this parameter is optional. eis a
vector of error terms ;. It captures any other factors that influence the dependent variable 7, other than

the regressors .

Fitting the linear regression model to the human joint torque estimation dataset means estimating the
regression coefficients 3 such that the error term € = 7, — X 3 is minimised. It is common to use the
sum of squared errors ||e|| as the quality of fit. The set of linear equations is solved computationally to
find the set of parameters 3 giving the minimum sum of squared error terms using OLS. The resulting

estimator Ay, for input set F, can be expressed as

7y = hy(ch, 8) = By + [ichy + fachy + Bschs + Bychy + B50 + B0 (6.11)

6.2.3.2 Polynomial Regression Model

The polynomial regression human joint torque model is based on the linear regression model, with addi-
tional power-2 terms included in the set of independent variables for each of the original linear variables.
This method fits a nonlinear model to the data, however as a statistical estimation problem it is linear, in
that the regression function is linear in the unknown parameters that are estimated. The parameters of
the quadratic polynomial regression model are also solved using OLS to find the minimum sum of squared

errors ||e||. The code for fitting the linear and polynomial regression models, used for input sets A to F,
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can be found in Appendix B.2. The polynomial estimator h,, for input set F, can be expressed as:

7, = hy(ch, 8) =
Bo + Brchy + Bachs + Bachy + Bachy + 560 + Fob+
ﬁ’yCh% + ﬁgCthhQ + 59Ch1Ch3 + ...+ 612Ch19+

[9)130}13 + frachochs + ... + ﬁl?Ch29+ ( )
6.12

618Ch§ + BlgCh3Ch4 + ...+ 621Ch39+
/BQQChi + 523Ch49 + 624Ch49+
Bas0? + Bastf+

Bar?.

6.2.3.3 Neural Network Model

The third human joint torque modelling approach used a basic neural network to fit input set F to the output
of time-shifted human joint torque. The neural network was designed with a simple architecture, using
relatively few layers and model parameters, for repeatability and convenient real-time implementation at
high sampling frequencies. The model architecture is described in Table 6.4 in terms of layer size (s = 8)
and number of inputs (n = 6 for input set F). The sequential model contains two densely connected
hidden layers and an output layer that returns a single discrete value. The model uses Rectified Linear
Unit (ReLU) activation functions for computational simplicity and linear behaviour so the gradients remain

proportional to the node activations [224].

The neural network was developed and trained using the open-source TensorFlow machine learning plat-
form. The dataset was split randomly into a training dataset and test dataset with ratio of 0.8 t0 0.2. The

test dataset was used to evaluate the model performance. The input data values were normalised prior to
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training by subtracting the mean for each variable and dividing by the standard deviation for the variable.
The evaluated statistics of mean and standard deviation were saved to be applied for evaluating the test

set and later implementing the model in real-time.

The model was built initially with random untrained parameter values. These parameters (137 in total)
were trained by gradually optimising the parameters to learn the dataset and make predictions about the
unseen data, using the RMSprop optimisation algorithm from the TensorFlow library. The training dataset
is further split into training and validation datasets with a ratio of 0.8 to 0.2. Over the course of training,
the training and validation accuracy metrics are stored in a history object. The model is trained indefinitely
until the validation dataset is seen to no longer show improvement in the validation loss metric of MSE.
An early-stopping callback is used with a patience value of 10, meaning that if the validation loss does not
improve for 10 training epochs, the model training is automatically stopped. The model training required
a total of 97 epochs. The model training performance for the metric of MAE is shown in Figure 6.17. The

code used for building and training the neural network model can be found in Appendix B.3.

6.3 Results and Discussion

In this section, the results of human joint torque estimation modelling are provided. The relationship

between the inputs of processed muscle activity signals and system states, and the output of future human

Table 6.4: Neural Network Model Architecture. Model architecture including: Input Dimensions (ID);
Output Dimensions (OD); Activation Function (AF). Dimensions are provided in terms of layer size (s = 8)
and number of inputs (n = 6).

Layer ID | OD | AF Num. Params
Input n] | - - -
Dense 1 | [1,s] | [1,8] | ReLU | s(n+1)
Dense 2 | [1,s] | [1,s] | ReLU | s(s+1)
Output | - 1] | - s+1

Total | s(n+s+3)+1
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Figure 6.17: Model Learning Curve. Neural network training performance showing the metric of mean
absolute error for the training and validation subsets.

joint torque was investigated for different choices of muscle activity signals, input sets, and modelling

approaches. The efficacy of various approaches is evaluated and compared.

6.3.1 MMG and EMG Input Comparison

To compare the effectiveness of using MMG and EMG muscle activity signals for predicting human torque,
the linear and polynomial regression modelling approaches, described in Section 6.2.3.1and Section 6.2.3.2,
were applied to the MMG and EMG datasets (Appendix B.1) across input sets Ato F (Table 6.3). The results

are also compared for the different sets of exercises described in Section 6.2.2.

The EMG dataset outperforms the MMG dataset, with significantly lower MAE between reference and es-
timated human joint torque for the linear and polynomial regression models, as shown in Figure 6.18 and
Appendix B.4. The MMG dataset shows much less correlation with human joint torque during isometric
contraction (P1to P5) than during dynamic extension and flexion (M, L, and H). The high modelling error
using the MMG dataset increased for isometric contraction from close to 3 Nm to around 7 Nm as the
knee joint angle increases from 0.2 rad in P1to 1.2 rad in P5. This trend is present across all input sets. In-

creasing error could be due to vibrations associated with the greater robot torque required to maintain the
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Figure 6.18: Mean Absolute Error Comparison of MMG and EMG. MAE for human joint torque estimation
from MMG and EMG muscle activity signals using the linear and polynomial regression models across
input sets A to F and various isometric and dynamic exercise sets. The top row shows individual isometric
contraction positions, P1to P5; The middle row shows individual dynamic extension and flexion trajecto-
ries, M, L, and H frequency; and the bottom row shows values averaged across all positions and trajectories
(All), all isometric positions (Iso), and across all dynamic trajectories (Dyn).

extended human shank position. For dynamic extension and flexion, the MMG human joint torque estima-
tion performance is similar to that of EMG. For the linear regression model, the average MAE in human joint
torque estimation is slightly greater for MMG (3.13 Nm) than EMG (2.64 Nm) averaged across dynamic
trajectories for the best-performing input set - F. The results show that EMG is much more effective than

MMG for predicting human joint torque across isometric and dynamic (isotonic) exercise conditions.

EMG performs better than MMG for the linear regression, polynomial regression, and neural network mod-
els, as shown in Fig. 6.19. The MMG dataset predicts human joint torque less effectively during isometric
exercise than during dynamic exercise. The linear model prediction error using MMG signals from isomet-
ric exercise was around 5.4 Nm, compared to just over 3 Nm using MMG signals from dynamic exercise.
This trend is present across all of the models. The results show that EMG predicts human joint torque
more effectively than MMG during human-exoskeleton interaction, and that MMG performance is closer

to that of EMG during dynamic exercises.
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Figure 6.19: Mean Absolute Error Comparison across all Muscle Activities and Models. Mean absolute
error comparison for human joint torque prediction using MMG and EMG muscle activity signals with linear
regression, polynomial regression, and neural network models trained using the full dataset (All), isometric
exercise dataset, and dynamic exercise dataset.

6.3.2 Model Comparison

The polynomial model achieves a better fit than the linear model for regression between input sets A
to F and the time-shifted reference human joint torque, as shown in Figure 6.18. Reduced modelling error
comes at the expense of more model parameters. For input set F, the polynomial model has 28 parameters
and the linear model has 7. The polynomial regression models (6.12) consistently achieve a better fit than
the linear regression models (6.6), as shown in Fig. 6.19. Reduced prediction error comes at the expense

of more model parameters.

More parameters in the polynomial models allow a better fit to the larger dataset with both exercises (All).
The linear models are less effective for the larger dataset, but the difference reduces when the models are

trained on the individual types of exercise.

The neural network models performed well when trained with the input dataset including both exercises
(All). Prediction error was overall much lower than the linear and polynomial regression models, as shown

in Fig. 6.19 and Table 6.5.

The polynomial model is a much better fit when trained on larger datasets, such as for all data (All), all
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isometric data (Iso) from exercise 1, and for all dynamic data (Dyn) from exercise 2. The linear model is
much less effective for these cases, however difference in estimation error is lower for individual exercise

positions and trajectories.

The neural network model was trained for the most general case across all positions and trajectories for
both exercises (All) for the full input set F. It performed significantly better than the linear and polynomial
regression models, as shown in Table 6.5. It estimated the time-shifted human joint torque with lower
MAE and greater Pearson's correlation coefficient. The increased performance comes at the expense of
training time and computational power. The trained model also has a much higher number of parameters
(137) than the linear (7) and polynomial (28) models. This neural network model is relatively simple with a
low number of parameters compared to other models, for example, those used in deep learning. However,
it is more complex than the linear and polynomial regression models and so less convenient to deploy in

a high frequency real-time control framework.

Fig. 6.20 illustrates the absolute error quartiles for human joint torque prediction using the MMG and EMG
signals from both exercises (All). For the regression models, the absolute error values are much lower
more closely packed for EMG than for MMG. The median values for the linear and polynomial models are
similar for MMG and EMG respectively. The median absolute error values for the neural network models are
much lower in both cases. The interquartile range, which provides a measure of variability of the absolute

estimation errors, is greatest for the linear models, lower for the polynomial models, and lowest by far for

Table 6.5: Model Summary Statistics. Human joint torque prediction model performance summary
statistics using datasets with both exercises (NMAE is normalised MAE).

Signals MMG (All) EMG (All)

Model | Linear | Poly | NN Linear | Poly | NN
Params | 7 28 137 7 28 137
MAE 5.65 | 524 | 277 |333 |3.00 |219
r 0.61 070 | 0.67 |0.78 | 0.83 | 0.90
nMAE | 0.109 | 0.101 | 0.063 | 0.074 | 0.066 | 0.048
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Figure 6.20: Model Error Distributions for MMG and EMG. Distribution of human joint torque prediction
absolute errors for the linear, polynomial, and neural network models, estimated using MMG and EMG
datasets across both exercises (All). The box plots shows the distribution of quartiles and outlier ranges.

the neural network models.

Figure 6.21 shows the correlation of the estimated 7, against the time-shifted reference 7, trained using
input set F with EMG datasets for both exercises. The neural network model has the greatest correlation
(r = 0.90) with closest grouping around the line of = = y. The distributions for the polynomial and linear
models appear to have quite similar distributions, however statistical analysis shows that the correlation
of the polynomial model (r = 0.83) is greater than that of the linear model (r = 0.73). Histogram plots
of the error distributions show observed errors divided into 50 bins of equal width. The polynomial and
linear model errors have similar distributions. The polynomial model errors are slightly more dense around
zero (density of around 0.2). The histogram of neural network model error has a much greater density of
observations (almost 0.3) around zero, indicating a greater number of highly accurate estimates. It has a
narrow and symmetrical distribution of errors, suggesting fewer cases of high error and more consistent

performance with respect to over- and under-estimation.

A similar trend is seen in Figure 6.22, which illustrates the absolute error quartiles for EMG. The median
values for the linear and polynomial models are similar, 2.00 Nm and 1.95 Nm respectively. The median
absolute error for the neural network model is much lower at 1.34 Nm. The Interquartile Range (IQR), which
provides a measure of variability of the absolute estimation errors, is greatest for the linear model (4.64

Nm), lower for the polynomial model (3.72 Nm), and lowest for the neural network model (2.63 Nm). The
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Figure 6.21: HTE Model Regression Results. Plots showing the correlation (top row) and error distribution
(bottom row) of estimated human joint torque, 75, against the time-shifted reference human joint torque,
75, for the linear, polynomial and neural network models, estimated using input set F with EMG datasets
for both exercises.

histogram of absolute error values, divided onto eight bins in Figure 6.22, shows the neural network model
to have the greatest density of highly accurate observations, followed by the polynomial model, and then

the linear model.

Human joint torque prediction by the linear, polynomial, and neural network models using MMG and EMG
from both exercises is illustrated in Fig. 6.23. The sample is taken from dynamic exercise with torque in

the direction of extension. Because the MMG and EMG tests were conducted independently, the reference
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Figure 6.22: HTE Model Error Distributions for EMG. Plots showing the distribution of human joint torque
estimation absolute errors for the linear, polynomial, and neural network models, estimated using EMG

datasets across hoth exercises for input set F. The box plot (left) shows the distribution of quartiles and
outlier ranges, and the histogram (right) shows the density distribution of absolute errors.
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Figure 6.23: Human Joint Torque Prediction. Demonstration of human joint torque prediction with MMG
and EMG using the training dataset with both exercises for linear (top row), polynomial (middle row), and
neural network (bottom row) models.

torque profiles vary slightly. The estimation profile for EMG is closer to the reference torque and less noisy.

All models demonstrate prediction from the onset of human joint torque. At the onset of contraction the

EMG signals overshoot force prediction, in agreement with the literature [204]. Satisfactory agreement

between reference torque and estimated torque is seen for the linear, polynomial, and neural network

models. The neural network models have the least smooth torque estimation profiles, with sudden spikes

and deviations. This is because they are nonlinear and the outputs can change more suddenly. This feature

is more prominent in the MMG predictions. Filtering of the output signals may counteract this, however

introduction of significant phase delay should be avoided.
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6.3.3 Discussion

The linear and polynomial modelling approaches assume linear and quadratic relationships, respectively,
between human joint torque and the input variables. This relationship contains nonlinearities which are not
captured in these models. The neural network models capture some nonlinear features in the data. With
neural networks it is possible to build complex models that outperform linear or quadratic approaches.
However, it is important to avoid overfitting and candidate models should not be unnecessarily compli-

cated.

Performance of neural networks models is dependent on having a large enough and reliable dataset for
training. The recorded human joint torque estimation datasets meet this requirement so the models were
trained effectively. Training neural networks can be computationally expensive and trained models can
be difficult to implement in real-time compared to linear and polynomial models. Model complexity for

real-time prediction at high sampling rates is limited and this was considered in the model design.

Comparison of MMG and EMG signals during muscle monitoring for isometric contraction has shown that
MMG signal onset precedes EMG with a difference of 41 & 181 ms [201]. MMG offset occurred after EMG
at 202 + 223 ms, meaning the signal has a significantly longer duration for the same muscle activity. MMG
and EMG signals are produced prior to muscle contraction so both signals can provide advance prediction

of muscle force [189].

For ANN rehabilitation, it is of great importance to accurately predict the human joint torque so that an
accurately needed assistance can be provided by the exoskeleton. A recent work [182] has shown that
EMG signals can be used to support an ANN control of a rehabilitation robot by using a linear regression
method for human joint torque estimation. In this thesis, the experimental results show that using MMG

with a neural network model achieved higher accuracy than using EMG with a linear regression method
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for human joint torque estimation. Although the MMG s less mature than EMG systems, the advantages
of the MMG for practical use (i.e., immunity to changes in skin impedance and elimination of the need of
shaving and conductive gel) can largely benefit the development of lower limb exoskeletons, in particular
for regular use. While further studies are necessary to parameterise the precise amount of support in
ANN paradigms, formulation of assist based on robust muscle feedback offers a basis for such studies.
In addition, MMG can be an effective means to estimate human joint torque for emerging hybrid electrical
stimulation and exoskeleton systems. Note that EMG cannot be used during muscle stimulation. More-
over, the experimental results also show that more accurate and robust estimation of human joint torque

can be expected by combining the advantages of EMG and MMG.

Chapter Summary

This chapter presented the method for estimating human joint torque from muscle activity signals and sys-
tem states in advance of torque being produced at the knee joint. Background information was provided
about previous usage of muscle activity signals for estimating muscle force. In the methods and materials
section, the MMG and EMG muscle activity signal recording and processing procedures were described.
The experimental procedure including isometric and dynamic exercises used for recording human joint
torque estimation data were provided. The linear, polynomial, and neural network modelling approaches
were presented. In the results and discussion section, the performance of MMG and EMG signals for es-
timating human joint torque were compared. As a more mature means of sensing muscle activity, EMG
estimated human knee joint torque more accurately compared to the emerging microphone-based MMG.
MMG performance was comparable when estimating human joint torques for dynamic exercises. The

modelling approaches were evaluated using data for MMG and EMG signals from isometric and dynamic
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exercises. The models and input signals were compared based on human joint torque prediction absolute
error and correlation. The neural network models demonstrated the lowest estimation error and highest
correlation, however these models have the highest number of parameters and require much more com-

putational power for training and implementation. EMG is used in the control architecture evaluation.



Chapter 7

Controller Evaluation

The previous chapter explored the materials and procedures used for estimating human knee joint torque in
advance using muscle activity signals from the thigh and human-exoskeleton system states. Various input
datasets and modelling approaches were investigated and human joint torque estimation was evaluated.
The human joint torque estimate is a critical part of the proposed control framework, which is evaluated

in this chapter.

The proposed AAN-MPC control framework is evaluated with multiple healthy subjects for two dynamic
exercises: seated extension and flexion, and walking. The controller is tested assisting each exercise in
the human involvement conditions of neutral, assisting and resisting, in which the controller demonstrates

the operation modes of passive, active-assist, and safety, respectively.

This chapter begins with a materials and methods section, which provides subject information, the human
joint torque estimation method, and the experimental setup for the seated and walking exercises. The fol-
lowing section contains the results and discussion of the controller evaluation for the seated leg extension

and flexion exercise and walking demonstration, considering trajectory tracking, human-robot interaction,

17
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and assistance mode detection.

7.1 Materials and Methods

In this section, the test procedures for the controller evaluation are described, including the test subject
details, choice of human joint torque estimation model, and experimental setup for the seated extension

and flexion exercise and demonstration of the controller during the swing phase of walking.

7.1.1 Test Subjects

The seated tracking experiments were conducted with three healthy subjects (S1-3), able to execute com-
plete flexion and extension movements of the knee joint without spasticity nor contracture. The upright
walking experiments were conducted with one healthy subject (S1). Subject information is provided in Ta-
ble 7.1. All subjects were able to actively follow or obstruct the knee joint trajectories while observing the
progress on a monitor in real-time using the testing GUI shown in Figure 6.15. The subjects were given a
patientinformation sheet regarding the assessment and gave written informed consent to all experimental
procedures. The study received ethical approval from the Research Ethics Committee of Imperial College
London. Constraints on the knee joint states and control input were imposed within the controller, and, for
safety, device range of motion was securely limited between full extension (90 °) and full flexion (-30 °)

mechanically.
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7.1.2 Human Joint Torque Estimation

For the controller evaluation tests, the linear human joint torque estimation model, described in Section
6.2.3.1, was used with two inputs (input set A from Section 6.2.2.4). Using a minimal input set and low
complexity model demonstrates the ability for the control approach to perform effectively without highly
accurate prediction of human joint torque. A strength of the FLA developed in Chapter 5 is its ability to
identify the most suitable mode of assistance using only the correct polarity of the estimated human joint
torque. Additionally, for the standing exoskeleton configuration, shown in Figure 7.1a, EMG placement is
more convenient with two sensors, as the electrodes must fit around the segment braces, as shown for
the VM electrode pair and ground electrode in Figure 7.1b. As discussed in Section 6.3.2 and shown in
Figure 6.18, the simple linear model has similar MAE to the more sophisticated polynomial model, which
has a higher number of parameters, when trained using only the dynamic exercise datasets for a specific

trajectory frequency.

7.1.2.1 Data Collection

The linear human torque estimation model was trained for each subject individually using input set A
(see Section 6.2.2.6) with EMG muscle activity signals for data recorded during the dynamic extension
and flexion exercise at medium frequency (see Section 6.2.2.1). This includes five human involvement
conditions: Neutral (N), Extension Assist (EA), Extension Resist (ER), Flexion Assist (FA), Flexion Resist

(FR). For three subjects, data was recorded over six repetitions of 4 s trials. The same exercise pattern

Table 7.1: Subject Information. Details about the three subjects included in the controller evaluation
tests.

Subject | Sex Age Height (cm) Weight (kg)
S Male 27 188 85
Sy Female 22 155 53
S3 Male 27 179 65
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(a) Full length profile view (without EMG electrodes). (b) Close-up front view (with EMG electrodes).

Figure 7.1: Portable Standing Exoskeleton Configuration. Knee joint exoskeleton with i) backpack con-
taining rechargeable battery pack, portable EMG amplifier, and wireless router, ii) thigh segment braces,
iii) shank segment braces, iv) EMG electrode pair for the VM muscle of the thigh, v) ground EMG electrode
at the knee, and vi) actuator module connected to power (battery) and Ethernet (router). A short video
demonstration of the standing exoskeleton configuration can be found here.

and repetition frequency is used for the seated controller evaluation tests.

7.1.2.2 Torque Estimation Performance

The linear human joint torque model parameters and model error for each subject are shown in Table 7.2.

The RMS torque estimation error can be written as

RMSE;, = \/ % > (= mr)? (7.1)

where n. = 60000 is the total number of data samples across six repetitions of 4 s trials sampling at
500 Hz in the five human involvement conditions. The reference human torque 73, and estimated human
torque 7, for all human involvement conditions are shown in Figure 7.2. Good agreement can be seen

from the linear agonist-antagonist model. The estimation accuracy (mean RMSE;, = 2.82 Nm across all
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Figure 7.2: Human Joint Torque Estimation. Reference human torque, 7., and estimated human torque,
75, from 4 s of linear human torque model parameter identification trials for subject 1 in the following
involvement conditions: a) neutral (N), b) extension assist (EA), ¢) extension resist (ER), d) flexion assist
(FA), and e) flexion resist (FR).

three subjects), ensures correct assistance mode detection using the FLA. The normalised RMS torque
estimation error, NRMSE;, can be calculated by scaling RMSE:, by the range of reference human torque,
(Thr max — Thr.min) = 40.6 Nm, which gives NRMSE;, of 0.0695. This is comparable to previous knee joint

torque estimation studies [173].

7.1.3 Experimental Setup

Performance of the AAN-MPC approach with HTE and FLA for assistance mode detection was evaluated
for tracking during knee joint extension/flexion movements in a seated position and demonstrated for the
swing phase of upright walking. Knee joint movements of the swinging leg during a gait cycle have a

pendulum oscillatory extension/flexion behaviour that is close to the natural walking frequency [176]. This

Table 7.2: HTE Model Information. Linear human joint torque estimation parameters and RMS torque
estimation error for each subject.

SUbjeCt bo aq o RMSE+h (Nm)
Sy 0.181 206.2 -90.5 2.96
Sy 0.127 163.8 -110.1 2.38
S3 0.204 1817 -132.8 3Mn
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makes seated leg extension and flexion exercise an effective proxy for robotic rehabilitation and mobility

assistance.

The aim of the controller evaluation was to demonstrate tracking performance of the proposed controller
and the adaptation capability for different human involvement conditions, i.e., adjusting the nature of

human-robot interaction. The controller was tested operating in the following modes:

Passive Mode: The subjects are neutral, relaxing and contributing negligible torque, relying on the ex-
oskeleton to generate torque to successfully complete the tracking task with minimal position error. This

is a robot-dominant condition.

Active-Assist Mode: The subjects voluntarily generate joint torque to track the target extension/flex-
ion movements. The exoskeleton should show compliance and only provide the deficient torque required
to successfully complete the exercise task. This mode enables human-robot cooperation and is neither
human nor robot-dominant. The extent to which human/robot is responsible for generating torque is influ-
enced by the active-assist penalty parameter, p4 = 0.5, configured within the FLA, as described in Section

5.2.2.

Safety Mode: The subjects generate joint torque which obstructs the target extension/flexion move-
ment. In practice this could be due to neurological patient pathology, limited range of motion, or subject
discomfort, for example. This is a potentially dangerous and human-dominant condition in which the sub-
ject is not cooperating. For in-clinic and in-home assistance, assessment and rehabilitation, the safety of
human-robot interactions, specifically patient-robot interaction can be a major concern [225]. It is ben-
eficial for the controller to identify this and adapt appropriately. The exoskeleton should show high levels

of compliance and not prioritise generating torque for trajectory tracking.
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7.1.3.1 Seated Tracking

The first controller evaluation exercise, tested with all three subjects (S1-3), was seated leg extension and
flexion. The same exercise was used for developing the HTE approach in Chapter 6 and described in
detail in Section 6.2.2.1. For the reference movement profiles, a sinusoidal knee joint angle trajectory with

amplitude of 1rad can be written as

0,(t) = 0.5cos(2n ft — ) + 0.7 (7.2)

where 6, is the reference joint angle in radians, f = 0.25 is repetition frequency in Hz, and ¢ is time in
seconds. The frequency is chosen to approximate that of knee joint movement in normal walking gait
[226]. The seated tracking controller evaluation trials were conducted over 24 s periods for each of the
five human involvement conditions described in Section 6.2.2.1. The trials were kept relatively short to

prevent subject fatigue and discomfort.

7.1.3.2 Walking Demonstration

The second controller evaluation test was a short walking demonstration tested with one subject (S7).
This involved the standing exoskeleton configuration assisting knee extension and flexion during the swing
phase of upright walking. Trials lasted 30 s for a number of self-selected speed gait cycles, with the subject

instructed to behave in passive, assistive, and resistive human-robot interaction conditions.

For the walking reference movement profiles, the knee joint angle trajectory is recorded offline from either
leg of the subject during self-selected speed walking. During assisted exercise, the standing exoskeleton
configuration, presented in Section 4.2.3, provides assistance to the knee joint of the left leg of the subject.

Therefore, the reference joint angle trajectory is recorded on the (opposite) right leg of the subject using
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Figure 7.3: x-io Technologies x-IMU. Three x-IMU sensors (placed on the subject’s foot, shank, and thigh
segments) are used for recording walking reference trajectories, and a single x-IMU (placed on the subject’s
foot) is used during the controller evaluation walking tests to detect the swing phase of gait.

three x-IMU sensor boards (shown in Figure 7.3). The sensors are mounted on the subject using disposable
electrical tape at the foot, shank, and thigh segments. Each IMU consists of a 3-D accelerometer, 3-
D gyroscope, and 3-D magnetometer. The rotation quaternion of each IMU with respect to the global
coordinate system G can be evaluated based on the measurements of these sensors. A built in algorithm
of high accuracy with no drift is used to compute 3-D orientation for both static and dynamic movements.

The quaternions provided by each IMU are used directly.

For accurate relative kinematics of the human body wearing the robot, a body segment coordinate system
B is built based on the standards of the International Society of Biomechanics [227] as follows: origin,
centre of rotation; X, forward in sagittal plane; Y, up; and Z, right in frontal plane. The global frame G is
defined as: X, local magnetic north direction; Y, local magnetic west direction; and Z, vertical direction.
The X-IMU sensors are all calibrated to provide an estimated transformation matrix from (shared) sensor
frame S to body frame B denoted by

BRs; = Ry'. = [ Xp,; Y ,;° Zp | € R¥3 (7.3)

2]

where X ;, “Yp ;, ¥ Zp ; denote the segment frame’s unit x-axis, y-axis, and z-axis, respectively, mea-
sured by the IMUs. j € {1, 2, 3} denotes the IMU number (index) for the foot, shank, and thigh segments,

respectively [228]. Appendix A.3 gives the calibration procedure for estimating the transformation matrix
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Figure 7.4: Walking Reference Trajectory. Reference knee joint angle trajectory for stance and swing
phases of gait recorded from opposite leg of subject 1 during self-selected speed walking.

SRp ; in detalil.

For the walking reference, the subject was instructed to walk at a self-selected speed for five full gait
cycles, staying still and standing upright for 10 s before and after walking to provide a stationary position
reference. The knee joint reference trajectory for three gait cycles are shown in Figure 7.4. The stance (ST,
white) and swing (SW, grey) phases of gait were identified using a gait phase detection algorithm from
Huo et al. [176]. The algorithm uses an IMU sensor attached to the subject’s foot to detect whether the leg

is in swing or stance phase during walking.

For the walking demonstration, the AAN-MPC framework only provides assistance during the detected
swing phase of walking. During swing, significant knee joint flexion and extension is observed. There
is more potential deviation from normal walking gait, and various modes of human-robot interaction are
more likely to occur. The magnitude of torque required for knee joint movement during the swing phase is

typically within the 420 Nm actuator operating range (see Appendix A.1).

Due to observed high velocity extension and flexion movements during the swing (shown in the SW regions
of Figure 7.4), the maximum and minimum velocity constraints of the MPC (see (4.11c) in Section 4.3.6)
were increased from £2 rad/s to 48 rad/s. During the stance phases of the walking demonstration, the
exoskeleton operates in transparent mode, applying zero torque at the knee joint. The subject is free to

stand without impedance from the device.
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7.2 Results and Discussion

In this section, the results from the controller evaluation tests are presented and discussed. Firstly, the
seated tracking exercise results are explored. The performance metric of human torque ratio is defined
for evaluating this exercise. The analysis looks at controller performance with three subjects in terms of
trajectory tracking, human robot interaction, and assistance mode detection. Finally, the results of the

walking demonstration with one subject are presented.

7.2.1 Seated Tracking

The AAN-MPC controller evaluation results are presented for three subjects performing a knee joint track-
ing task in five human involvement conditions: neutral (N), extension assist (EA), extension resist (ER),
flexion assist (FA), and flexion resist (FR). N should invoke passive mode, EA and FA should invoke active-

assist mode, and ER and FR should invoke safety mode.

Performance is evaluated during extension (E) and flexion (F) movement phases of the exercise in terms
of suitable robot compliance during tracking (reflected in tracking error), human-robot cooperation/inter-
action (reflected in ratio of human torque to robot torque), and suitable assistance mode detection. The
metric of human torque ratio, Ry, is defined as

h

Ry, = (7.4)

7A—h + 77—6

where 7;, and 7. denote the root-mean-square (RMS) of the estimated human torque and the exoskeleton

torque, respectively.
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Figure 7.5: Seated Exercise Controller Evaluation Results. Tracking results from three subjects for the
MPC-AAN controller with FLA assistance mode detection in five human involvement conditions. The plots
show the average values and shaded Standard Deviation (SD). From left to right the columns show: a)
neutral (N), b) extension assist (EA), ¢) extension resist (ER), d) flexion assist (FA), and e) flexion resist
(FR). From top to bottom, rows display reference and actual trajectory, 6, and 6, robot torque, 7., estimated
human join torque, 7, and objective function cost.

7.2.1.1 Trajectory Tracking

Tracking results averaged across all three subjects can be seen for the five human involvement condi-
tions in Figure 7.5, with Standard Deviation (SD) shown as a shaded region. The significant SD seen in
exoskeleton torque across all involvement conditions is a result of varying subject properties, with smaller
and lighter subjects requiring lower exoskeleton torque to complete the exercise. SD is also observed in
the human joint torque estimation, 75, due to subjects applying different levels of effort for varying time

during the trials.
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Figure 7.6: Tracking Error Box Plots. Box plots comparing percentiles of tracking error (rad) for extension
(E), from 0 to 2 s, and flexion (F), from 2 to 4 s, in the five human involvement conditions (N, EA, ER, FA,
and FR) averaged across all subjects. Large error values reflect robot compliance.

In the robot-dominant N condition the controller operates in passive mode. It closely follows the target
trajectory with very low tracking error, as shown in Figure 7.6 for both extension and flexion (medians of
-0.03 rad and 0.02 rad). There is minimal tracking SD across the relaxed trials. Low human torque is
correctly estimated in this condition with minimal SD. The total objective function cost remains low and
very little compliance is shown by the robot. This is reflected in very close trajectory tracking, despite a
lack of human cooperation, with torque contributions very low for extension (R, = 0.036) and flexion

(Ry = 0.042).

During EA and FA involvement conditions the FLA recognises assistive human involvement and sets 4
high, which shifts the controller to active-assist mode. In this mode it correctly permits greater tracking
error. Figure 7.5b and Figure 7.5d show the controller behaving with greater compliance as the subjects
begin to apply voluntary torque. This is shown in Figure 7.6 as significantly increased tracking error, with
median errors of 0.10 rad and -0.05 rad during the extension and flexion phases respectively. These are a

significant increase from the corresponding phases for N condition.

During ER and FR conditions, the controller shows even greater compliance, as instructed by setting the
safety penalty ps = 1.0 > p4 = 0.5. This can be seen in Figure 7.5c and Figure 7.5e where the joint angle

significantly deviates from the reference trajectory. This leads to increased overall cost, caused partly by
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significant tracking error (medians of -0.14 rad and 0.15 rad for extension and flexion phases respectively).
For the ER condition, once the FLA no longer outputs high ps and detects human relaxation, the tracking
error is minimised with high corrective around 1.25 s, reducing observed cost. The augmented Lagrangian
optimisation method adjoins constraint equations to the overall MPC objective function. Cost levels ex-
ceeding 2000 are shown for ER in Figure 7.5¢ caused by activation of a minimum position constraint during

relaxation and a maximum velocity constraint during trajectory recovery.

7.2.1.2 Human-Robot Interaction

The average human torque ratio, Ry, throughout the exercise across all subjects for each condition is
shown is Figure 7.7. In N involvement condition, very little human cooperation is shown as the human

torque ratio is very low (R, = 0.036 for extension and R;, = 0.042 for flexion).

For EA and FA, increased human-robot cooperation is expected, and corresponding human torque ratio is
observed, with R;, = 0.46 for the extension phase of EA and R;, = 0.18 for the flexion phase of FA. The
human effort is shown in Figure 7.5b during EA, between 0.5 s and 2 s, as exoskeleton torque, 7., is much

lower compared to N condition, despite noticeable tracking error.

For ER and FR, the calculated human torque ratio values are significantly greater (R;, = 0.23 and Ry, =
0.59 for extension and flexion phases respectively) compared to N. However, the human effort observed
during these phases obstructs the exercise, so does not signify human-robot cooperation. It is impeding

the robot and is not helpful for the tracking task.
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Figure 7.7: Human Torque Ratios. Human torque ratio, Rj, throughout the exercise tasks, averaged
across all three subjects for the five human involvement conditions: a) neutral (N), b) extension assist
(EA), c) extension resist (ER), d) flexion assist (FA), and e) flexion resist (FR).

7.2.1.3 Assistance Mode Detection

The RMS active-assist and safety assistance mode likelihood values, 4 and g, averaged across all three
subjects are shown for the five human involvement conditions in Figure 7.8. The values show that the FLA
successfully identifies the correct mode of operation for relaxed, human-assistive and human-resistive
involvement conditions. The greatest RMS active-assist mode likelihood values, 114, occur during the
extension and flexion phases of EA and FA respectively (0.50 and 0.45) and the greatest RMS safety mode
likelihood values, ju5, occur during the extension and flexion phases of ER and FR respectively (0.45 and

0.60).

The FLA input signals, 6, and 7, active-assist and safety mode likelihood values, p4 and ug, and the
assistance mode variable, m, for each human involvement condition are shown for subject 1 in Figure
5.5. The FLA performs well, consistently identifying the appropriate assistance mode throughout the task.
For N condition, both p4 and ug remain low, as the FLA recognises human relaxation and instructs the
controller to operate in passive mode. The assistance mode function, m, behaves as expected, falling
closer to zero for safety mode than for active-assist mode (ps = 1.0 > p4 = 0.5). The assistance mode

likelihoods 114 and g are activated on a mutually exclusive basis.
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Figure 7.8: Controller Evaluation Metrics. Bar charts showing, from top to bottom, RMS values of cost,
active-assist mode likelihood, y4, safety mode likelihood, ps, and human torque ratio, Ry, for all subjects.
Results are divided into extension phase, from 0 to 2 s in the trials, and flexion phase, from 2 to 4 s, for
neutral (N), extension assist (EA), extension resist (ER), flexion assist (FA), and flexion resist (FR) human
involvement conditions.

7.2.2 Walking Demonstration

In this section of the controller evaluation, results of the walking demonstration are presented. This was
an applied demonstration of the AAN-MPC control framework for a dynamic and practical exercise, which
is used for many applications within mohility assistance and rehabilitation robotics. The aim here is to
show that the same controller behaviour and functionality observed in the seated tracking experiments is

present for a more extensive exercise implementation.

The controller provided assistance to one subject during upright walking in three human involvement con-
ditions: neutral (N), (extension or flexion) assist (A), and (extension or flexion) resist (R). The N condition

should invoke passive mode, A should invoke active-assist mode, and R should invoke safety mode.

Theresults presented here are a subset of the trials, chosen to represent the controller operating in each of

the three operating modes. As described in Section 7.1.3.2, the exoskeleton operated in transparent mode



186 Chapter 7. Controller Evaluation

(t. = 0) during the stance phase of walking for exoskeleton side, and was intelligently controlled using
during the swing phase. Therefore, the demonstration results show the system and controller behaviour
for the swing phase only. Figure 7.9 shows a sample of walking demonstration results for the AAN-MPC
control framework assisting knee extension and flexion in the three assistance modes of a) passive, b)

active-assist, and c) safety.

In the example of passive mode (left column), the estimated human joint torque, 7y, is low, so the FLA
does not identify either active-assist, .4, or safety, ug, likelihood values. The FLA output value, m, is high,
so the MPC cost function prioritises minimising tracking error over robot torque. Therefore, the controller

assists the subject with low tracking error, showing little compliance.

In the example of active-assist mode, the estimated human joint torque, 7, during the flexion region of the
swing phase, between 0.4 s and 0.6 s, is negative, assistive, and large enough in magnitude for the FLA
to identify significant active-assist likelihood, p14. With p4 = 0.5, the FLA output, m, reduces significantly
below 1to around 0.6. This change in m causes the MPC cost function to reduce the weighting of tracking

error so the controller displays compliance and the tracking error increases over this period.

In the example of safety mode, the estimated human torque during the extension region of the swing
phase, between 0.1 s and 0.3 s, is negative, resistive, and very large in magnitude, at almost -3 Nm. This
resistive human involvement causes the FLA to identify very high safety likelihood, ps, tending towards
1.0. With pg = 1.0, the FLA output, m, falls close to zero. This changes the MPC cost function, causing
the controller to neglect the weight of tracking error and instead reduce robot torque. This is seen in, 7,
between 0.1 s and 0.4 s. Reduced robot torque causes the robot to display compliance and results in

increased tracking error.
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Figure 7.9: Walking Demonstration Results. Controller evaluation walking demonstration results, show-
ing the AAN-MPC controller operating in a) passive, b) active-assist, and c) safety modes. From top to
bottom, the rows show actual and reference knee joint angle, § and 6, thigh inclination angle, 6;, robot
torque, 7., estimated human torque, 7, active-assist mode likelihood, y 4, safety mode likelihood, yz4, and
assistance mode function output, m.
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Chapter Summary

In this chapter, the proposed AAN-MPC control framework was evaluated with multiple healthy subjects
for two dynamic exercises: seated leg extension and flexion, and the swing phase of overground walking.
The controller was tested assisting tracking for each exercise in the human involvement conditions of neu-
tral, assisting, and resisting, in which the controller demonstrated autonomous operation in the assistance
modes of passive, active-assist, and safety. The chapter began with the materials and methods section,
which described the test subjects, the implemented human joint torque estimation method, and the ex-
perimental setup for seated tracking and the walking demonstration. The latter required offline recording
of the knee joint angle reference trajectory for the swing phase and an Inertial Measurement Unit (IMU)
sensor orientation calibration procedure. The following results and discussion section presented the con-
troller evaluation results for both exercises. For the seated tracking exercise, this included quantitative
analysis summarising the controller performance in terms of trajectory tracking, human-robot interaction,
and assistance mode detection. For the walking demonstration, samples of assistance for each operating

mode were presented.
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Conclusion

In this chapter, findings from the research presented in this thesis are summarised. Features of the novel
AAN-MPC control framework are considered including the MPC, FLA for determining assistance mode,
and HTE method. Achievements are discussed in relation to the control framework aims set out in Section
4.7 which seek to address some of the prominent problems with existing AAN control approaches, outlined
in Section 3.2.4. There will be a discussion of the applications of the work and finally directions in which

this research can be built upon.

8.1 Main Conclusions

In this thesis, an AAN control approach is proposed which combines constrained nonlinear MPC with a
fuzzy logic-based algorithm for assistance mode detection. Both use human joint torque estimated from
processed EMG signals using a predictive model. Itis used in the MPC for deriving the robot torque required
to successfully follow a target trajectory and in the FLA for evaluating human involvement condition and

selecting the most suitable assistance mode.

189
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Although the EMG-based method depends on muscle activity signal measurement and model training to
extract the torque output, the method benefits from advanced prediction of human behaviour. It can also
distinguish disturbance caused by human effort from other external factors. This is an advantage over

sensorless approaches such as nonlinear disturbance observers.

The FLA enables the controller to change behaviour fluidly, operating in assistance modes that fall on
a continuous spectrum. Human-robot interaction changes on a spectrum with human-assisting at one
extreme, human-relaxed in the middle, and human-resisting at the other extreme. For convenient analysis,
human involvement conditions are discretely defined for knee joint tracking as relaxed (R), extension assist
(EA), extension resist (ER), flexion assist (FA), and flexion resist (FR). Without human torque, the controller
operates in passive mode, which is a servo-like robot-dominant condition. This is achieved by setting high
tracking weight, wy, in the MPC cost function. In this mode the exoskeleton generates nearly all of the
required torque for the task. In active-assist mode, the controller shows compliance and enables robot-
human cooperation, contributing less torque to the exercise task, with the subject applying greater effort.
In safety mode, the controller exhibits very high levels of compliance for the safety and comfort of the

human, and trajectory tracking is given low priority, with very little robot torque produced for the task.

To further improve subject safety, a reference trajectory adaptation method (see Section 5.2.3) can halt the
reference trajectory when the likelihood of the safety mode is higher than the adjustable human resistance
threshold, Ry;,. This is a utilisation of high level human involvement information from the FLA. Trajectory
adaption can prevent the subject experiencing uncomfortable levels of resistance to the rehabilitation task
and prevent the subject falling behind with the task. This enables them to safely pick up at the reference

point where they were last comfortable and remain engaged with the exercise.

The controller is demonstrated tracking a 0.25 Hz sinusoidal reference trajectory in a seated leg exten-

sion and flexion exercise in the five representative human involvement conditions. The controller is then
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demonstrated for the swing phase of a walking exercise. The FLA is shown to identify the appropriate

assistance mode during each involvement condition.

For the recovery of motor function, active patient participation in generating a target exercise movement is
crucial. The proposed controller can intelligently encourage this by identifying subject engagement on-the-
fly without the need for repetitive training trials, which can use up valuable clinic time. Practitioners can
easily configure the controller for the subject and exercise by changing the value of the MPC cost function
tracking weight ws, constraints on joint states (or (non)linear combinations of them), active-assist penalty

parameter, p4, and human resistance threshold, Ryy,.

8.2 Achievements

The achievements of this thesis are summarised in relation to the AAN-MPC control approach aims, pro-
vided in Section 3.2.4, which address the significant problems identified with existing AAN control ap-

proaches:

A - Adaptation Latency

Advance Adaptation: This was addressed by adjusting human-robot interaction based on future subject
behaviour. Human joint torque was predicted using muscle activity signals that preceded muscle force out-
put. This is demonstrated in Figure 7.2. Adaptation of the control policy using the FLA was demonstrated

for various human interaction conditions in Section 7.2.

B - Singular Modality
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Assistance Modes: The FLA, presented in Section 5.2, infers the human-robot interaction condition on-
the-fly and changes the mode of assistance. The output operates directly on the MPC cost function, as
described in Section 4.3.7. The ahility of the FLA to detect neutral, assistive, and resistive interaction condi-
tions is shownin Figure 5.5 and the passive, active-assist, and safety modes of operation are demonstrated

in Figure 7.5.

C - Unconstrained Behaviour

Constrained MPC: The nonlinear constrained MPC method directly addresses this problem by adjoining
system state constraints to the MPC cost function, making the controller optimise for tracking error, robot
torque, and system constraints simultaneously. The constraints enable multiple joint positions and veloci-
ties to be constrained in (non)linear relationships or (in)equalities. Simple cases of knee joint position and

velocity constraints were demonstrated in simulation in Section 4.4.1.

D - Disturbance Identification

Human Torque in MPC: The problem of external disturbance being indistinguishable from human torque
contribution, occurring in sensorless human torque estimation approaches, is addressed by estimating
human joint torque from muscle activity signals and system states, as described in Section 6.2, and in-
cluding it in the system models, as detailed in Section 4.2.4. The controller can effectively reject external

disturbance, while recognising and adapting to human joint torque.

E - Human Torque Estimation Latency
Predictive Human Torque Estimation: Human joint torque estimation latency, present in sensorless ap-

proaches, is addressed by estimating human joint torque from muscle activity measurement, enabling
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advance prediction, as shown in Figure 7.2. The controller can react rapidly to changes in neurological

signals, instead of responding to the effects of human joint torque long after it is produced.

F - Flawed Human Torque Estimation Assumptions

Agnostic Human Torque Estimation Approach: A number of methods for estimating human joint torque
from muscle activity signals are based on biomechanical models which assume healthy and conventional
muscle form and behaviour. The HTE method developed in Chapter 6 does not assume conventional
biomechanics and muscle condition. It uses machine learning to build and train a predictive model of
human joint torque, using a carefully recorded dataset specific to the subject. The agnostic nature of this
approach makes it suitable for neurological disorder and elderly patients who may not retain conventional

muscle function.

8.3 Limitations

Whilst this work has made significant contributions to the field of AAN control for robotic assistance and

rehahilitation, it is not without limitations. The main limitations are as follows:

Single Joint Actuation: The work in this thesis is limited to single joint actuation. This was necessary
because only one actuator was included in the exoskeleton configurations. This limited the human joint
torque estimation approach to considering only the main rotational degree of freedom in the knee joint.
However, the approach can be applied to multi-joint and multi DOF human-exoskeleton systems, provided

a representative system of dynamic equations can be derived.
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Planar Systems: The human-exoskeleton system models for the exercises in this work are restricted to the
sagittal plane. This simplifies modelling, reducing the number of DOFs and makes analysis of functionality
and performance easier for each part of the control framework. The method can be applied with the same

principles to system models that include out-of-plane DOFs.

Lower Body Exercises: The exercise tasks considered in this work are limited to the lower body. Although
this application area was targeted, the control framework and related analysis are applicable to upper-
body robotic assistance. A direct parallel to the knee joint is the elbow joint, as it has a single DOF, and
the biceps and triceps muscles in the front and back of the upper arm behave with an agonist-antagonist

relationship similar to muscles in the thigh.

Parameter Identification: The models for the human-exoskeleton system and human joint torque estima-
tion require parametric identification to find model parameters that are representative of the real world.
These processes are time-consuming and require informed cooperation from the human subject. The
MPC component of the controller requires little tuning compared to traditional control approaches such

as PID.

Limited Number of Test Subjects: Three subjects were recruited for the testing in this work. One sub-
ject was tested for the human joint torque estimation study in Chapter 6, three for the seated controller
evaluation in Chapter 7, and one for the walking controller demonstration in Chapter 7. Because individ-
ual parametric identification is required for each subject, the process of preparing the control framework
takes some time. Enough tests were conducted and data collected to provide a valid demonstration of the

control framework and evidence of the key arguments presented in this thesis.
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8.4 Future Work

There are a number of ways in which the presented work can be taken forward. In future work, controller
tests could involve more general and complex trajectories. The approach could be applied to a more ad-
vanced scenario with a multi-DOF system model, such as application to multiple lower limb joints during
walking or sit-to-stand exercises. Clinical testing with survivors of stroke or elderly subjects with mobility
problems could provide interesting validation. Efficacy of the p4 parameter for variable assistance and
the trajectory adaptation method could be investigated further. Controller variables of 4 and g from the
FLA could provide metrics for assessing patient progress during rehabilitation. Routines for autonomously
adjusting controller parameters p4 and Ry, could be developed, optimising online to help the controller
handle subject-specific range of movement and fatigue. The model-based nature of the controller makes
it adaptable with relatively little tuning of parameters. The approach could be applied to a wide variety of
upper and lower limb rehabilitation devices, given a representative system model can be derived. Assis-
tance situations with complex muscle group involvements could be investigated and there is opportunity

to develop more advanced models for human joint torque estimation.
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A.1

Actuator Specifications

The detailed specifications for the HEBI X-Series X8-9 Series Elastic Actuator (SEA) are summarised in

Table A.1. The torque-speed performance curves are shown in Figure A.1.

Table A.1: Actuator Module Specifications. HEBI X-Series Actuator technical specifications.

Configuration X8-9

Peak Torque 20 Nm

Continuous Torque | 8 Nm

Maximum Speed 30 rpm

Mass 475¢

Dimensions 10 mm x 73 mm x 45 mm
15mm hollow bore

Power 24-48YV

Temperature -10 °C to 50 °C ambient

Communication

100 Mbps Ethernet (dual port)

Angular Resolution

0.005°

Torgue Resolution

0.07TNm

Backlash

+0.25°

Sensing

Angular Position

Angular Velocity

Output Torque

3-axis Accelerometer / Gyro
Temperature

Voltage

Current

API Support

Matlab
ROS

Python
C/C++
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X8-9 Speed-Torque Curve
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Figure A.1: Actuator Performance Curves. Performance curves for the HEBI X-Series X8-9 Actuator. The
operating voltage for the experiments in this thesis is 30 V.

A.2 Technical Drawings
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A.2. Technical Drawings
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A.3 IMU Calibration Procedure

First, the wearer is instructed to stay in a standing position, where gravity vectors gsianq Mmeasured by
the IMUs are considered to be aligned with the vertical axes #Y; of each segment. Next, the wearer is
instructed to perform a swinging leg flexion/extension movement using the hip, knee and ankle joints in
the sagittal plane. The axis © Z; of the foot is defined using the rotation axis of the angular velocity win

measured by the IMUs. The three unit vectors of orientation ¥ R ; can be expressed as follows [229]:

SYBJ __ Ystand,j

o |Qscand,j
SZ . — Liointi (A7)
B.j |Wioint, ;|
SX — SZB,J‘XSYB,J’
B.j = 1525, x5V

where gstana,; denotes the measured gravity vector of each IMU in the standing posture, d the rotation
direction of each joint (d = 1 during flexion movements, and d = —1 during extension movements), and

Wioint,j» the measured angular velocity.

Consider that the measured vectors ®Y3 ; and ©Z ; in A.1 may not be orthogonal due to measurement

error. The orientation R ; is modified as follows [228]:

SRB,]' = [SXBJ‘SYBJSXBJ' X SYB,j]. (AQ)

The measured Zp ; axis is replaced by the term *X 5 ; x 9Yp ;. This is due to the fact that it its not

possible to guarantee perfectly aligned flexion/extension movements in the sagittal plane.
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B.1 Human Torque Estimation Datasets
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Figure B.1: HTE Dataset - Test 1. Human torque estimation dataset for test 1 with processed MMG
muscle activity, system states of knee joint angle, #, and angular velocity, 8, and reference human joint
torque, 7¢, recorded during exercise 1: isometric contraction.
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Figure B.2: HTE Dataset - Test 2. Human torque estimation dataset for test 2 with processed EMG
muscle activity, system states of knee joint angle, #, and angular velocity, #, and reference human joint
torque, T.e¢, recorded during exercise 1: isometric contraction.
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Figure B.3: HTE Dataset - Test 3. Human torque estimation dataset for test 3 with processed MMG
muscle activity, system states of knee joint angle, #, and angular velocity, #, and reference human joint
torque, T.¢, recorded during exercise 2: dynamic extension and flexion.
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Figure B.4: HTE Dataset - Test 4. Human torque estimation dataset for test 4 with processed EMG

muscle activity, system states of knee joint angle, 6, and angular velocity, 4, and reference human joint
torque, 7¢, recorded during exercise 2: dynamic extension and flexion.
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B.2 Linear and Polynomial Model Fitting Code

import numpy as np

from sklearn import linear model

from sklearn.metrics import mean_squared_error, mean_absolute_error
from sklearn.preprocessing import PolynomialFeatures

from sklearn.linear_model import LinearRegression

from sklearn.pipeline import Pipeline

def linear_fit (X,y,dtheta_r):
model = linear_model.LinearRegression ()
model.fit (X,vy)
y_pred = model.predict (X)
sgr_err = mean_squared_error (y,y_pred)
abs_err = mean_absolute_error(y,y_pred)
abs_err_ar = np.abs(y-y_pred)
std_err = np.std(abs_err_ar)
fla = fla_predict (dtheta_r,y,y_pred)
return model, y_pred, sqr_err, abs_err, abs_err_ar, std_err, model.coef_,

model.intercept_, fla

def poly_fit(X,y,dtheta_r):

model = Pipeline ([ ('poly’, PolynomialFeatures (degree=2)),
("linear’, LinearRegression())])

model = model.fit (X,vy)

coef = model.named_steps|[’linear’].coef_

intercept = model.named_steps|[’linear’].intercept_

y_pred = model.predict (X)

sgr_err = mean_squared_error (y,y_pred)

abs_err = mean_absolute_error (y,y_pred)

abs_err_ar = np.abs(y-y_pred)

std_err = np.std(abs_err_ar)

fla = fla_predict (dtheta_r,y,y_pred)

return model, y_pred, sqr_err, abs_err, abs_err_ar, std_err, coef, intercept

, fla
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B.3 Neural Network Model Training Code

import numpy as np

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers

def build_model (n_neurons) :
model = keras.Sequential ([
layers.Dense (n_neurons, activation=’relu’,
input_shape=[len (train_dataset.keys())]),
layers.Dense (n_neurons, activation='relu’),
layers.Dense(1)1])
optimizer = tf.keras.optimizers.RMSprop(0.001)
model.compile (loss="mse’,
optimizer=optimizer,
metrics=["mae’, 'mse’])
return model

# Create a callback that saves the model’s_weights

cp_callback = tf.keras.callbacks.ModelCheckpoint (filepath=checkpoint_path,
save_weights_only=True,
verbose=1,
save_freqg='epoch’)

# The patience parameter is the amount of epochs to check for improvement
early_stop = keras.callbacks.EarlyStopping (monitor="val_loss’, patience=10)

EPOCHS = 1000 # Max number of epochs

history = model.fit (
normed_train_data, train_labels,
epochs=EPOCHS, validation_split = 0.2, verbose=1,
callbacks=[tfdocs.modeling.EpochDots (), cp_callback,early_stop])
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B.4 Mean Absolute Error Comparison of MMG and EMG

Table B.1: Mean Absolute Error Values. MAE for human joint torque estimation from MMG and EMG
muscle activity signals using the linear (L) and polynomial (P) models across input sets A to F various
isometric and dynamic exercise sets.

Inputs | P1 | P2 | P3 | P4 | P5 M L H All | Iso | Dyn

A 293 | 515 | 675693 | 718 | 3.05|3.03|3.21 | 6.0 | 6.21 | 3.13
29 | 4671521 |691{599|307|305|323| 6.0 |6.14]3.16
2.89 | 464|512 | 6.87 | 588 | 3.06 | 3.04 | 3.23 | 6.0 | 6.11 | 3.16
2.7 | 403|525 657|696 |302)3.02]| 315|571 565|313
267|377 | 498 | 6.58 | 5.56 | 294 | 3.05 | 3.17 | 5.64 | 5.5 | 3.13
267 1372|489 | 656|543 | 294|304 | 315 | 565|544 | 3.13
2.58 | 454|493 636|723 279|302 321586593 3.08
253 | 424 | 422 | 633 | 5.08 | 278 | 297 | 3.19 | 5.83 | 5.78 | 3.07
252 422|414 1618 | 499 | 272 | 294 | 31 | 5.69 | 5.71 | 3.06
227 1 321 1 409 | 5.09 | 6.64 | 2.66 | 297 | 3.08 | 5.53 | 5.19 | 3.03
223 | 3.0 | 379 | 487 | 461 | 266 | 279 | 3.01 | 5.41 | 4.84 | 2.99
217 | 294 | 375 | 476 | 45 | 256 | 2.76 | 2.94 | 5.24 | 479 | 2.9/
284 | 414|353 1292 | 39 | 279|253 | 3.3 |3.46|398 | 2.88
264 | 417|348 | 27 | 391 | 28 | 235 |3.34 | 3.55 399 | 2.85
26 | 414 1345 | 265(392| 281 |238|333]|354]399]285
275|413 | 318 | 2.62 | 3.27 | 247 | 2.3 | 3.08 | 3.27 | 3.88 | 2.65
26 | 477 | 314 | 238 | 3.26 | 247 | 216 | 3.16 | 3.33 | 3.89 | 2.64
255|414 313 | 23 | 325|247 | 221|376 | 3.33 | 3.806 | 2.64
172 | 3.04 | 31 | 218 | 24 | 269 | 2.5 | 3.25 | 3.16 | 3.26 | 2.86
149 | 264 | 298 | 1.61 | 232 | 26 | 23 | 3.17 | 3.08 | 3.31 | 2.8
1.37 | 2.58 | 2.86 | 1.46 | 2.3 | 258 | 221 | 3.09 | 3.07 | 3.3 | 2.77
1.56 [ 294 1 267 | 1.6 | 212 | 235 | 2.21 | 295 | 3.01 | 3.19 | 2.59
1.35 | 2.58 | 263 | 1.22 | 205 | 234 | 211 | 291 | 2.97 | 3.19 | 2.56
125 | 247 | 257 | 113 | 1.88 | 227 | 198 | 2.82 | 3.0 | 3.14 | 2.55

MMG - Linear

MMG - Poly.

EMG - Linear

EMG - Poly.

MM OO W > MmO O o> MmO O > MmO Ol
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B.5 MMG and EMG Signal Filters

B.5.1 Signal Filter Code

#include "dag.h"

double DAQ::lowpass (double X_in,
{

low_para.x[0] [signal] = X_in;

low_para.y[0] [signal]
signal]
low_para.yl[2] [signall];

for = 2; i>0; i--)

{

(int i

low_para.x[i] [signal]
low_para.y[i] [signal]

return low_para.y[0] [signall;

}

double DAQ::highpass (double X_in,
{

high_para.x[0] [signal] X_inj;

high_para.y[0] [signal] k *
[1] [signal] + high_para.x[2]
a2 * high_para.y[2][signal]

i>0; i--)

for (int 1 = 2;

{
high_para.x[i] [signal]
high_para.y[i] [signal]
}
return high_para.y[0] [signall];
}

double DAQ::clipLimSignal (double signal,

if
}

return signal;

(abs (signal) > lim) {
signal = 0;

}

double DAQ::noiselLimSignal (double signal,

if
}

return signal;

(abs (signal) < lim) {
signal = 0;

kx (low_para.x[0] [signall
+ low_para.x[2] [signall)

(high_para.x[0] [signal]

int signal)

+ 2 % low_para.x[1l][

- alxlow_para.y[l][signal] - a2«

low_para.x[1 - 1] [signal];
low_para.y[i - 1] [signall;

int signal)

- 2 % high_para.x
[signal]) - al = high_para.y([1l][signal] -
7

high_para.x[i - 1][signall;
high_para.y[i - 1][signall;

double 1im) {

double 1im) {




232

Chapter B. Human Torque Estimation

B.5.2 Filter Parameters

Table B.2: Muscle Activity Filter Information. Table showing muscle activity filter information and pa-
rameters for the MMG and EMG signals.

Filter Signal | n | f, (Hz) by by b aq as as

HP1 0.9565 -1.9131 0.9565 1.0000 | -1.9112 | 0.9150
LP1 MMG | 2 | 1000 0.0675 0.1349 0.0675 1.0000 | -1.1430 | 0.4128
LP2 3.9130e-05 | 7.8260e-05 | 3.9130e-05 | 1.0000 | -1.9822 | 0.9824
HP1 0.9575 -1.9151 0.9575 1.0000 | -1.9133 | 0.9169
LPT EMG | 2 | 2048 0.2822 0.5644 0.2822 1.0000 | -0.0431 | 0.1720
LP2 2.3480e-06 | 4.6960e-06 | 2.3480e-06 | 1.0000 | -1.9957 | 0.9957




Appendix C

Model Predictive Control

C.1 Controller Code

The branches of the Github repository at ht tps: //github.com/cicl2/exo_control contain

the code used for the controller experiments in this work.
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