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Lay Summary

Assistive devices such as exoskeletons (which are worn) or prostheses (which

replace a missing body part) have great potential as tools for both augment-

ation and rehabilitation. However, it is uncommon to see exoskeletons used

widely outside of hospitals, research labs, and rehabilitation centres. Pros-

thetic limbs, whilst more common, are usually passive; meaning that they

contain no motors or other actuators with which to provide assistive forces.

The reason for this is in large part due to the complexity of controlling

these devices, especially in non-controlled environments where there are a

huge array of factors to consider. Such factors including anything from the

need to stop or change direction suddenly when walking to avoid bumping in

to someone, to the more regular need to change walking speed or incline.

In this thesis, we attempt to devise a method for controlling exoskeletons

and prosthetics which is able to account for these factors, based on mathem-

atical optimisation. A model-based approach is taken, which means rather

than relying on techniques which are purely data-driven, we use simulations

to attempt to predict how the human body reacts to the forces applied by the

assistive device.

We identify three open-problems: how to effectively model humans wear-

ing assistive robotic devices; deciding what measures we should try to optim-

ise for the human when we choose what forces the exoskeleton should apply;

and how to account for the fact that humans change their walking style when

experiencing external assistance. This thesis presents solutions to these prob-

lems, and quantifies the performance of these solutions using experimental

motion data.
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Abstract

Assistive robotic devices such as exoskeletons and prosthetic limbs have great

potential as tools for both augmentation and rehabilitation. However, due to

the complexity of controlling these devices, especially in unstructured envir-

onments where factors such as walking speed and incline can vary rapidly, it is

uncommon to see exoskeletons outside of a clinical or research setting. Pros-

theses, whilst more common, are typically passive, which limits their ability

to match the push off forces associated with healthy gait.

Motivated by modern techniques for controlling legged robots, this thesis

motivates the pursuit of an optimisation-based approach to the control and

design of exoskeletons. We identify a number of open problems within the

field, namely (1) how to model the dynamic interaction between a human

subject and an attached exoskeleton; (2) identifying the appropriate metric

or combination of metrics to optimise for in exoskeleton-assisted locomotion;

and (3) how to account for changes in human walking style induced by the

presence of external assistive forces. This thesis details attempts to solve each

of these problems.

We present a methodology for expressing human-exoskeleton system mod-

els as a combination of musculoskeletal models, exoskeleton inertial paramet-

ers and constraint forces. A specific human-exoskeleton model is detailed,

along with a range of methods for modelling the interaction forces which oc-

cur at the attachment points between the human and exoskeleton agents. Ex-

perimental motion data is analysed using musculoskeletal modelling software

(OpenSim) to quantify the effect that each of these interaction models, which

represent various degrees of approximation, have on the resulting human-

exoskeleton dynamics.

Applying exoskeleton assistance is inherently a shared control problem.
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The overall goal is not to achieve a prescribed motion at any cost, or to do

so while minimising exoskeleton joint torques, but rather to enhance aspects

of the assisted humans motions; for example, increasing energy efficiency or

stability. Therefore, in order to optimise exoskeleton control patterns we must

first consider what it means for the resultant gait patterns to be optimal, or

even good. We present a detailed analysis of exoskeleton-assisted walking in

healthy subjects, with a particular focus on identifying those metrics which are

invariant to changes in walking condition (e.g. walking speed or incline). We

posit that such metrics, which exhibit strong invariance properties, are good

candidates for the objective function of an optimisation-based controller.

Human walking strategies are unique and complex, and the problem of

predicting the effect of exoskeleton assistance on a subjects gait pattern is a

challenging one. In recent years, success has been had by methods which

aim to learn suitable assistance strategies directly from a subject, via a pro-

cess known as human-in-the-loop optimisation. We present a novel human-

in-the-loop framework which utilises musculoskeletal modelling to make the

learning process more time-efficient. Our method is evaluated on a number of

subjects walking on a treadmill with exoskeleton assistance. In addition, we

also explore how human-in-the-loop optimisation can be used to inform the

design of exoskeletons to enhance their assistive capabilities.

Overall, these contributions represent a step towards enabling the wider

usage of exoskeletons and other assistive robotic devices, which could lead to

significant improvements to quality of life for many.
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Chapter 1
Introduction

For decades, assistive robotic devices such as exoskeletons, exosuits and pros-

thetic limbs have been a topic of major interest in the biomechanics and ro-

botics communities [1]. These platforms, many of which have been developed

[2], are thought to have huge potential in a wide range of application domains

related to human movement. For example, devices such as the Lokomat [3],

a gait rehabilitation robot, have demonstrated the potential to be more effect-

ive than conventional treatments at restoring mobility to patients with spinal

cord injuries [4]. Passive exoskeletons are being developed to help reduce the

potential for strain-related injuries in the work-place [5], or to reduce the en-

ergy required for locomotion [6]. New powered ankle prostheses continue to

be designed with the goal of replicating the energy efficiency of the biological

1



2 1.1. Exoskeleton Control as an Optimisation Problem

human ankle [7, 8]. Additionally, exoskeletons are being developed as assist-

ive tools to reduce the metabolic cost of walking, with some recent advances

in state-of-the-art soft exosuits [9] demonstrating energy savings of more than

20% [10].

However, many of these devices, particularly those featuring powered as-

sistance, are largely restricted to being used in supervised clinical or research

settings, where time and care is taken to ensure that the behaviour of the exo-

skeleton and the nature of the rehabilitation or assistive regime is well-suited

to the subject in question [11]. The use of exoskeletons in a real-world setting

is made difficult by the number of variables to consider as a human walks in

an uncontrolled environment - for example, walking speed, or whether the

subject is walking on an incline. Each of these variables can affect the gait

pattern of an individual, and therefore the optimal torques to be applied by

an assistive device [12]. Moreover, the effectiveness of applied assistance has

been shown to be dependant upon its magnitude and timing [10, 13], the op-

timal values of which vary between subjects. Therefore, it is important that

the design and control-algorithms underpinning assistive robotic devices are

sufficiently subject-specific.

If exoskeletons are to become widely used devices outside of a clinical set-

ting it is important that suitable techniques are developed that can account

for these difficulties. To this end, this thesis discusses the use of model-based

methods and optimisation frameworks for better optimising the control and

design of exoskeletons.

1.1 Exoskeleton Control as an Optimisation Problem

Evidence suggests that an underlying goal of human gait is the minimisation

of energy consumption1 [14]. Any external assistance that is applied via an

external agent, such as an exoskeleton or prosthetic limb, is likely to disrupt

this optimisation process if not controlled appropriately. Classical exoskel-

eton control algorithms typically aim to reinforce measured signals from the

1Human gait appears to be energetically optimal in the absence of other goals, e.g when
able to walk at a comfortable speed on flat terrain. However, humans commonly sacrifice
some degree of energy economy in favour of pursuing other objectives, such as maintaining
balance on slippery terrain or making a quick journey [14].
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subject, e.g muscle activations [15, 16]. However, such techniques have been

shown to often result in comparatively small reductions in energetic cost [17].

If we wish to efficiently assist the human body in its movements, we should

do so in a way that respects, and can reinforce, the underlying optimisation of

energy and gait stability. One approach to achieve this is to treat exoskeleton

control as an optimisation problem.

1.1.1 Mathematical Optimisation

The general form of an optimisation problem of real variables, as specified by

Nocedal & Wright [18], is as follows:

min
x∈Rn

f (x), (1.1)

ci(x) = 0, i ∈ E , (1.2)

ci(x) ≥ 0, i ∈ I . (1.3)

Here, x is a vector containing our input variables and f is the objective function.

The functions ci are the constraints, of which p are equality constraints and q

are inequality constraints, where p = |E| ≥ 0 and q = |I | ≥ 0. We will follow

this generic formulation throughout this thesis when specifying optimisation

problems.

1.1.2 Rigid Body Dynamics

A rigid body system is a collection of rigid bodies connected by joints [19].

Bodies are structures with known dynamic properties e.g. mass and inertia,

while joints act to constrain the motion of bodies relative to one another. The

equation of motion for a general rigid-body system can be written as follows:

M (q) q̈ + c (q, q̇) + g (q) = τ. (1.4)

Here, q ∈ Rn is the vector of generalised positions — the joint angles or dis-

placements of the joints in the rigid body model. The parameter n, which

describes the number of unconstrained joint axes, is known as the number of

degrees of freedom of the system. On the left hand side, M is known as the
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Implicit Time Dependence

The variables in the equations of multibody dynamics either explicitly
depend on time (q) or are functions of these variables (M,c,g). Moving
forward, we will continue to avoid explicitly expressing time dependence
in our dynamics equations so as keep the equations uncluttered, but it
should be kept in mind that, for example, the joint angle vector q actu-
ally represents a time-series of joint-angle vectors, and likewise for other
parameters.

mass or inertia matrix, c is the summed contribution of non-linear terms such

as friction and Coriolis forces, while g is the force due to gravity. Finally, on

the right hand side, τ ∈ Rn is the generalised force (force or torque) acting at

each degree of freedom of the model.

1.1.3 A Simple Base-Case

Consider a human subject moving with some goal in mind. We will assume

in the first instance that we can represent the human as a rigid composition of

bodies and joints, as in the manner of rigid body dynamics, and that the goal

takes the form of a trajectory of joint angles over time. We can then phrase

the problem of the subject carrying out the desired motion as an optimisation

problem, like so:

min
τh
‖q−qd‖ , (1.5)

Mh (q) q̈ + ch (q, q̇) + gh (q) = τh + τg . (1.6)

These equations specify an optimisation problem that aims to identify the op-

timal human torques for completing a specified motion. We use the subscript h

to denote human-centric quantities, so for exampleMh denotes the mass matrix

associated with the rigid body model representing the human, while τh ∈ Rn

denotes the torques generated at the joints of the human model. So far, the

only quantity which is not human-centric is τg , which denotes the torques

generated at the joints of the model by external forces.
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Ground Reaction Forces

In most cases, τg results from the combined effects of the reaction force
between each foot and the ground, i.e.

τg = τL + τR = JᵀL fL + JᵀRfR,

where JᵀL is the transpose of the Jacobian defined at the centre of pressure
of the left foot, which maps the 6D spatial force fL on to the generalised
torque component τL, and similarly for those terms subscripted with R.

1.2 Open Problems & Assumptions

At this point, we can consider the task of modifying or adding to the optimisa-

tion problem outlined in the previous section so as to model the assistance of

a robotic agent, i.e an exoskeleton. However, in its current form, this system

of equations contains a number of implicit assumptions pertaining to human

locomotion that ultimately prove problematic.

1.2.1 Incorporating Exoskeleton Assistance

Consider the problem of assisting the subject to achieve the goal via the means

of an attached powered exoskeleton. Adding a device to the system has two

main effects:

1. The motion of the human is affected by the inertia of the exoskeleton.

2. The motors of the exoskeleton apply additional external forces, via some

sort of attachment to the human.

The above effects each result in modifications to the optimisation problem,

which we must ensure are dynamically accurate while remaining computa-

tionally efficient to solve.

1.2.2 Musculoskeletal Dynamics

So far, we have presented our optimisation problem in joint-space, essentially

assuming the presence of ideal torque actuators at each joint of our rigid-body
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model. Human motion, however, is driven by the action of muscle-tendon

units, often referred to as MTU’s. There are two compelling reasons to analyse

human motion at the scale of muscles:

1. Muscles can influence the motion of all the joints that they cross - which,

crucially, can be more than one. Muscles which cross two joints are

known as bi-articular; such muscles induce a coupling between joints that

is not present in the joint-space formulation, but is important to consider

for accurate simulations.

2. We gain a much greater level of insight in to the dynamics of human

motion, which is made more realistic through use of appropriate muscle

parameters, ascertained through decades of research in to human muscle

physiology.

Given these points, an exoskeleton control problem should likely be at least

partly based in the muscle-space of motion, rather than the joint-space formula-

tion presented thus far.

1.2.3 Optimisation Criteria

The objective function for our base-case optimisation problem is a simple min-

imisation of trajectory error. However, humans can exhibit significant vari-

ation in kinematic trajectories depending on the current walking context [12].

Humans walking in normal environments may indeed seek to optimise cost

of transport, whereas humans walking in unsafe environments (e.g. on an icy

surface) may instead optimise more for stability, increasing muscle stiffness at

the cost of energy efficiency.

Previous works suggests that, in general, human locomotion is optimised

for energy efficiency and stability [14] rather than adherence to kinematic tra-

jectories. Given this, it is important to identify metrics for use in the objective

function of our optimisation problem which can either explicitly or implicitly

work towards the same goal.
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1.2.4 The Shared Control Problem

In Equation (1.6), the exoskeleton contribution τe and human contribution τh
are assumed to be independent components of the generalised net force vector.

However, it is both intuitive and suggested by the literature [20] that humans

adapt their own behaviour (muscle activations, in this case) in response to ex-

ternal physical stimuli, more so than what is predicted by dynamics alone2.

This can quickly lead to a chicken and egg type problem: exoskeleton torques

are prescribed assuming certain muscle activations, which induces an unex-

pected change in muscle activation, so the applied torques must be adjusted,

which again induces an unexpected change in muscle activation, and so on

ad infinitum. The human and exoskeleton agents can be considered to share
control over the combined human-exoskeleton system. To apply exoskeleton

torques in a way that benefits the human-exoskeleton system as a whole, we

must be able to predict or learn how human behaviour will change according

to the applied magnitude and form of exoskeleton assistance.

In exoskeleton-asssisted locomotion, the shared control problem only sur-

faces when the human agent can exert some control over system behaviour, i.e

τh , 0. A sub-class of exoskeletons exist which are designed to compensate for

a complete lack of muscle activity in one or more muscle groups, i.e. those de-

signed for quadriplegic or paraplegic patients [21, 22]. In some sense, the lack

of human contribution in this subcase simplifies our optimisation formulation

as the influence of uncertainty due to the shared control problem is reduced.

However, in these cases the burden of system stability lies entirely with the

exoskeleton, and so typically such devices are designed with a preference for

stiff, position-based control systems [2, 22].

In this thesis, our aim is to produce a framework that can optimise human-

exoskeleton motion on the musculoskeletal level, and so moving forward we

will assume that there is a measurable human contribution to the net torque

vector, i.e τh , 0. Note that under this assumption our methods are still widely

applicable to those with significant muscle weakness due to injury or gait

pathologies, as well as those with healthy gait patterns.

2Indeed, in [20] healthy subjects were observed to exhibit increased activation of leg
muscles in response to exoskeleton assistance, despite expectations to the contrary.
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1.3 Thesis Structure

Our findings from the previous section can be summarised in the form of three

open questions in the field of model-based exoskeleton control.

1. How can we effectively model the dynamic interaction between a human

and an attached exoskeleton on a musculoskeletal level?

2. What is the appropriate objective function to optimise for to ensure the

resultant exoskeleton-assisted motion is both stable and energetically ef-

ficient?

3. How can we model or otherwise account for the effects of shared control

on underlying neuromuscular control strategies?

It is the answers to these three questions which make up the primary contri-

butions of this thesis.

To begin, Chapter 2 provides an overview of modern techniques in experi-

mental gait analysis. Much of the analysis presented in the thesis is based on

collected human motion data, and so it is worthwhile to outline the hardware

and data processing details in full. Next, Chapter 3 discusses approaches for

modelling human-exoskeleton systems. In addition, methods for modelling

human-exoskeleton interaction forces are presented and compared. Chapter 4

introduces a formalisation of the concept of gait metrics, for use in the object-

ive function of the exoskeleton control problem, and presents an analysis of

the invariance properties of a range of commonly used gait metrics within the

wider biomechanics literature. In Chapter 5, a framework is presented for op-

timising exoskeleton control & design parameters online using experimental

data. Then, an application of this framework is presented in the space of op-

timising exoskeleton design parameters. In Chapter 6, a further application is

presented in the space of optimising exoskeleton assistance strategies. Finally,

the contributions of this thesis are summarised in Chapter 7, and possible fu-

ture research directions are discussed.

1.3.1 Original Contributions

This thesis adapts material from a number of publications by the author:
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1. Gordon, D.F.N., Henderson, G. and Vijayakumar, S., 2018. Effectively

quantifying the performance of lower-limb exoskeletons over a range of

walking conditions. Frontiers in Robotics and AI, 5, p.61.

2. Gordon, D.F., Matsubara, T., Noda, T., Teramae, T., Morimoto, J. and

Vijayakumar, S., 2018, August. Bayesian optimisation of exoskeleton

design parameters. In 2018 7th IEEE International Conference on Bio-

medical Robotics and Biomechatronics (Biorob) (pp. 653-658). IEEE.

3. Henderson, G., Gordon, D. and Vijayakumar, S., 2017, December. Identi-

fying invariant gait metrics for exoskeleton assistance. In 2017 IEEE In-

ternational Conference on Robotics and Biomimetics (ROBIO) (pp. 520-

526). IEEE.

In particular, parts of Chapter 3 are based on work from (1), parts of Chapter

4 are based on work from (1) and (3), and parts of Chapter 5 are based on

content from (2). The content of Chapter 6 is currently undergoing the journal

submission process.





Chapter 2
Experimental Gait Analysis

Exoskeletons and prosthetic limbs have made great strides in becoming more

power efficient, comfortable, and lighter [1]. However, it is only relatively

recently that exoskeleton hardware has been shown to have the ability to sub-

stantially reduce the energetic cost of walking [17], and even then only in a

laboratory setting3. This makes clear the complexity of exoskeleton-assisted

locomotion — and shows that if we wish to assist gait, we must first under-

stand it. For this reason, gait analysis is a crucial tool; both for increasing our

understanding of human locomotion in general, but also for gaining detailed

insights in to individual gait patterns, which may differ greatly from group

3These results were achieved using human-in-the-loop optimisation — a technique which
we will discuss in Chapter 5.

11
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Figure 2.1: A subject
walking in the Gait Lab
at The University of
Edinburgh. Equipment
shown includes a Vicon
motion capture system,
Motek Medical tread-
mill, active pelvis or-
thosis, and respiratory
gas analysis device.

means, especially in the case of pathological gait. Many techniques exist for

studying human gait patterns. In this chapter, we provide a broad overview of

four common methods.

The original contributions presented in this thesis involved significant col-

lection of motion data. Largely, this data collection took place at The Univer-

sity of Edinburgh, where over several years a state-of-the-art gait analysis lab

has been assembled. The lab (Figure 2.1) features a powerful gait simulation

platform, detailed motion capture equipment, physiological evaluation capab-

ilities, and state-of-the-art exoskeleton hardware — thus providing a detailed

view in to exoskeleton-assisted locomotion. The remaining data was collected

in collaboration with ATR at their research facility in Kyoto, Japan. In each of

the following sections, as well as providing an overview of gait analysis tech-

niques, we provide a detailed account of the specific experimental hardware

used.

The final consideration of this chapter is the topic of processing raw mo-

tion data. This is an important step in producing usable information from

what are often noisy data sources. So as to increase the replicability of the ex-

periments and results discussed within this thesis, the various data processing

steps taken are outlined in detail in the subsequent sections. These methods

were implemented in the custom Motion Data Processing MATLAB toolbox4,

designed to enable efficient processing of experimental motion data.

4https://github.com/DanielFNG/motion-data-processing

https://github.com/DanielFNG/motion-data-processing
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2.1 Motion Capture

Motion capture is, in a general sense, the process of recording movement. Typ-

ically, this is done with the intent of later analysing or reconstructing the recor-

ded motion in detail, so although the history of the field begins with mathem-

atical analyses of still images [23] and the animation technique of rotoscoping

[24], modern techniques are based on high precision, digital technologies. The

scope for use of motion capture technology is vast, with a range of applications

in fields such as clinical gait analysis [25], sports science [26] and character an-

imation [27].

The most widespread motion capture systems are optical in nature, and use

high-precision cameras to track the positions of experimental markers which

are affixed to the object or subject to be tracked [28]. These markers can be

active, in which case they emit infrared light which is received by the sur-

rounding cameras, or passive, in which case they are designed to easily reflect

infrared light emitted by the cameras themselves [29]. Active systems enable

easy automatic labelling of markers, while passive systems rely on a combin-

ation of well designed labelling skeletons and manual post-capture clean-up

of data. In either type of system, the output is the position in space of the ex-

perimental marker set over time, i.e a set of time-indexed marker trajectories

which we can write as the following matrix

P =


p11 p12 . . . p1m

p21 p22 . . . p2m
...

...
. . .

...

pt1 pt2 . . . ptm


, (2.1)

where pij =
(
xij , yij , zij

)
∈ R

3 is the 3D position of the jth marker in the ex-

perimental marker set as measured at the ith timestep of the recorded motion,

relative to the origin of the motion capture system, which is set during calib-

ration. Typically motion capture systems operate at a fixed frequency, so the

above matrix corresponds to data collected over t frames usingm experimental

markers.

In Figure 2.2, a subject is shown wearing a set of reflective markers, along-
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Figure 2.2: A subject wearing markers (left), and the corresponding recon-
struction of the markers in the Vicon Nexus software (right).

side the digitally represented markers and connecting skeleton constructed by

the motion capture software. For gait analysis, a common means of utilising

the output data is via direct kinematics, whereby placing markers at known

and fixed locations on the human body can directly infer joint centre locations

and joint angles during motion [30]. Another method is to fit the movement of

the experimental markers to a model of the system being studied. This is a key

component of musculoskeletal modelling, which is a concept we will return to

in Chapter 3.

Marker-free methods for motion capture are available [31] and an active

area of research, though they do not currently match the accuracy or reliab-

ility of marker-based systems [32–34]. The most prevalent alternatives to op-

tical motion capture are inertial systems [35]. This approach utilises inertial

measurement units to approximate the joint angles of a biomechanical model

customised to suit each participant. There are advantages and disadvantages

to either type of motion capture: camera-based systems require clear open

spaces or many cameras to ensure object occlusion is not problematic, and by

their nature are restricted to a fixed capture volume covered by the cameras;

meanwhile, inertial system suffer from measurements drifting over time, but

are typically much more mobile.
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Data Synchronisation

The frequencies listed in Sections 2.1.1 — 2.4.1 are the default sampling
rates associated with each device. However, as of 2019 a Vicon Lock+ syn-
chronisation box/ADC was used to directly interface with the analogue
data measured in the gait lab (i.e. GRF data and EMG signals). All data
measured via the Vicon Lock+ box was sampled at a rate of 1000Hz. Prior
to this upgrade, synchronisation was handled by triggering data recording
via an external phidget board with a known delay.

2.1.1 Hardware

Experimental marker trajectories collected during this thesis were captured at

a frequency of 100Hz using a passive optical motion capture system5. Initially,

the system contained 6 cameras, but was upgraded to a 10-camera system in

2019. The capture volume is centred on the walking area so as to easily capture

gait patterns. The collected data consists of 3D position data for each marker

attached to the subject (see Equation (2.1)).

A custom marker set was designed to carry out gait analysis with a partic-

ular focus on lower limb movements. This was adapted from the Cleveland

marker set and consisted of 32 markers: 12 placed as rigid clusters to track

thigh and shank movements, and 21 placed at bony landmarks on the human

body [12, 36]. In Figure 2.3, we list the names associated to each marker and

mark the locations on a reference subject.

Notably, our custom marker set represents the upper body using only three

markers located on the chest and shoulders, and therefore the movements of

the arms and hands were ignored during our experiments. This choice allowed

for more markers (and hence resolution) to be focused on body parts which

are more strongly linked to locomotion e.g. the feet, legs & pelvis, while still

allowing upper-body movement to be approximated as that of the torso. This

choice of marker placement is common when considering healthy human gait

driven by lower-body movements [37], especially if computationally intensive

analysis techniques are to be used [38].

5Vicon, Oxford, UK.
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1 R. Acromium
2 L. Acromium
3 Clavicle
4 V. Sacral
5 R. ASIS
6 L. ASIS
7 R. Thigh Upper
8 R. Thigh Medial
9 R. Thigh Lateral

10 L. Thigh Upper
11 L. Thigh Medial
12 L. Thigh Lateral
13 R. Knee Medial
14 R. Knee Lateral
15 L. Knee Medial
16 L. Knee Lateral
17 R. Shank Upper
18 R. Shank Medial
19 R. Shank Lateral
20 L. Shank Upper
21 L. Shank Medial
22 L. Shank Lateral
23 R. Ankle Medial
24 R. Ankle Lateral
25 L. Ankle Medial
26 L. Ankle Lateral
27 R. MTP1
28 R. MTP5
29 R. Heel
30 L. MTP1
31 L. MTP5
32 L. Heel

Figure 2.3: A graphical depiction of the gait analysis marker set.

2.1.2 Data Processing

Due to the occurrence of occlusions during data collection, marker trajector-

ies typically contain ‘gaps’ which must be filled in order for the data to be

useful for motion reconstruction. The Vicon Nexus software supports a num-

ber of gap-filling routines as standard, including spline, cyclic and rigid-body

methods [39]. Spline filling is suitable for small, isolated gaps; cyclic fill is

suitable when capturing repetitive data (e.g. gait cycles on a treadmill) and

gaps are present in relatively few gait cycles; while rigid-body filling is ap-

propriate for markers placed on inflexible surfaces (e.g. the thigh and shank
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The OpenSim Co-ordinate System

OpenSim uses a right-handed coordinate system defined relative to the
motion of the subject under investigation. From the perspective of a sub-
ject walking in the capture volume, the x axis is pointed forwards, the
y axis is directed upwards, and the z direction is to the right. For con-
sistency and ease of analysis, data presented throughout this thesis uses
OpenSim coordinates where appropriate.

cluster markers pictured in Figure 2.3). The first and most time consuming

step of processing marker data is to use an appropriate combination of these

gap filling algorithms to correct for any gaps present in the raw data6.

Once gaps are removed, the next step is to remove high frequency noise

in the data which results from errors in camera calibration. This presents

as a jitter in the recorded trajectories which can be removed by low-pass fil-

tering with a Butterworth filter. More specifically, all marker data presented

throughout this thesis has undergone low-pass filtering with a 6Hz, 4th order,

zero-lag Butterworth filter [12]. Then, the resultant gap-filled and filtered data

is exported as a TRC file for use with the OpenSim software package [40]. Be-

fore motion reconstruction takes place, the data is converted to the OpenSim

coordinate system via multiplication with a suitable rotation matrix. The ori-

entation of the Vicon coordinate system relative to the OpenSim coordinate

system is shown in Figure 2.4.

In summary, the post-collection data processing procedure for marker data

is as follows:

1. Fill gaps present in the collected data;

2. Filter marker trajectories using a 6 Hz Butterworth filter;

3. Transform to OpenSim coordinate system.

4. Export to an OpenSim readable format.

6A Vicon system with sufficient coverage of the capture volume and a good (recent) camera
calibration leads to fewer gaps which are therefore easier to fill.
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OpenSim Vicon Treadmill

Figure 2.4: The OpenSim, Vicon and Treadmill coordinate systems. In each
case the red, green and blue arrows correspond to the forward, upwards and
right directions, respectively, from the point of view of the subject.

In Figure 2.5, we show the result of the marker processing procedure on a

sample of Vicon data collected in the gait lab.

2.2 Force Analysis

While motion capture alone can inform us of the kinematics of motion, to as-

sess the dynamics of motion – joint torques or muscle forces, for example –

we must also consider the action of external forces. In general such forces

can arise from a number of sources: gravity, which is of course always act-

ing, but can be easily modelled; external disturbances (e.g. pushes), which

may necessitate an active balancing or push recovery response; or even a pa-

tient utilising a support rail during a rehabilitation program, thus distributing

their weight over multiple contact points. As this thesis is focused particularly

on locomotion, we will focus on the measurement of forces occurring due to

interaction between the feet and the ground.

For each foot in contact with the ground, a person experiences a ground re-

action force (GRF), equal and opposite in direction to the force exerted by the

person on the ground due to gravity and forces of acceleration (Figure 2.6).

The vertical component of the ground reaction force is due to gravity, while

the horizontal components act due to friction between the foot and the ground

surface. On flat ground, shear forces in the horizontal plane introduce a twist-
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Figure 2.5: Raw (blue,
solid) & processed (red,
dashed) samples of marker
data.

ing torque about the vertical axis. We will express ground reaction forces as

6D vectors by concatenating the force and torque components, e.g.

fg =
(
fx, fy , fz,0,Ty ,0

)
∈R6, (2.2)

where here we have assumed that the vertical axis is in the y direction. Twists

in other directions could be introduced if vertical shear forces were present

e.g. when walking on unstable ground, however we will not cover this case

here. The point of action of a ground reaction force is known as its centre of

pressure,

cp =
(
cx, cy , cz

)
∈R3, (2.3)

which naturally varies in its location along the foot over the course of a gait

pattern.

Ground reaction forces are most commonly measured using force plates.

These devices used load cells to convert forces applied to the plate in to voltage

changes which can be measured and reinterpreted as force data using the ap-

propriate calibration information [41]. A number of competing force plate

technologies exist which may differ in the types of load cell used or number of

sensors [42, 43].

An alternative to force plates are pressure sensitive insoles [44]. These

devices are worn in-shoe, and can measure the distribution of pressure over

the sole of the foot [45]. Pressure insoles can prove useful when an increased
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Figure 2.6: Dia-
gram depicting the
composition of the
ground reaction
force vector meas-
ured via a pair of
force plates. In
this example, only
the right foot is in
contact with the
ground.

level of mobility is required e.g for use in tandem with a mobile exoskeleton or

as part of a commercial prosthesis package. However, they cannot yet provide

data which is as accurate or complete as force plate data [46], and therefore

force plates remain the preferred measurement tool within laboratory and

other research settings.

2.2.1 Hardware

Ground reaction force data was collected using the M-Gait7, a split-belt tread-

mill with integrated force plates. In addition to allowing for coupled or inde-

pendent control of belt speed, the treadmill allows for dynamic alterations to

pitch & sway, even during operation. This allows for a high degree of flexibility

in terms of simulating gait patterns, for example:

• normal gait on flat ground at a steady speed;

• pathological gait, using a slower speed on one belt to simulate a limp;

• walking on uneven terrain, by dynamically modulating the treadmill

pitch.

The integrated force plates can measure the 3 dimensional force and mo-

ment experienced at the origin of each plate, i.e. F = (Fx,Fy ,Fz) and M =

(Mx,My ,Mz). These values are updated at a framerate of 600Hz.

7Motek Medical B.V., Amsterdam, Netherlands.
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2.2.2 Data Processing

The data collected output by the Motek Medical treadmill internally under-

goes a conversion from voltages to force measurements using an internal cal-

ibration matrix, meaning the quantities we consider raw are the unfiltered

ground reaction forces and moments acting on each plate8. The first pro-

cessing step is to orientate the data in the OpenSim coordinate system (see

Figure 2.4), after which the inclination of the treadmill is used to determine

the appropriate level of gravity compensation. This is an important step; if the

treadmill is set at an incline while recording, i.e to simulate walking up a hill,

the mass of the system itself affects the ground reaction force measurements

and must be filtered out to isolate the true GRF vector. This process involves

the use of a gravity compensation matrix which was determined manually for

our treadmill system9. Next, the GRF data is filtered using a 6Hz, 4th order,

zero-lag Butterworth filter [12], and clipped when the measured vertical force

falls below 40N.

Once these initial processing steps are complete, the centre of pressure and

torque measurements are calculated. For a given force plate p, given 3D force

and moment vectors f = (fx, fy , fz) and m = (mx,my ,mz), we have:

c = (
mz
fy

+ dpx ,d
p
y ,
−mx
fy

+ dpz ), (2.4)

where c is the centre of pressure vector and dp = (dpx ,d
p
y ,d

p
z ) is the displacement

between the origin of the force plate p and the global origin. In this case the

global origin corresponds to the treadmill origin, which is at a fixed distance

of 0.25m from the centre of either force plate, i.e. dl = (0,0,−0.25) and dr =

(0,0,0.25), where l and r denote the left and right force plate, respectively,

from the point of view of the subject. Next, to compute the torques T we have

T = (0,my − czfx + cxfz,0). (2.5)

8The treadmill also reports centre of pressure values directly, however computing these
quantities from filtered data results in significantly less noise.

9A similar process would have to be run if another treadmill was used. A simple zeroing
process could be used in lieu of determining a gravity compensation matrix if the treadmill
remains at a fixed angle throughout an experiment, however this is not always the case.
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Figure 2.7: Raw & pro-
cessed samples of GRF
data. We show the pro-
cessed force components
in solid colours and the
raw data greater transpar-
ency. For ease of com-
parison we show the raw
data transformed to the
OpenSim reference frame.
This data corresponds to
3 − 4 gait cycles collec-
ted during steady walking
with no incline.

Once both the centre of pressure and torques have been computed, we rotate

the ground reaction forces to match the tilt of the treadmill. To summarise,

the post-collection data processing procedure for ground reaction force data is

as follows:

1. Transform to OpenSim coordinate system.

2. Perform gravity compensation.

3. Filter using a 6 Hz Butterworth filter.

4. Threshold based on the vertical GRF component (fy > 40N).

5. Compute centre of pressure and torque vectors.

6. Rotate GRFs to match treadmill inclination.

7. Export to an OpenSim readable format.

In Figure 2.7, we show the result of the GRF processing procedure on a sample

of treadmill data collected in the gait lab.

2.3 Electromyography

Electromyography is the process of measuring the electrical activity of muscles.

The signals resulting from this technique are called electromyograms, however
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they are most often described in abbreviated form as EMG signals. Typically

measurement of EMG signals occurs via electrodes which interface with the

muscles of interest, and a grounded electrode which provides a voltage dif-

ferential. These electrodes are either placed on the skin covering the muscle

to be studied, in which case the methodology and signals are termed surface

EMG, or they are inserted directly in to the muscles, which is known as in-

tramuscular EMG. Surface EMG data is noisy and typically only works well

for muscles which are close to the surface of the skin. Intramuscular EMG

achieves a cleaner signal and can target deeper muscles, but requires invasive

surgery to insert the electrodes [47].

EMG signals can provide an approximation to the level of activation ex-

perienced by a muscle, which in turn is related to the magnitude of force that

muscle is currently producing. They have been used widely in fields involving

human movement: for example, quantifying muscle behaviours during gait

at various speeds [48–50]; sensors for classification of intended movements in

the control algorithms of upper-limb prostheses [51]; and as a feedback mech-

anism for exoskeleton controllers intended to minimise human effort [52].

2.3.1 Hardware

At the ATR Lab in Kyoto, Japan, a custom EMG sensing kit was used which

comprised two electrodes and a battery pack wired in to a microcontroller

(Figure 2.8a). A third adhesive electrode was affixed to the elbow bone so as

to provide a reference zero voltage and ground the incoming EMG signals.

Signals were recorded at a frequency of 150Hz.

At the Edinburgh Centre for Robotics, a more advanced wireless EMG sens-

ing kit known as a Trigno Avanti system10 (Figure 2.8b) was used, consisting

of a base station together with a set of 16 wireless sensors with EMG elec-

trodes and inbuilt IMU sensing. The base station was integrated with the Vicon

Lock+ box enabling synchronised measurement of up to 16 EMG channels at

1000Hz.

10Delsys, Massachusetts, USA.
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(a) (b)

Figure 2.8: (a) The custom EMG sensor kit at the ATR lab. (b) The Delsys
Trigno EMG system in use at the University of Edinburgh gait lab. The image
shows the base station as well as two electrodes.

2.3.2 Data Processing

In this thesis, EMG sensors are used to obtain an estimate of the effort expen-

ded by a muscle, or the subject as a whole, in response to some form of robotic

assistance. We are significantly more interested in the moving average of the

EMG signal rather than the timing of muscle activations. Therefore, our EMG

signal processing is focused on smoothing the raw data to produce the linear

envelope of the signal.

First, low and high frequency noise is removed from the signal via band-

pass filtering. Low frequency noise can occur due to perspiration or gradual

movement of the sensors, while some level of high frequency noise appears

due to ambient EM radiation and the electronics within the electrodes them-

selves [53]. The exact values of lower and upper frequency cut-offs are muscle

dependent, but should lie within the range [5,300]. Next, the resultant sig-

nal is rectified in order to ensure a strictly positive waveform. Finally, we

again filter the data - this time with a low pass filter at 6 Hz - to produce the

smoothed shape, traditionally termed the linear envelope of the signal. Note

that the rectification step is required as EMG signals are naturally zero-mean,

and without this step our smoothed signals would cancel out to the line y = 0

[54, 55].

To summarise, the sequence of processing steps involved in our analysis of

EMG signals is as follows:
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Figure 2.9: Raw & pro-
cessed samples of EMG
data. We show the pro-
gress from raw EMG data
to the linear envelopes via
filtering, rectification, and
re-filtering. This data cor-
responds to 2−3 gait cycles
collected from the ham-
strings during steady walk-
ing with no incline.

1. Band-pass filtering of the signal with a zero-lag, 2nd order Butterworth

filter and muscle-appropriate lower & upper threshold frequencies.

2. Rectification of the signal.

3. Low-pass filtering of the rectified signal with a zero-lag, 2nd order But-

terworth filter at a frequency of 6Hz.

In Figure 2.9, we show the result of the EMG processing procedure on a sample

of data collected in the gait lab.

2.4 Calorimetry

Humans without gait pathologies are able to optimise their gait pattern over a

range of speeds in order to reduce the energetic cost of walking [14]. Increas-

ingly, exoskeletons and other assistive robotic devices are being developed to

impart this ability, via mechanical means, to those with gait pathologies or

muscle weakness, or indeed to further improve the energy efficiency of lo-

comotion in healthy people. Commonly, when assessing the efficacy of such

devices, energy consumption is quantified via the use of indirect calorimetry.

Indirect calorimetry is a method for estimating the amount of energy con-

sumed by the human body over time. To do this, the rate of oxygen consumed

by the body is measured and converted in to metabolic rate. One commonly
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Figure 2.10: A sub-
ject wearing the Cortex
Metamax 3BR2 portable
calorimetry system.

used approximation is the following relationship from Brockway [56]:

Ve =
4.184

60
(3.972 + 1.078R)V̇ O2, (2.6)

where R is the respiratory exchange ratio (CO2 production/O2 uptake), and

V̇ O2 is the mean relative oxygen uptake measured in ml/min/kg, meaning Ve
has units of W/kg. Note that here we have used a subscript to denote exper-

imentally measured metabolic rate, which we will consider to be an approx-

imation to the ground truth metabolic rate V , which describes rate of energy

consumption per unit mass.

There are a number of methods for performing indirect calorimetry which

vary in levels of confinement — from fully enclosed to open-circuit systems

[57]. The most portable systems are wearable devices which compare breath-

by-breath measurements of exhaled gases to a reference gas of known compos-

ition. Such systems may be less accurate than stationary calorimetry devices,

but offer an increase in mobility which is invaluable for sports science [58] or

testing other wearable devices such as exoskeletons [59].

2.4.1 Hardware

Calorimetry measurements were recorded using a Cortex Metamax 3BR2 sys-

tem11. This device (Figure 2.10) consists of a facemask connected to a base

11Cortex, Leipzig, Germany.
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station, worn on the chest, which communicates wirelessly with PC software.

Rather than recording data at a fixed frequency, quantities of interest are meas-

ured on a breath-by-breath basis. For our purposes, where our interest lies in

approximating metabolic rate via Equation (2.6), the useful quantities were

oxygen uptake (V̇ O2) and respiratory exchange ratio (R). Prior to usage the

calorimetry system was calibrated against gases of known composition.

2.4.2 Data Processing

As illustrated in Figure 2.11, calorimetry measurements are typically noisy

and low frequency, with portable systems taking measurements on a breath-

by-breath basis. In addition, there is a significant lag between instantaneous

energy usage and the metabolic rate measured via calorimetry, due to various

delays in the biomechanical processes underpinning energy production [60].

Consequently, common methods for approximating metabolic cost via calor-

imetry inevitably require long measurement times. Under the most widely

used approach, termed steady-state approximation, a fixed amount of time is

allowed for physiological acclimatisation after every change in walking con-

Figure 2.11: Raw & processed samples of calorimetry data. Here, we show
data collected during assisted walking; each cross corresponds to data from a
single breath, At a time of 2200s, the exoskeleton assistance mode is changed,
inducing a reduction in the mean metabolic cost of walking by the end of the 6
minute measurement period. Note the high variance present in the raw data.
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Combined Data Processing

After the data-specific processing steps outlined in Sections 2.1.2 - 2.4.2, a
number of combined processing steps can be required depending on how
the gait data will be used. These steps include:

1. Synchronisation — correcting for time delays in one or more data
streams. This is a simple but nevertheless important process; partic-
ularly with marker and GRF data, where small temporal offsets can
lead to large errors in joint torque estimation.

2. Speed compensation — accounting for any relative motion within the
laboratory reference frame. Here, this is exclusively used to correct
for the motion of the treadmill belts, which is important when con-
sidering certain aspects of gait such as centre of mass movement.

3. Gait segmentation — splitting gait data in to discrete elements
termed gait cycles. Typically, a full gait cycle is defined as the period
between consecutive heel strikes of the same foot. The concept of
gait cycles will be discussed in more detail in Chapter 4.

These combined processing methods are implemented in the Motion Data
Processing toolbox (see Footnote 4).

dition. After this period, the subject is assumed to be in a steady state of O2

production. Then, additional data is collected and averaged to produce the

steady state approximation of metabolic cost. Typical collection times are not

less than 3 minutes for the acclimatisation phase and 2 minutes or greater for

the data collection phase [9, 61, 62]. In this thesis we use a collection period

composed of 4 minutes for acclimatisation and 2 minutes for collecting meas-

urement data. The calculation of steady-state metabolic cost from raw breath-

by-breath measurements is illustrated in Figure 2.11.

2.5 The Active Pelvis Orthosis

The Active Pelvis Orthosis (APO) is a rigid pelvis exoskeleton which is de-

signed to offer flexion and extension assistance at the hip joint during walk-

ing [63]. It was developed at The BioRobotics Institute of Scuola Superi-
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Figure 2.12: A series of closeup images of the APO illustrating the various
components which comprise the device. Labels indicate the position of the
orthotic shells, fastening straps, and the three main components of the exo-
skeleton itself: the backpack, actuator housings, and carbon fibre lateral arms.

ore Sant’Anna (Pisa, Italy); the technology is currently licensed to IUVO Srl

(http://www.iuvo.company, Pontdera, Italy). The version of the APO used in

this study is an evolution of an earlier design [63], which is now fully portable

featuring an on-board battery with a total mass of 6.8kg.

The physical structure of the APO consists of a backpack segment, which

houses the battery and internal electronics; housings for the actuation units;

two carbon fibre lateral arms which contain a 4-bar power transfer mechan-

ism [64]; and two carbon fibre links which interface directly with the human

thighs. Two orthotic shells attached to the backpack help to distribute the

weight from the device evenly over the subject. The exoskeleton is secured to

the wearer via a series of straps: one securing each thigh to the corresponding

carbon fibre link, two straps securing the shoulders to the upper orthotic shell,

and two further straps which secure the lower orthotic shell to the pelvis. The

components of the APO are labelled for reference in Figure 2.12.

The APO is driven by two series elastic actuation units which drive flex-

ion and extension assistance on either side of the device [63]. Each actuator

contains a 100 W DC motor in series with torsional spring of stiffness 100

Nm/rad. A harmonic drive and 4-bar mechanism are used for gear reduction

and power transmission, respectively. More detail on the actuation system is
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Table 2.1: APO Technical Specifications

Mass (kg)
Torque Limits (Nm) Joint Limits (◦)

Hardware Software Hardware Software

6.8 ±35 ±15 [−27◦, 108◦] [−25◦,85◦]

provided by Giovacchini et al. [63]. Each actuation unit contains an absolute

encoder, which measures the angle of each hip, as well as an incremental en-

coder which measures the deflection of the torsional spring, which is used in

combination with the known spring stiffness to compute the torque at each

joint. The APO is capable of producing a peak torque of 35 Nm [63], however

for safe and consistent operation a limit of 15 Nm of peak torque is recommen-

ded [64]. In our work, we found a limit of 10 Nm more suitable to maintain

consistent operation of the device. The exoskeleton is controlled via a software

interface built in LabView which allows access to a low-level torque controller

[63]. The absolute limits for extension and flexion angle of the carbon fibre

links are −27◦ and 108◦, respectively. However, software limits are in place to

limit the range of motion to [−20◦,85◦] in practice for purposes of safety. The

technical specifications of the APO provided in this section are summarised in

Table 2.1 for ease of reference.

The torque sensing capabilities of the APO are used to enable a low-level

torque controller which tracks desired torques, τdes, using PID control. The

device also supports a number of high-level control modes by default, two of

which were used extensively throughout this work. These control modes are

described next.

2.5.1 Transparent Mode

In this mode, the APO is commanded via the low-level torque controller to

apply zero torque [63]; that is, we specify τdes = 0. This causes the device

to account for its own natural joint resistance, and provide neither assistance

nor resistance to the wearer [65]. Data collected from subjects experiencing

this control mode is used to quantify the effect of device inertia on gait, inde-

pendent of the effects of assistance, and so this control mode serves as a good
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baseline for the evaluation of APO-assisted locomotion.

2.5.2 Adaptive Oscillator Mode

This mode is designed to provide assistance to drive the wearer naturally to-

wards their intended future joint angle. The APO applies an assistive torque

according to the following relationship:

τdes = Kν(θ(φ+∆φ)−θ(φ)), (2.7)

whereKν and ∆φ are tuneable parameters known as virtual stiffness and phase

lead, respectively, φ is the current phase of the gait cycle, and θ is a function

which translates current phase in to an approximation of the current hip joint

angle [63]. In other words, this control scheme applies torques proportional to

the difference between current and future joint angles, where the future angle

is determined by the phase lead, and the difference is scaled by the selected

virtual stiffness. Key to this control mode is the concept of adaptive oscillators

[66], which are in general used to provide a zero-delay estimates of periodic

signals. In this context, adaptive oscillators are used to track and predict the

current phase of the gait cycle based on the periodicity characteristics of the

hip joint angle measurements [63].

2.6 The XoR Exoskeleton

The XoR, pictured in Figure 2.13, is a powerful lower-body exoskeleton robot

developed by ATR in Kyoto, Japan. The XoR has 14 joints in total, of which

6 are actuated (the hip, knee and ankle flexion degrees of freedom). These

joints are powered via a hybrid actuation system involving both DC motors

and pneumatic artificial muscle (PAM) actuators [67]. Depending on whether

the PAM system is in use, which requires additional valves to be fitted, the

device weighs between 20 and 25 kilograms. In terms of sensing, the XoR

features position encoders at each actuated degree of freedom. The technical

specifications of the XoR are summarised for reference in Table 2.2.

The XoR is somewhat unique in that it features a degree of customisability

in its design. More specifically, it features 4 adjustable cuffs which attach to
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Figure 2.13: Left:
the XoR exoskeleton.
Right: a snapshot
during a data capture.
A subject is wearing
the XoR while walking
on a treadmill, with
a monitor providing
visual feedback so the
subject can attempt
to track the reference
trajectory.

Figure 2.14: A close-up
view of the thigh and
shank cuffs on the XoR.
Each cuff can be ad-
justed vertically on the
shaft to which it is at-
tached.

Table 2.2: XoR Technical Specifications

Mass (kg)
Torque Limits (Nm) Joint Limits (◦)

Hip Knee Ankle Hip Knee Ankle

20 ±60 [−60, 20] ±37 [−120, 30] [0, 120] [−60, 40]

the left/right thigh and shank of the user, providing a structural link between

the human and robotic systems (see Figure 2.14).

For the investigation presented in this thesis, a simple PD controller was

implemented as an assistance controller for the XoR. Reference trajectories

were collected from the subject walking at a steady pace on a treadmill, using



Chapter 2. Experimental Gait Analysis 33

the on-board joint encoders. The pneumatic actuators were disabled in order

to simplify the low-level control problem, leaving only the 6 DC motors which

were limited to ±5V in order to protect the motors. Walking experiments were

undertaken on a treadmill platform with no integrated sensing.

2.7 Hardware Reference

This section is intended to act as a point of reference for the hardware used

throughout this thesis. In Table 2.3 and Table 2.4 we summarise key charac-

teristics of the motion capture equipment and exoskeleton hardware.

Table 2.3: Motion Capture Equipment Reference

Name Measurement Frequency (Hz)

Vicon System 3D position of each marker in capture volume 100

Treadmill 3D force and moment at the origin of each plate 1000 (600)

ATR EMG EMG signals (up to 2 channels) 150

Delsys Trigno EMG signals (up to 16 channels) 1000 (2000)

Frequencies listed in parentheses are those obtained when not using the Vicon Lock+ box
for synchronisation, as discussed in Section 2.1.

Table 2.4: Exoskeleton Hardware Reference

Name Joints (A) Sensing Frequency (Hz)

APO 4 (2) Position, Torque 100

XoR 14 (6) Position 100

We use (A) to denote the number of active joints i.e. those which can be actuated. For
detailed information on the APO and XoR joint and torque limits, see Table 2.1 and Table
2.2, respectively.





Chapter 3
Modelling Human-Exoskeleton
Systems

The human body can be modelled generically as a connected system of bod-

ies, joints and muscles12 [68]. Each body (for example the thigh or femur) is

described by its mass, centre of mass and inertial properties, while joints are

defined relative to the parent and child bodies which they connect. Joints can

be one-dimensional hinge joints (e.g. the ankle), three-dimensional ball-and-

socket joints (e.g. the hip), or in general could have even more complex defin-

itions (e.g. the knee). The root body is typically the pelvis, which is connected

to the ground frame by a 6 degree of freedom free joint.

Previous works have identified the appropriate anthropometry [69], joint

12Additional structures are ligaments which connect bodies (bones) together, and tendons
which attach muscles to bones.

35
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Figure 3.1: The gait2392 model, used
primarily for musculoskeletal analysis
of the lower body. The model consists
of 23 joints driven by 92 musculo-
tendon actuators.

definitions [38, 70], and muscle properties [71, 72] corresponding to the hu-

man body through simulation and comparison with experimental data. These

works were incorporated in to a specific human musculoskeletal model by

Frank C. Anderson, Scott L. Delp, Ajay Seth and Darryl Thelen, which is re-

ferred to as the gait2392 model [73] and is pictured in Figure 3.1. This is a

rigid body system, consisting of 12 bodies, 12 joints representing 23 degrees

of freedom, and 92 musculotendon actuators to drive the joints. Due to the

simplification of the upper-body in to one ‘torso’ segment, the model is inten-

ded for the modelling of human movements which are dictated primarily by

muscles in the lower extremity. The gait2392 model has been used both in

its default form as a tool for simulating human gait [74], and also as a base

on which to build customised models, such as those which can more explicitly

represent the dynamics of the upper-body [75, 76]. In theory, OpenSim models

can contain an arbitrary number of bodies and muscles, and therefore, moving

forward, we will consider a generic musculoskeletal model with n degrees of

freedom and m muscles.
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3.1 Constraining an Exoskeleton to a
Musculoskeletal Model

Implementing a fully actuated model of a human-exoskeleton system would

require a non-trivial coupling of the exoskeleton joints with the joints of the

user. Instead, we employ a strategy of splitting the exoskeleton in to two com-

ponents: bodies, which are attached to a model in such a way13 as to properly

represent the inertial properties of the full human-exoskeleton system; and

constraint forces. Note that under this approach the number of degrees of free-

dom of the human-exoskeleton system model remains unchanged from that of

the generic human model, however due to the addition of the exoskeleton as a

combination of bodies, the dynamic parameters M, b, and g will all change. In

addition, we must introduce a new component, τe ∈ Rn, which gives the sys-

tem torque due to the actuation of the exoskeleton. From the starting point of

the human-centric relationship outlined in Equation (1.6), we make a number

of modifications which results in the following system of equations:

Mc (q) q̈ + cc (q, q̇) + gc (q) = τh + τg + τe, (3.1)

τe = E (µ) . (3.2)

Note that we have changed our subscript from h to c to denote quantities which

now represent the combined human-exoskeleton system. The exoskeleton mo-

tor torques are mapped on to a generalised torque component τe by E, which

for now we leave as a generic black box function known as a force model. At

this stage, it is not obvious precisely how τe should be calculated, except as

some function of the exoskeleton motor torques.

3.2 Musculoskeletal Dynamics

In Equation (3.1), the human force contribution still implicitly depends only

on torque commands, stored in τh. To consider muscle-control within our

13Examples of suitable attachment methods include weld joints (which allow no relative
movement) for fixations which are relatively rigid, or spring-damper forces if compliant inter-
action is required.
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System Models

In this Chapter we discuss two different types of models: those describ-
ing the relationship between the bodies, joints and muscles comprising a
human or human-exoskeleton system; and those describing how the joint-
space forces due to an exoskeleton are related to its motor torques. In or-
der to clearly distinguish between types of model, those of the first type
will be described more verbosely as system models.

optimisation problem, we must introduce the following additional constraints:

τh = F
(
f0, l, l̇

)ᵀ
R (q)a, (3.3)

l̇ = C (a, l,q, q̇) , (3.4)

ȧ = A (a,ν) , (3.5)

νmin ≤ ν ≤ νmax. (3.6)

Together, Equations 3.3 - 3.6 comprise the equations of musculoskeletal dy-

namics. Them-dimensional vectors f0, l(t), a(t) and ν(t) are maximum isomet-

ric force, fibre length, muscle activation and muscle excitation, respectively.

Muscle excitations are neural commands produced by the central nervous sys-

tem, which affect the level of muscle activations according to an activation dy-
namics model, A. Muscle contraction dynamics, C, relates the rate of change of

muscle fibre length to the current state & level of activation. The force pro-

duced by each muscle is determined by its maximum isometric force, fibre

length, and shortening velocity according to the force-length-velocity surface,

F. Finally, these isometric forces are mapped on to the joint space of the

rigid-body model by the muscle moment arm, R ∈ Rn×m. The isometric force

produced by a muscle is distributed over the joints it crosses, with a relative

weighting described by R.

In practice, the OpenSim API was the primary method used throughout

this thesis to solve the equations of musculoskeletal dynamics and perform

other operations related to musculoskeletal modelling and simulation. Fur-

ther details of the tools and algorithms provided by OpenSim are provided in

Appendix A.
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3.3 The Human-APO Model

Thus far this chapter has remained agnostic to any specific exoskeleton or hu-

man musculoskeletal model. Here, we provide specific implementation de-

tails for a model of a human wearing the APO exoskeleton14, which we will

hereafter refer to as the human-APO system model. The majority of experi-

mental data presented in this thesis was collected using the APO, and there-

fore this model underpins much of the simulation-based analysis presented in

subsequent sections and chapters.

The human-APO system model consists of the joint-space version of the

gait2392 model, combined with the inertial properties of the APO. The APO

CAD files, mass, and inertia properties were supplied by the manufacturer of

the APO. To constrain the APO to the human system model three sets of weld

constraints (constraining any relative translations and rotations between two

bodies) were applied to the model: one located between the backpack and the

pelvis, and the other two between each APO link and the corresponding thigh.

The position of the weld joint connecting the pelvis and backpack is chosen so

that the system model accurately represents how the APO is worn in reality.

The position of this weld joint then determines the location of the other two,

so that the APO links and the APO group bodies meet at the appropriate point

without clipping. The generic human-APO model is calibrated for a particular

subject via a scaling step which minimises the squared error between model

markers and experimental markers from motion capture; more information

about this process is provided in Appendix A.4.

In Figure 3.2, the human-APO system model is shown, with labels illus-

trating the different APO bodies and the locations of the weld joints which

constrain the APO to the human system model.

3.4 Interaction Dynamics

In the ideal case, we can assume that the entirety of the energy (or torque)

generated at exoskeleton joints can be transferred to the human joints to which

they are attached. Under this assumption, the force model E from Equation

14A detailed description of the APO hardware can be found in Section 2.5.
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Figure 3.2: An overview of the human-APO model. The labelled components
of the model are as follows: (1) APO backpack; (2) weld constraint between
APO backpack and pelvis; (3) right motor housing; (4) right link, which inter-
faces directly with the human thigh via a weld joint (5).

(3.2) would become a simple mapping from the space of exoskeleton motor

torques to the space of human joint torques.

In practice however, perfect transmission of energy from exoskeleton to

human is not achievable. In this section, we will discuss the effects of joint

misalignment and compliance in human-exoskeleton torque transfer, as well

as corresponding modelling approaches which can help to account for these

phenomena. Results based on musculoskeletal simulations from experimental

motion data are presented, which allow for qualitative discussion of the merits

of these modelling approaches. We will focus specifically on APO-assisted

locomotion, modelled with the human-APO system model.
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3.4.1 Joint Misalignment

The problem of joint misalignment is well known when dealing with phys-

ically coupled systems e.g. humans wearing exoskeletons [77–79]. If joints

are perfectly aligned, exoskeleton forces can be modelled as equal and oppos-

ite torques applied to the relevant exoskeleton and human bodies. However,

the presence of joint misalignment results in imperfect transmission of torque

from the exoskeleton to the human user [80], ultimately resulting in reduced

torque about the human joint and the introduction of undesirable forces par-

allel to the human limb, which can cause discomfort or unintended changes to

muscle activation patterns [81].

3.4.2 Compliant Torque Transmission

Due to the presence of compliance in human-exoskeleton systems, largely due

to flexible straps and soft biological tissues, power loss occurs between the

torques generated by the exoskeleton and the torques experienced by the hu-

man subject. A relatively limited number of previous studies have investig-

Figure 3.3: A graphical representation of the APO force models for a single gait
cycle. The ideal force model (With Offsets) and compliant force model (Com-
pliant) are shown relative to the measured APO torques (No Offsets). Left: the
torque applied to the human femur as a result of the transverse force applied
by the exoskeleton. Note the delayed onset of the peaks in the compliant force
model. Right: the introduction of undesired interaction forces directed paral-
lel to the thigh. These forces are introduced due to the presence of joint offsets,
which introduce an axial component to the force vector.
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ated these interface dynamics in more detail, using a mix of kinematic and

load sensing measurement systems to estimate the visco-elastic properties of

the human-exoskeleton system [82] or the relative timing and magnitude of

power loss [83].

The second study, which posits what we will hereafter refer to as the com-
pliant torque transmission model, assumes that the energy exchange is sub-

ject to absorption-return dynamics [83]. Under this model, exoskeleton assist-

ance is partitioned in to phases categorised as loading while the torques are

increasing in magnitude and unloading while the torques are decreasing in

magnitude. A percentage A of the power generated by the exoskeleton during

loading phases is absorbed by the soft tissue in the system, and a percentage

of this absorbed power, R, is returned during the next unloading phase. This

results in a temporal offset in peak torque between the ideal and compliant

models. In Figure 3.3, a comparison between the ideal and compliant torque

models is displayed for a single reference gait cycle. The absorption and return

rates were chosen to be A = 0.55 and R = 0.75, respectively, to match the obser-

vations of Yandell et al and allow for qualitative discussion on the compliant

human-APO interface.

3.4.3 Methodology

Determining Joint Offsets

The design of the APO is such that the exoskeleton joints should closely align

with those of the human [63], however, it is not realistic to expect perfect align-

ment. By fixing a reflective marker on the rear of the exoskeleton, it was pos-

sible to identify the offsets between the human and exoskeleton joints for each

subject. The protocol for calculating the offsets is outlined below.

1. Measure the distance from a fixed reflective marker on the back of the

APO to the left and right exoskeleton joint centres.

2. Using static pose data which includes this fixed marker, calculate the po-

sition in the ground frame of the left and right exoskeleton joint centres

for each subject.
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Subject
Right hip offset (m) Left hip offset (m)

x y x y

S1 0.0818 0.0158 0.0817 0.0097
S2 0.0546 -0.0222 0.0621 -0.0288
S3 0.0847 0.0127 0.0843 0.0141
S4 0.0770 0.0057 0.0636 0.0105
S5 0.0929 0.0067 0.0648 0.0017
S6 0.0615 -0.0017 0.0584 0.0006
S7 0.0881 0.0209 0.1081 0.0213
S8 0.0753 0.0024 0.0580 0.0022

Table 3.1: The static joint offsets between the hip joints of each subject and the
APO joint centres. Note that the x axis is directed forward from the pelvis and
the y axis is directed upwards.

3. Using the reflective markers situated on the pelvis, coupled with a vari-

ation of the Harrington method [84] for estimating the hip joint centre,

calculate the locations of the left and right human hip joint centres in the

ground frame.

4. Calculate the offset between the exoskeleton and human joint centres.

The offsets for each subject are summarised in Table 3.1.

Experimental Protocol

The force models derived in Sections 3.4.1 - 3.4.2 were tested on exoskeleton-

assisted locomotion data from 7 subjects walking with assistance from the

APO. This investigation required static marker data for each subject and mo-

tion data (marker trajectories and ground reaction forces) of both assisted and

unassisted walking over a range of walking conditions.15 The tested walk-

ing conditions included four assistance scenarios: walking without the APO

(NE); walking with the APO in transparent mode (ET); walking with APO as-

sistance assuming no compliance (EA-I); and walking with the APO assistance

assuming compliance (EA-C). In addition, five walking contexts were investig-

ated: walking at baseline speed (BW); walking at an incline of 5 degrees (UW);

15The data used was a subset of a full dataset which is outlined in more detail in Chapter 4.
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walking at an incline of -5 degrees (DW); walking at 1.2 × baseline speed (FW);

and walking at 0.8 × baseline speed (SW).

For each combination of assistance mode and walking context, a metabolic

analysis (see Appendix A.7) was run to determine the change in energy rate

over the set of tested walking scenarios.

Statistical Analysis

The number of samples for each combination of muscle, walking context and

assistance scenario was 35 (5 gait cycles × 7 subjects). For each muscle in Table

3.2, a two-way ANOVA was used to investigate the effective of assistance mode

and walking context on the power output of each muscle. To determine statist-

ical significance, the MATLAB multiple comparison procedure ‘multcompare’

was used with the comparison type based on Tukey’s honestly significant dif-

ference criterion. The statistical significance level was set at α = 0.05.

In order to compare the effect of active exoskeleton assistance between dif-

ferent contexts, a one-way ANOVA was performed for each context over all

assistance levels and for each muscle in the model16. Within each context, the

muscles which had significantly different average metabolic power consump-

tion when in non-compliant mode (EA-I) or compliant mode (EA-C) compared

16This includes muscles which are not listed in Table 3.2.

Muscle Actions

Adductor brevis Hip adduction
Adductor longus Hip adduction, hip flexion
Adductor magnus Hip adduction, hip flexion, hip extension
Psoas Hip flexion
Gluteus maximus Hip extension, hip rotation
Biceps femoris long head Knee flexion, hip extension
Rectus femoris Knee extension, hip flexion
Vastus medialis Knee extension
Medial gastrocnemius Ankle plantar flexion, knee flexion
Soleus Ankle plantar flexion

Table 3.2: The muscles for which a metabolic analysis was carried out, along
with their main actions.
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Parsing 3D Significance Plots

In Figures 3.4 & 3.5 we show 3D plots that illustrate the behaviour of
a quantity over a two dimensional range of conditions. In addition to
illustrating the general landscape of the quantity in question, these plots
provide information as to the statistical significance of any differences in
behaviour between conditions.

To identify whether there is a significant difference between any two
conditions on the same axis, check for a line connecting the two condi-
tions on the opposite axis of the plot. As a concrete example, consider
the plot for the adductor brevis (Add. brev.) muscle in Figure 3.4. Note
that there are two horizontal lines opposite the assistance level axis: one
conecting ET and EA-I and one connecting ET and EA-C. This means that
there is a statistically significant difference between the metabolic power
consumption of the adductor brevis muscle between these combinations
of assistance levels. On the other hand, note that there is no horizontal
line connecting the BW and UW contexts opposite the walking context
axis. This means there is no statistically significant difference in the meta-
bolic power consumption of the adductor brevis when going from baseline
walking to uphill walking.

This style of plot is re-used in future chapters to analyse the behaviour
of other quantities related to human gait, so it is useful for the reader to
familiarise themselves with this process for identifying signficant differ-
ences between conditions.

to transparent mode (ET) were identified. The relative change in metabolic

power consumption going from transparent mode to active mode was then

calculated as a percentage in order to quantify the effectiveness of the exoskel-

eton assistance.

3.4.4 Results

For each muscle in Table 3.2 the percentage difference in average metabolic

power consumption from the baseline condition (no exoskeleton assistance

and walking at baseline speed) as a function of walking context and assist-

ance level is demonstrated in Figures 3.4 - 3.5. Additionally, the raw mean

and standard deviation values for every context and assistance scenario com-

bination are detailed in Appendix B.2.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.4: The % difference in average metabolic power consumption of the
(a) adductor brevis, (b) adductor longus, (c) adductor magnus, (d) psoas, (e)
gluteus maximus and (f) biceps femoris long head muscles. Black lines indic-
ate significant differences.

From Figures 3.4 - 3.5, we can see that only one muscle from our subset

shows a significant difference in metabolic energy consumption on average

over all contexts due to the transition from transparent mode to active as-

sistance, namely the adductor brevis muscle. Five muscles, the psoas, rectus

femoris, vastus medialis, medial gastrocnmeius and soleus show significant
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(a) (b)

(c) (d)

Figure 3.5: The % difference in average metabolic power consumption of the
(a) rectus femoris, (b) vastus medialis, (c) medial gastrocnemius and (d) soleus
muscles. Black lines indicate significant differences.

differences between the NE and ET assistance levels, which implies the change

in metabolic energy consumption of these muscles is attributable to the in-

creased physical load of wearing the exoskeleton rather than the presence of

active assistance itself. One muscle, the psoas, shows a significant difference

between the APO force models.

The muscles from the full set which were identified via the context-specific

one-way ANOVAS to experience a significant change in metabolic energy con-

sumption between the ET and EA assistance levels are listed by context in

Table 3.3. Note that significant differences were seen for the uphill walking,

downhill walking and slow walking contexts for both force models. Significant

differences were seen in the flat walking context, but only when the compli-

ant model was used. No significant differences were seen in the fast walking

context. The relative change in metabolic power consumption is shown for the

muscles in these contexts in Figure 3.6. The overall effect, calculated from total
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significant metabolic energy change in each context, is presented in Figure 3.7.

We see from these results that the active exoskeleton assistance has a positive

effect in the BW scenario, but only when the compliant APO force model is

used. There is a disagreement in the UW context, where the ideal APO force

model predicts a net assistance of approximately 8%, whereas the compliant

force model predicts that human metabolic energy consumption is increased.

The ideal force model predicts that the iliacus and psoas muscles are assisted;

the main actions of these muscles is to assist hip flexion. Meanwhile, both

force models agree that the active exoskeleton assistance is detrimental in the

SW and DW scenarios, where human metabolic energy consumption is seen

to increase by between approximately 5% and 12% depending on the walking

context and which force model is used.

3.4.5 Discussion

In general, we observed that applying exoskeleton assistance had significantly

less effect on metabolic energy consumption than changes in walking context.

However, this analysis was limited by the fact that while there were three as-

sistance scenarios, only one of these scenarios explored active assistance, and

therefore comparison between different magnitudes of active assistance was

not explored. A source of further work could be to collect data using a wider

range of virtual stiffness levels, which would allow for an analysis of how

the metabolic effect of active assistance varies with assistance magnitude. It

should be noted that the motor torques commanded to the APO during active

Baseline walking Uphill walking Downhill walking Slow walking

Adductor brevis Iliacus Adductor longus Adductor brevis
Rectus femoris Psoas Adductor brevis Tibialis posterior

- Quadratus femoris - Biceps femoris long head
- Medial gastrocnemius - Lateral gastrocnemius
- - - Flexor hallucis longus
- - - Peroneus brevis
- - - Peroneus longus

Table 3.3: The muscles which are significantly affected by exoskeleton assist-
ance for each context. Note that no muscles were significantly affected in the
fast walking condition.
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(a) (b)

(c) (d)

Figure 3.6: The percentage change in average normalised metabolic energy
consumption of muscles which show a significant change between the ET and
EA assistance modes during (a) flat walking, (b) uphill walking, (c) downhill
walking and (d) slow walking. Note that red bars correspond to the compliant
force model whereas blue bars correspond to the ideal force model. Absence
of data denotes that no significant differences were observed in this case.

assistance trials were already close to the torque limitations in place on the

device.

The relative effect of applying exoskeleton assistance was most pronounced

in the flat walking, uphill walking, downhill walking and slow walking scen-

arios. In the latter two of these scenarios, both the ideal and compliant APO

force models predicted increased metabolic cost. The compliant model pre-

dicted that flat walking benefited from assistance, while the ideal model pre-

dicted that uphill walking benefited from assistance. Anecdotally, this result

agrees with feedback from subjects following data collection (e.g. the exoskel-
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Figure 3.7: The overall meta-
bolic effect of exoskeleton as-
sistance in each walking con-
dition, for both the ideal APO
force model (blue) and the
compliant APO force model
(red). Absence of data denotes
that no significant differences
were observed in this case.

eton assistance was most beneficial when walking uphill). The negative effect

of the exoskeleton when walking at slow speed may be a result of the choice of

control algorithm.

It should be noted that the implementation of a compliant APO force model

was intended largely as a point of qualitative comparison between the results

from the ideal APO force model. Indeed, several differences between the ex-

perimental setup used for this work and the work on interface dynamics [83]

could lead to differing compliant behaviour in our case. However, these results

do suggest qualitatively that including compliance in the system, as certainly

is the case for contact between exoskeletons and soft straps or human tissue,

can cause marked differences in the effectiveness of exoskeleton assistance.

Further work is needed to implement control algorithms which can account

for human-exoskeleton interface dynamics in real-time.



Chapter 3. Modelling Human-Exoskeleton Systems 51

Formulation Update

From what we have learned in this chapter with regards to human-
exoskeleton system models and simulating musculoskeletal dynamics, we
are in a position to update the optimisation-based exoskeleton control for-
mulation from Section 1.1.3. The updated formulation is as follows:

min
µe
‖q−qd‖ , (3.7)

Mc (q) q̈ + cc (q, q̇) + gc (q) = τh + τg + τe, (3.8)

τe = E (µ) , (3.9)

τh = F
(
f0, l, l̇

)ᵀ
R (q)a, (3.10)

l̇ = C (a, l,q, q̇) , (3.11)
ȧ = A (a,ν) , (3.12)
µ ≤ µmax, (3.13)

νmin ≤ ν ≤ νmax. (3.14)

Compared to the previous case, we have incorporated the equations of
motion of the combined human-exoskeleton system (Equations 3.8 - 3.9),
as well as introduced constraints on the variable τh such that the human
joints behave as if they are muscle-actuated (Equations 3.10 - 3.12). We
also must respect any limitations we have on our ability to apply exoskel-
eton torques due to motor limits (Equation (3.13)); likewise, we similarly
constrain the level of muscle excitation (Equation (3.14)).

Our optimisation variables now consist of exoskeleton torques µ rather
than the human contribution τh from the previous formulation, because
while we can command modulations in exoskeleton torque we have no
means of directly altering the behaviour of the human (though of course
we can still use exoskeleton assistance to implicitly alter human beha-
viour).

Currently we still assume that minimising joint trajectory error, as
we specify in the objective function of the above optimisation, is a good
strategy for exoskeleton-assisted locomotion. We will see if that is the case
in the next chapter.





Chapter 4
Gait Metrics

Gait metrics are quantitative measures of some aspect of walking style. Their

use is ubiquitous throughout the study of human locomotion - for example, a

highly cited paper from 1953 posited that six determinants (or gait metrics) in

particular were responsible for the energy efficiency of human walking [85]17,

and in more recent years complex gait metrics have been introduced to gauge

the relative severity of gait pathologies [88, 89].

To begin this chapter, we will construct a formalisation of the concept of

a gait metric. Then, we introduce the concept of gait cycles, and discuss two

important properties — resolution and invariance — that allow us to determine

17The six determinants of gait theory has fared very poorly in recent decades, to the point
of being largely discredited [14, 86, 87].

53
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Gait Metrics as Objective Functions

Another way of describing a gait metric is as a real function defined on
gait data. With this description, it is clear to see that gait metrics could be
candidates for the objective function of the exoskeleton control problem.

which gait metrics in particular are suitable for use in the objective function

of our optimisation-based approach to exoskeleton control.

4.1 Definitions

Definition 4.1. A gait parameter pg(t) ∈ R is a quantitative feature of a gait pat-
tern which dynamically varies with time t. We will use the notation G to denote the
space of gait parameters.

Gait parameters are typically related to movement of the human body or forces

which are directly applied to it. Some example gait parameters are:

• trajectories of experimental markers attached to the body,

• kinematic data (e.g. joint angles throughout a motion),

• external forces acting on the body (e.g. ground reaction forces),

• derived parameters (e.g centre of mass position).

Definition 4.2. A subject parameter ps ∈ R is a static quantity associated with a
particular subject, which may affect gait pattern but nevertheless is independent of
it. We will use the notation S to denote the space of subject parameters.

Subject parameters are typically descriptors of the human body which are

required for normalisation or comparison between subgroups of the general

population. Some example subject parameters are:

• age,

• mass,

• height,
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• limb lengths or other important kinematic features.

Definition 4.3. An environmental parameter pe ∈R is some aspect of the external
environment which affects gait pattern but is independent of it, and is not directly
associated to a particular subject. It can be either a static or dynamic quantity. We
will use the notation E to denote the space of environmental parameters.

Environmental parameters encode the walking context in which a gait pattern

is observed. This can include factors like:

• speed of a treadmill,

• walking incline,

• ground friction,

• altitude.

Definition 4.4. A gait metric is a quantitative measure of some aspect of walking
style. More formally, it is a function g : X n→R where X ⊆ G×S×E is the combined
space of gait, subject and environmental parameters and n ∈N.

4.2 Examples

One example of a simple gait metric is step length, which can be defined as the

distance travelled (in the direction of motion) between consecutive steps of

the same foot. If the foot location is known at all times, e.g. in simulation, this

can be calculated directly; in practice, the information can be tracked using an

optical motion capture system or recorded video data. If px(t) is the position

of a point on the right foot in the x direction, which is the direction of motion,

then:

L = |px(t1)− px(t0)| , (4.1)

where L is step length and t1, t0 are the timesteps corresponding to consecutive

steps. Only gait parameters are involved in the calculation of the step length

metric.

Often, it is beneficial to normalise raw gait data relative to the subject in

question. For instance, it is common in the literature to normalise step length
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relative to subject height [90] or leg length [91], though some studies have

used the metric without normalisation [92]. Using h to denote either of these

parameters, we have:

L̄ =
|px(t1)− px(t0)|

h
. (4.2)

In this case, a combination of subject parameters and gait parameters is re-

quired for the computation of normalised step length.

Environmental parameters appear most commonly as an index — quan-

tifying how gait metrics are affected by a change in walking condition. For

instance, a number of studies have investigated the relationship between step

length and walking incline [93, 94], which could be considered a distinct con-
text specific measure of normalised step length, L̄I , where I denotes the incline

index. Such metrics can be useful in quantifying fall risk [95].

4.3 Gait Cycles

Gait patterns can be broken down in to a cyclical sequence of events [96, 97].

These events are typically different between gaits of a different type. For ex-

ample, walking gait is characterised by the presence of a double stance phase

(when both feet are in contact with the ground), whereas running gait is char-

acterised by the presence of two double swing phase (when neither foot is in

contact with the ground) [98]. In this thesis we are primarily concerned with

walking gait, the features of which are outlined in Figure 4.1.

A gait cycle is the period between two consecutive instances of the same

gait event. Conventionally, it is common to designate the heel strike event to

mark the beginning of a gait cycle18. However, other events can be selected if

this is beneficial for the task at hand [99].

4.4 Gait Metric Resolution

An important characteristic of a gait metric is the scale at which it operates.

For example, the step length metric defined in Section 4.2 requires data from

18Note that each foot has a distinct heel strike event. If a gait cycle begins at right heel
strike, then it ends at (or just before) the next right heel strike, and includes the intervening
left heel strike.
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Figure 4.1: Top: snapshots from a motion reconstruction of a gait cycle. From
left to right, the pictured events are: right heel strike, left heel strike, right
toe off, and finally (just before) the closing right heel strike. Other events
(e.g. maximal hip flexion) occur between these key points [96]. Bottom: the
vertical component of the ground reaction force vector corresponding to the
above motion sequence. The shaded areas on the graph partition the stance,
double stance and swing phases. Note that during the swing phase the left
foot is in stance, but conventionally the phases are described according to the
leading foot.

a full gait cycle in its calculation. Other metrics are defined on subsets of the

gait cycle — for example, those involving trajectories of the centre of pressure

can only be computed during stance phase, when contact is made with the

ground. On the other hand, gait metrics which have been developed to score

gait relative to the normal of a population [88, 89] may require many gait

cycles, both from the subject in question and a database of healthy gait data.

Moving forward, we will adopt the term resolution to describe this beha-

viour. Metrics which are defined at individual timesteps or subsets of a gait

cycle can be described as high resolution, while those requiring multiple gait

cycles of data to compute are low resolution.

Resolution is an important property which, depending upon the context
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in which it is used, in some ways determines the usefulness of a given gait

metric. For example, for purposes of comparing against the normal of a pop-

ulation, low resolution gait metrics requiring many gait cycles are likely ideal.

A concrete example of this is Gait Profile Score [89], which compares mean

kinematic variables over large amount of gait data. On the other hand, for our

purposes (i.e. use as part of a real-time exoskeleton control scheme), high res-

olution gait metrics which can be calculated at a fast rate on small timesteps

are clearly preferred.

4.5 Gait Metric Invariance

Current control paradigms frequently use normalised kinematic trajectories

[100], muscle amplification [15], or finite state controllers [101]. The respect-

ive issues with these paradigms are that the kinematic trajectory might not be

appropriate for the user’s task or their environment, the muscle firing patterns

may be abnormal, and there are a large number of parameters to tune.

The human neuromuscular system optimises for gait stability [14]. By

studying the effect of different walking contexts and constant perturbations

(applied via an exoskeleton) on healthy walking, it is posited that there will

be an underlying invariant metric that reflects the optimisation of the stability

of human gait. Once identified, this metric can then be optimised as part of

an exoskeleton control paradigm which provides assistance while maintain-

ing balance, implicitly accounting for the effects of changing walking context

and varying exoskeleton assistance. Previous work has been carried out to de-

termine what effect walking speed [102–104], the environment [105, 106], and

exoskeleton forces have [107–109] on a user’s gait, but these are constrained by

using limited metrics and, for the work done on exoskeletons, limited walking

contexts.

In this section, we analyse the invariance properties of exoskeleton-assisted

locomotion over a variety of walking conditions. Three walking scenarios are

tested: walking without an exoskeleton, walking with an exoskeleton in trans-

parent mode, and walking with an exoskeleton in assistive mode. For each of

these scenarios five different walking contexts were investigated: walking at

baseline speed, walking up an incline, walking down an incline, fast walking,
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and slow walking. A number of gait metrics were compared to identify those

which demonstrated the most invariance and therefore would be suitable for

optimising in an exoskeleton control paradigm.

4.5.1 Candidate Stability Metrics

The set of gait metrics were chosen so as to cover a range of spatial, temporal

and derived metrics. The metrics and corresponding definitions were as fol-

lows:

• Step width was determined as the medial-lateral distance between the

lateral malleolus markers at the heel strikes of consecutive steps.

• Step frequency was calculated as the inverse of the time between the heel

strikes of consecutive steps.

• The hip range of motion (θhip-RoM) was calculated by subtracting the

maximum hip flexion joint angle from the minimum over the gait cycle.

• Hip peak to peak torques (τhip-pp) were calculated by subtracting the

maximum hip flexion joint torque from the minimum over the gait cycle.

• The centre-of-mass (CoM) displacement was calculated by subtracting

the maximum CoM position from the minimum over the gait cycle. This

was calculated in both the vertical and medial-lateral directions, result-

ing in two distinct metrics: CoM-Vdisp and CoM-MLdisp, respectively.

• The centre-of-pressure (CoP) displacement was calculated by subtract-

ing the maximum CoP position from the minimum over the stance phase.

This was calculated in both the anterior-posterior and medial-lateral dir-

ections, resulting in two distinct metrics: CoP-APdisp and CoP-MLdisp,

respectively.

• The margin of stability was calculated as specified by Hof [110]:

MoS =
∣∣∣∣∣umax − (x+

v
ω0

)
∣∣∣∣∣ , (4.3)
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where umax is the boundary of the base of support, x is the centre of mass

position, v is the centre of mass velocity, and ω0 is equal to:

ω0 =

√
g

l
, (4.4)

with g denoting acceleration due to gravity and l being the distance from

the pelvis ASIS to the lateral malleolus. The MoS was calculated in both

the anterior-posterior (MoS-AP) and medial-lateral (MoS-ML) directions,

resulting in two distinct metrics.

These metrics are summarised for reference in Table 4.1, which provides the

names, unit and notation for each metric.

4.5.2 Experimental Protocol

Subjects were invited to the Gait Lab at The University of Edinburgh where

they walked under a variety of conditions. The APO was used to provide as-

sistance, while the Vicon system and instrumented treadmill were used to re-

cord marker trajectories and ground reaction forces, respectively. Full details

of the equipment including the raw data processing procedure for all data

streams is provided in Chapter 2.

To capture data in different walking contexts, a script was implemented in

Metric Direction Notation Unit

Step width - - cm
Step frequency - - steps/min
Sagittal hip angles RoM - θhip-RoM degrees
Sagittal peak to peak hip torques - τhip-pp Nm/kg
CoM displacement Vertical CoM-Vdisp mm
CoM displacement Medial-lateral CoM-MLdisp mm
CoP displacement Medial-lateral CoP-MLdisp mm
CoP displacement Anterior-posterior CoP-APdisp mm
Margin of stability Medial-lateral MoS-ML mm
Margin of stability Anterior-posterior MoS-AP mm

Table 4.1: The dimensions, notations, and units of the tested gait metrics.
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the Motek D-Flow software to programmatically change the speed or incline

of the treadmill appropriately. Each subject was made to walk in five different

walking contexts, as follows: at baseline walking speed with no incline (BW),

at baseline walking speed with an incline of 5 degrees (UW), at baseline walk-

ing speed with an incline of -5 degrees (DW), at a fast walking speed with no

incline (FW), and at a slow walking speed with no incline (SW). The baseline

walking speed used for the BW context was calculated using the principle of

dynamic similarity as described by the Froude number [111]:

v =
√
FrgL, (4.5)

where v is the baseline speed, Fr is the Froude number (chosen to be 0.1),

g is gravitational acceleration (9.81m/s2), and L is leg length (as measured

from the greater trochanter to the medial malleolus). The speeds for FW and

SW were calculated by adding and subtracting 20% to the baseline speed re-

spectively. Each context was timed to last 135 seconds, with data collection

triggered to happen after 120 seconds to allow for the participant to become

accustomed to the context.

The contexts were repeated for 3 different assistance scenarios: one without

wearing the APO (NE), one wearing the APO set in transparent mode (ET) and

one wearing the APO set in assistive mode (EA) with the virtual stiffness set

to 15 Nm/rad. For each subject, a static pose was collected in both the NE and

ET assistance scenarios.

4.5.3 Modelling Approach

The processed data for each subject was divided in to 10 gait cycles per com-

bination of walking context and assistance scenario. A range of analyses were

then carried out using OpenSim tools in combination with the gait2392 and

human-APO musculoskeletal models19.

The first step was to scale (Appendix A.1) the generic versions of these

models using the static pose data. The gait2392 model was scaled using static

pose data from the NE assistance scenario, while the human/APO model was

19Full details of these models are provided in Chapter 3.
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scaled using data from the ET assistance scenario. After scaling, the following

sequence of analyses was carried out for each gait cycle:

• The Inverse Kinematics Tool (Appendix A.2) was used to calculate joint

angles given the marker trajectories.

• The RRA Tool (Appendix A.3) was used to produce dynamically consist-

ent joint angles and a corrected model file from joint angles and ground

reaction forces.

• The Inverse Dynamics Tool (Appendix A.5) was used to calculate joint

torques given the RRA-corrected joint angles and ground reaction forces.

• The Analysis Tool was used to solve for the position and velocity of the

model centre of mass given the RRA-corrected kinematics.

The outputs of these analyses were used in the calculation of the stability

metrics. A schematic of the overall data processing and analysis pipeline is

provided in Figure 4.2.

4.5.4 Statistical Analysis

The mean and standard deviation of each stability metric was averaged over all

recorded gait cycles and all subjects, for each combination of walking context

and assistance scenario. Therefore, the number of samples for each combin-

ation of stability metric, walking context and assistance scenario was 70 for

most metrics (10 gait cycles × 7 subjects20). An exception was the step-width

metric, which relies on pairs of adjacent gait cycles for its computation, and

therefore had a sample size of 63 (9 pairs of adjacent gait cycles × 7 subjects).

To investigate the effects of the exoskeleton assistance and the walking

context on the stability metrics, a two-way ANOVA was used. For the post-

hoc analysis, the MATLAB multiple comparison procedure ‘multcompare’ was

used with the comparison type based on Tukey’s honestly significant differ-

ence criterion. The statistical significance level was set at α = 0.05.

20The data from one subject had to be discarded due to an issue with the force plate calib-
ration.
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Figure 4.2: A schematic demonstrating the data collection and analysis
pipeline.

For combinations of walking context and assistance scenario which demon-

strated a significant difference in the mean of a metric, the effect size was meas-

ured by computing the absolute value21 of Cohen’s d. These values were then

averaged to produce a quantitative measure of invariance for each metric re-

lative to changes in assistance level, changes in walking context, and overall.

Qualitative analysis of the effect size of each metric was undertaken according

to typical cut-offs for the value of Cohen’s d [112, 113], which are provided for

reference in Table 4.2.

Effect size Cohen’s d range

Very small 0.01 ≤ d < 0.20
Small 0.20 ≤ d < 0.50
Medium 0.50 ≤ d < 0.80
Large 0.80 ≤ d < 1.20
Very large 1.20 ≤ d < 2.00
Huge d ≥ 2.0

Table 4.2: A mapping from qualitative
descriptions of effect size to the cor-
responding range of Cohen’s d.

21The decision to take the absolute value was motivated by an interest in the magnitude of
an effect rather than it’s direction.
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Subject Height (m) Weight (kg)
Walking velocity (m/s)

BW FW SW

S1 1.84 76.4 0.95 1.14 0.76
S2 1.79 67.1 0.95 1.14 0.76
S3 1.74 58.8 0.94 1.13 0.75
S4 1.76 77.2 0.94 1.13 0.75
S5 1.88 83.0 0.97 1.18 0.78
S6 1.80 61.4 0.96 1.15 0.77
S7 1.77 66.6 0.97 1.16 0.78
S8 1.80 75.8 0.95 1.14 0.76

Table 4.3: The subjects’ anthropometric features and walking velocities.
©IEEE 2017

4.5.5 Results

The anthropometric measurements and calculated walking velocities for each

subject are presented in Table 4.3.

Running the RRA tool for all the data sets generated residual forces and

moments FX, FY, FZ, MX, MY, and MZ. These residual forces and moments are

applied to the pelvis in simulation to account for the dynamic inconsistency

between the dynamic model and the recorded data. These residuals should be

low to ensure accurate simulations. All of the average residual forces measured

during our simulations were less than the thresholds specified by the OpenSim

developers (see Table 4.4).

For each combination of metric, context, and assistance scenario the per-

centage difference from the baseline condition (no exoskeleton assistance and

walking at baseline speed) is demonstrated in Figures 4.3 - 4.4. The mean and

Quantity Value OpenSim Benchmark

RMS Residual force (N) 7.1± 3.4 < 10
Peak Residual force (N) 17.9± 7.6 < 25
RMS Residual moment (N) 7.3± 4.0 < 50
Peak Residual moment (N) 16.9± 8.7 < 75

Table 4.4: RRA residuals in OpenSim. ©IEEE 2017
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(a) (b)

(c) (d)

(e) (f)

Figure 4.3: Percentage difference from baseline, categorised by walking con-
text and assistance scenario, for (a) Step width, (b) step frequency, (c) θhip-RoM,
(d) τhip-pp, (e) CoP-APdisp and (f) CoP-MLdisp. Black lines represent significant
differences. ©IEEE 2017
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(a) (b)

(c) (d)

Figure 4.4: Percentage difference from baseline, categorised by walking con-
text and assistance scenario, for (a) CoM-Vdisp, (b) CoM-MLdisp, (c) MoS-AP
and (d) MoS-ML. Black lines represent significant differences. ©IEEE 2017

standard deviation values for every context and assistance scenario combina-

tion are detailed in Appendix B.1.

The effect sizes for each metric, averaged separately by walking context

and by assistance scenario, are displayed in Figure 4.5. Comparing the ef-

fect sizes averaged over walking contexts, we see that step width, CoP-MLdisp,

and MoS-ML have the lowest average effect size. These metrics demonstrate

Cohen’s d values that indicate between small and medium effect sizes. The

θhip-RoM metric exhibits a Cohen’s d of d > 2.0, which implies a huge effect

size. All of the other metrics show effect sizes of large or very large. This

analysis implies that, relative to changes in walking context, the step width,

CoP-MLdisp, and MoS-ML metrics demonstrate the highest level of invariance.



Chapter 4. Gait Metrics 67

(a) (b)

Figure 4.5: The effect sizes averaged over (a) context and (b) assistance.

Comparing the effect sizes averaged over assistance scenario, the metrics

which exhibit the lowest average effect size are CoP-APdisp, CoM-MLdisp and,

similarly to the context results, MoS-ML. These metrics exhibit a Cohen’s d

of d < 0.2, which indicates a very small effect size. All other metrics exhibit

a small effect size. Compared to the results for walking context, the effect

of changing assistance scenario is in general less than for changing walking

context. This analysis implies that the CoP-APdisp, CoM-MLdisp and MoS-ML

metrics demonstrate the highest level of invariance relative to changes in the

assistance scenario.

In Figure 4.6, the effect size is shown for each metric, averaged over both

walking context and assistance level simultaneously. From these results, we

see that step width, CoP-MLdisp and MoS-ML are the metrics which exhibit

the lowest effect size, with values of Cohen’s d between 0.2 and 0.5 corres-

ponding to a medium effect. Analysing the remaining metrics, we see that the

CoM-MLdisp metric exhibits a medium effect size, the θhip-RoM metric exhib-

its a very large effect size, and all remaining metrics exhibit large effect sizes.

From this analysis we conclude that overall, taking in to account both changes

in walking context and assistance scenario, the three metrics which exhibit the

most invariance are step width, CoP-MLdisp and MoS-ML.

4.5.6 Discussion

It is well known that walking speed is a cause of gait variability for kinematic,

kinetic, and CoMdisp metrics [102–104] and the results from this study also
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Figure 4.6: The effect sizes averaged over all combinations of walking context
and assistance scenarios.

demonstrate the same findings. This study demonstrates that step frequency

increases due to speed and anecdotally suggests that step length increases as

well (step length was not included in the analysis due to unavailability of com-

plete consecutive step data for some of the participants due to cross-talk on the

force plates). The step width was demonstrated to be invariant with only one

significant difference with a small effect size between walking downhill and

walking at a fast speed. Walking speed causes variation for the CoP-APdisp and

the CoP-MLdisp metrics, however, the effect on the CoP-MLdisp metric is small

and only significant between the fast and baseline walking speed contexts.

Walking speed affects the MoS-AP and MoS-ML metrics, however there is only

a small effect in the medial lateral direction between the slow and baseline

walking speed contexts. It is a logical result that walking speed has a greater

effect on the metrics measured in the anterior posterior direction compared

to the medial lateral direction because walking speed is a change of direction

mainly in the anterior posterior direction.

The effect of walking up and down an incline has previously been demon-

strated to have significant kinematic and kinetic changes [105] and the find-
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ings from this study support this result. In additional to the effects on kinemat-

ics and kinetics the results from this study indicate that walking on an incline

affects the CoM-Vdisp metric and that walking down an incline affects the step

frequency, CoM-Vdisp, CoM-MLdisp, and MoS-AP metrics. The increase in step

frequency is expected due to a shorter step length being taken. The effects on

the CoM vertical displacement are also expected due to the change in height

caused by the slope. The effect on the MoS-AP metric is expected because it

is clear that when the torso is tilted forwards, the projection of the centre-of-

mass becomes located further from the centre of the base of support, and thus

the MoS-AP metric should increase. Neither walking up or down an incline

had any effect on the MoS-ML metric.

This study demonstrates there are significant differences in the θhip-RoM

metric caused by context and assistance scenario changes. This result aligns

with the work by d’Elia et al. [114], and similarly their claim that the differ-

ences in the θhip-RoM metric between the ET and EA assistance scenarios lie

within the natural variation of gait is also applicable. There was a signific-

ant increase in the τhip-pp metric from the ET to the EA scenario. This result

suggests a disagreement with a study by Lewis and Ferris [109], which found

that the net torques did not change between walking with an exoskeleton in

passive mode and with it in assistive mode. The result from our study sug-

gests that torque from the exoskeleton is not entirely being transferred to the

individual, which is quite probable due to the non-rigid attachments of the

exoskeleton. There is a significant increase in the CoP-MLdisp metric from the

NE and the ET and EA scenarios, which can be attributed to the extra weight

of the exoskeleton laterally located to the participant. One consideration for

the above findings is that the effect sizes for all the metrics for the assistance

scenarios were between small and medium, which suggests the differences are

small between the assistance scenarios. This is in contrast to the context effect

sizes, where 6 out of the 10 metrics had large or greater effect sizes.

Overall, our results quantify the effect that varying walking context has on

the effectiveness of active exoskeleton assistance. All tested metrics demon-

strated some significant differences due to the changes in walking context

and assistance scenario. After factoring in the effect sizes the most invari-

ant metrics were shown to be the step width, CoP-MLdisp, and MoS-ML met-
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Resolution Considerations

Using the terminology from Section 4.4, the CoP-MLdisp and MoS-ML
metrics are more suitable for use in a control paradigm because they are
high resolution — they can be calculated at any given time during the
stance phase of a gait cycle and therefore enable a significantly more re-
sponsive controller than the step width metric, which is comparatively
low resolution.

rics. All three metrics have been demonstrated to be associated with stability

[14], [110], [115], and therefore it is intuitive that they remain fairly constant

despite changes in walking context and the application of constant perturba-

tions. As a source of further work, our investigation of stability metrics could

be repeated with patients, to determine how the invariance properties of the

metrics are affected by gait pathologies. Additionally, A limiting factor of our

study is that the adaptive oscillator control scheme was the only exoskeleton

controller tested. A further source of further work could be to apply or develop

additional control paradigms, so that their relative performance over different

contexts can be analysed.
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Formulation Update

In this chapter we have seen that kinematic trajectories are particularly
susceptible to changes in walking context — therefore, kinematic error
minimisation alone is unlikely to be a useful optimisation goal for assist-
ive exoskeletons. Instead, for a metric set M = {m1,m2, . . . ,mk}, where
mi : X n→ R for 1 ≤ i ≤ k is a gait metric as defined in Definition 4.4, with
a corresponding weight set W = {w1,w2, . . . ,wk}, a more suitable objective
function might be:

min
µe

k∑
1

wimi ,

Mc (q) q̈ + cc (q, q̇) + gc (q) = τh + τg + τe ,

τe = E (µ) ,

τh = F
(
f0, l, l̇

)ᵀ
R (q)a ,

l̇ = C (a, l,q, q̇) ,
ȧ = A (a,ν) ,
µ ≤ µmax ,

νmin ≤ ν ≤ νmax .

For assistive exoskeletons, we are motivated make use of those gait
metrics which are low resolution with high levels of invariance to changes
in walking context. Therefore, we select MA = {MoS-ML,CoP-MLdisp},
including contributions from margin of stability and centre of pressure,
respectively, which were identified in this chapter to have those proper-
ties.

Note however that human locomotion is complex and often humans
walk with different goals in mind - for example, a casual walk is very dif-
ferent to a rushed one (both in appearance and in terms of energetics). In
general, the metric setM should contain terms which are weighted appro-
priately according to the task at hand. For instance, certain exoskeletons
may indeed benefit from kinematic trajectories in the objective function
to accurately track rehabilitation programmes, and thus may adopt a dif-
ferent weight setMR.





Chapter 5
Human-in-the-loop Optimisation

Human gait is unique and complex [116], and predicting adaptations in unas-

sisted gait is challenging [117]. It is unsurprising then that the added complex-

ity of shared control, which invariably means that human neuromuscular pat-

terns are affected by external interaction forces [20], creates additional chal-

lenges. For exoskeletons and prosthetics to reach their full potential, methods

must be developed which deal with this problem.

In this chapter, we will first outline one such method known as human-

in-the-loop optimisation. Then, we discuss an application of the human-in-

the-loop optimisation framework applied to an offline example of exoskeleton

design optimisation. In Chapter 6, we will see an online application of the

framework which deals with the optimisation of assistive control patterns.

73
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Offline vs. Online Human-in-the-loop Optimisation

The terms offline and online in this chapter refer to the nature of the data
acquisition process in the human-in-the-loop optimisation protocol. The
example presented in this chapter uses a pre-collected dataset as a sur-
rogate for the ‘human-in-the-loop’, i.e the data collection occurs offline. In
the next chapter, however, the data input to the optimisation is collected
directly from a human subject during runtime, i.e data acquisition occurs
online.

5.1 The Human-in-the-loop Optimisation Framework

Human-in-the-loop (HIL) optimisation is a technique which seeks to optim-

ise some aspect of an assistive device by iteratively taking measurements from

the intended wearer ‘in the loop’, evaluating device performance according to

some metric, and updating the system according to an underlying optimisa-

tion algorithm. Ultimately, the aim of this process is to produce a tailored

assistance solution for each individual. A diagram outlining the generic struc-

ture of a HIL protocol is provided in Figure 5.1.

Typically, HIL optimisation is used to optimise a parameterised control law

[17, 99, 118], though other objectives have included step frequency [59, 119]

and parameterised design variables [120]. Most commonly, device perform-

ance is evaluated by quantifying metabolic rate via respiratory gas analysis

[17, 59, 99, 118, 119], however other physiological signals such as EMG activ-

ity [120, 121] or subject feedback [122] have successfully been used as a per-

formance criterion. A number of approaches have been tested for the optim-

isation step, ranging from linear exploration polynomial fitting methods [119]

to evolutionary search strategies [17]. In the next section, we will detail a spe-

cific method which has achieved particularly strong results.

5.2 Bayesian Optimisation

Bayesian optimisation is a method of identifying the minimum of a function

f : X → R, for some bounded set X, where samples from f can be readily

obtained. To do so, a model for f is created using Gaussian processes, and
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Figure 5.1: A schematic illustrating the key steps comprising a generic imple-
mentation of HIL optimisation. To illustrate, a specific implementation [99]
could use calorimetry (the real-time measurement) to quantify metabolic cost
(the performance metric) while using Bayesian optimisation (the optimisation
step) to update some parameterised control law (the system update).

updated with the data from successive samples. The appropriate points in the

domain at which to sample from are determined through the optimisation of

an acquisition function, which determines the most valuable point according

to some criterion [123].

Consider an objective function f with parameters x, where we do not know

the analytical form of f but are free to sample from it. Bayesian Optimisation

is a process which ultimately seeks to minimise (or maximise) f by repeatedly

drawing samples and updating a posterior expectation of f . Bayesian Optim-

isation assumes that the function f can be described by a Gaussian process

[123]. The sample points are chosen in such a way that an acquisition function
is maximised, which in some sense defines which regions of f are ‘most use-

ful’ to sample from i.e. provide the highest utility. The Bayesian Optimisation

algorithm proceeds as follows:

1. Given known values y = {f (x1), f (x2), ...}, update the posterior expecta-

tion of f using Gaussian Processes.

2. From the posterior expectation of f , find the argmax of the acquisition

function to determine xnew, the next point to sample from.
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3. Compute f (xnew) and add it to the list of known values.

Steps 1 - 3 are repeated for a set number of iterations or until some termination

criterion is satisfied. The algorithm is typically initialised by sampling from a

fixed number of randomly generated points.

There are a number of properties of Bayesian optimisation which make it

well suited for use as a HIL optimiser. In particular, it works well even in

the presence of noisy data signals, and requires comparatively few iterations

to reach an approximate solution [99]. Both of these points are important:

human motion data is typically noisy22, and working with human subjects

places a practical limitation on the amount of data that can be collected due to

fatigue.

5.3 Personalisation of Exoskeleton Design

Exoskeletons which fit poorly can cause discomfort and even work against the

intended aim of the device [79, 82], altering natural muscle activation patterns

in undesired ways [81]. As such, the optimal scenario is for exoskeletons to be

designed with a particular subject in mind. However, it is not always possible

for individuals to obtain these devices on an ad hoc basis. This is especially

true in low to middle income countries, where creating personal devices on an

individual basis is not feasible due to complexity of the manufacturing process

and excessively high cost [124].

Several strategies are being investigated to deal with this problem. One

is the creation of modular exoskeleton designs which can be manufactured

cheaply and efficiently, in some cases using 3D printable parts [125, 126]. A

doctor or physiotherapist could request a specific design and have it cheaply

manufactured for patients. Another strategy is to include passive degrees of

freedom in exoskeleton designs. The inclusion of passive DOFs can in some

sense be used to minimise the kinematic inconsistency between exoskeletons

and human subjects [77]. Finally, an additional strategy is to develop exoskel-

etons which are in some way adjustable, so that they can be easily modified

to suit he needs of a particular subject. One example of such a robot is the

22Some biomechanical data streams are more noisy than others: motion capture data can be
fairly low noise, but calorimetry measurements are notoriously noisy (see Chapter 2).
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XoR, developed at ATR in Japan, a lower-body exoskeleton which features 4

adjustable cuffs located on the thigh and shank link segments [67]. Robots

such as these could in theory be adjusted on the fly according to the needs of

an individual, and would suit being used in rehabilitation centres where many

patients require treatment.

One difficulty with the use of such exoskeletons is how to decide which

cuff positions are optimal for a specific patient and use case. For example, the

ideal cuff positions could differ between healthy people due to different limb

lengths, heights, muscle masses and other physical characteristics. Studies

have shown that the power loss between the torques generated by an exoskel-

eton and those experienced by a human subject are significant [82, 83]. These

losses are due in part to interface dynamics involving soft biological tissues,

and could in theory be mitigated by a suitable selection of the interface pos-

ition. Additionally, optimal cuff positions could differ between patients with

different disabilities or afflictions - whether the aim is to target the hamstrings

or gastrocnemius muscles, for example. If adjustable exoskeletons are to be

used effectively in a clinical setting, a means of efficiently identifying the op-

timal cuff positions for an individual is required. A linear search for the op-

timal exoskeleton configuration is likely to be too time-expensive to perform,

especially as the number of design parameters increases.

In this work, we propose the use of Bayesian optimisation as a method to

efficiently identify the optimal cuff configuration for an individual. A human-

in-the-loop optimisation process was designed and carried out using meas-

urement data obtained from a subject walking with the XoR exoskeleton. An

empirical validation of our method is presented, based on recorded EMG data.

Several recent works have begun to explore using optimisation to improve

exoskeletons. Hamaya et al. (2017) used a reinforcement learning framework

to learn the assistive strategy of a 1-DoF exoskeleton robot which best reduced

human EMG measurements [121]. Zhang et al. (2017) and Ding et al. (2018)

used a human-in-the-loop optimisation process to improve the torques ap-

plied by exoskeletons in terms of metabolic energy reduction [17, 99]. Kim

et al. (2017) used Bayesian optimisation to optimize step frequency in un-

aided human subjects [59]. Our contribution differs from these works in that

Bayesian optimisation is used with the intent of optimising exoskeleton design
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Figure 5.2: Left: the XoR exoskeleton. Centre-left: a snapshot during a data
capture. A subject is wearing the XoR while walking on a treadmill, with a
monitor providing visual feedback so the subject can attempt to track the ref-
erence trajectory. Centre-right/right: a close-up view of the thigh and shank
cuffs. The cuffs are adjustable vertically on the bar to which they are connec-
ted.

parameters.

5.3.1 Hardware

The exoskeleton which we used to apply assistance is the lower-body exo-

skeleton XoR, introduced in Chapter 2 but shown for reference in Figure 5.2.

The XoR features 4 adjustable cuffs which attach to the left/right thigh and

shank of the user, providing a structural link between the human and ro-

botic systems. Therefore, the system has four design parameters: xL, xR, yL
and yR, where x and y denote the thigh and shank cuffs and L and R distin-

guish between the left and right leg, respectively. The ‘usable’ lengths of the

thigh and shank links (meaning the length on which the cuffs could be at-

tached) were measured at 10.3cm and 12.0cm, respectively. The properties of

the XoR’s design parameters are summarised in Table 5.1.

The assistance provided by the XoR was governed by a PD controller im-

plemented for this experiment. The controller tracked reference kinematic tra-

jectories for the hip, knee and ankle joints, measured while the subject walked

with the XoR in passive mode. While walking, the subject was provided with

visual feedback via a screen to aid with alignment to the reference trajectories.

The PAM actuators were disabled throughout all walking trials, meaning all
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joints were actuated only by the DC motors.

5.3.2 Experimental Design

Two sets of walking trials were undertaken for a single subject wearing the

XoR. Each individual trial consisted of 60s of walking at a steady pace on a

treadmill. This 60s period was structured as follows:

1. 10s for initial adjustment and alignment with reference trajectories,

2. 20s of recorded unassisted walking,

3. Engaging assistance, followed by a 10s period for adjustment,

4. 20s of recorded assisted walking.

In Trial Set 1, the position of the shank cuffs was kept fixed while the thigh

cuff position was varied from 0.5cm to 10.0cm in steps of 0.5cm. In Trial Set 2

the thigh cuffs were kept fixed while the shank cuff position was varied from

0.5cm to 11.5cm in steps of 1.0cm23. In both trial sets, the left and right cuff
positions were coupled, i.e. xR = xL and yR = yL. Measurements of the cuff
locations were made using a tape measure. An example of a walking trial in

progress is displayed in Figure 5.2.

5.3.3 Data Processing

Measurements recorded while the subject walked included the encoder read-

ings and motor currents from each active joint of the XoR, as well as EMG

23The discrepancy in step sizes was due to the process of changing the shank cuff position
being more time consuming and intricate than that of the thigh cuff.

Design parameter Notation Domain (cm)

Right thigh cuff position xR [0,10.3]
Left thigh cuff position xL [0,10.3]

Right shank cuff position yR [0,12.0]
Left shank cuff position yL [0,12.0]

Table 5.1: The design parameters of the XoR exoskeleton, including associated nota-
tion and values of the domain.
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signals taken from a sensor placed on the gastrocnemius muscle of the right

leg. This location was chosen because it resulted in less noise compared to

sensors placed on the deep muscles of the thigh, and also because previous

studies have shown that ankle muscle activations can be affected by active as-

sistance at the hip joint [127]. Therefore, the gastrocnemius muscle should be

susceptible to changes in location of both the thigh and shank cuffs.

The recorded data was segmented in to gait cycles and labelled as assisted

or unassisted. The EMG signals were band-pass filtered using a zero-lag But-

terworth filter, rectified, then low-pass filtered in order to produce a linear

envelope for each full gait cycle of data, as described in Section 2.3.2. The

average EMG signal for each gait cycle was calculated by integrating the cor-

responding envelope and dividing by cycle duration. These values were then

averaged by label, and the percentage change in average EMG signal from un-

assisted to assisted walking was calculated.

5.3.4 Post-hoc Optimisation Protocol

After each trial set was complete, a Gaussian process regression (GPR) model

was fit to the data using the MATLAB function fitrgp. This process resulted

in two GPR models, gt and gs, representing the ground truth GP posterior for

the thigh and shank, respectively. Here, gt represents the change in activity

of the gastrocnemius due to exoskeleton assistance as a function of the thigh

cuff position, assuming constant shank cuff position, and similarly for gs. By

collecting EMG measurements in advance and sampling from gt and gs offline,

the effectiveness of Bayesian optimisation could be investigated without the

need for repeatedly taking experimental measurements using the exoskeleton,

which was an intricate and time-intensive process.

The GP posterior functions gt and gs were sampled from as part of an op-

timisation process, using MATLAB’s implementation of Bayesian optimisation

bayesopt. The process was repeated for three acquisition functions (the MAT-

LAB implementations of Probability of Improvement (PoI), Expected Improve-

ment (EI) and Lower Confidence Bound (LCB) [123]) to determine whether

this affected performance.

Since the objective functions of the optimisation (gt and gs) were stochastic,
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a set of 100 optimisations were performed for each combination of acquisition

function and objective function. Each optimisation was run for a total of 15

iterations. Once all optimisations were completed, the performance was quan-

tified in terms of the mean and standard deviation of the number of iterations

required to converge to within some region of the optimal cuff position.

5.3.5 Results

EMG Measurements

The EMG results from the XoR walking trial sets and corresponding ground

truth GP posteriors gt and gs are shown in Figure 5.3. These results suggest

that the location of the XoR cuffs does have a significant effect on the perform-

ance of the exoskeleton. In Trial Set 1, the largest observed reduction in EMG

activity due to assistance was a reduction of 38.3%, occurring when the thigh

cuff was placed at x = 2.5cm. In contrast, the most sub-optimal position for the

thigh cuff based on the raw observations was x = 4.0cm, where the EMG activ-

ity was seen to increase by 25.0%. This represents an observed performance

differential of 63.3%. According to the model obtained from GP regression,

the optimal cuff location is located at x = 1.9cm, where the EMG activity is

predicted to be reduced by 29.6% due to XoR assistance. The performance

differential according to the GPR model was 39.2%.

In Trial Set 2, the optimal observed cuff placement was y = 8.5cm, with

an EMG reduction of 42.5%. The most sub-optimal position based on the

raw observations was y = 4.5cm, where the EMG activity was seen to increase

by 12.8%, and therefore the observed performance differential had a value of

55.3%. The GPR model predicted the optimal cuff location to be at y = 9.3cm,

where the estimated EMG reduction was 35.8%. The GPR model for the Trial

Set 2 data predicted the performance differential to be 37.2%.

For reference, the analysis of the EMG measurements and subsequent GPR

fitting is summarised in Table 5.2.

Bayesian Optimisation

The Bayesian optimisation performance was quantified according to the num-

ber of iterations required to converge to a certain minimum value of EMG re-
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Figure 5.3: Top row: the average total EMG signal measured per gait cycle dur-
ing unassisted walking (left) and assisted walking (centre) as well as the GPR
model of the relative change in muscle activation from unassisted to assisted
(right) for Trial Set 1. Bottom row: analogous results for Trial Set 2. Note that
the GPR model fits shown in the rightmost figure of the top and bottom row,
respectively, are equivalent to gt and gs, discussed in Section 5.3.4.

duction. The lowest value of reduction analysed was 0%, which corresponds to

the cut-off between the XoR assistance hindering and helping the wearer. The

performance was then analysed in intervals of 5% up to a maximum of 25%,

since the true optimum EMG reduction was in the region of 30% for both the

thigh and shank posteriors. To illustrate, a single optimisation process con-

verging to a minimum value of 25% in N iterations would mean that after N

iterations the predicted optimum EMG reduction is at least 25% and remains

so during the remainder of the optimisation process.

The mean and standard deviation of the number of iterations required to

reach each minimum value of EMG reduction was computed for the thigh and

shank posteriors and for each of the three acquisition functions considered.

The results from this analysis are presented in Figure 5.4. For Trial Set 1 we

see good performance if the EMG reduction required is less than 20%, with the

mean number of iterations required being less than 10. For EMG reductions
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of greater than 20%, the mean number of iterations required sharply rises to

more than 14. This is less than required for a linear search, but is subject to

variability as evidenced by the error bars. For Trial Set 2 we see good per-

formance in terms of mean iterations even up to the highest minimum EMG

reduction of 25%.

For Trial Set 1 the performance of each of the tested acquisition functions

is comparable in both mean and standard deviation across all values of EMG

reduction. For Trial Set 2, the PoI acquisition function is slightly more effective

than EI and LCB for minimum EMG reductions of greater than 15%, particu-

larly in terms of standard deviation.

The Bayesian optimisation results are summarised for reference in Table

5.3, which gives the optimum acquisition function as well as mean and stand-

ard deviation of the number of iterations for each value of minimum EMG

reduction.

5.3.6 Discussion

By collecting EMG data of a subject walking with assistance from the XoR exo-

skeleton over a range of cuff positions, we observed that changing the attach-

ment point locations meaningfully affected the EMG signals received from the

subject, and therefore how their muscles were being assisted by the exoskel-

eton. Notably, for some configurations of the exoskeleton cuffs, the EMG activ-

ity of the subject was increased by active assistance, rather than decreased. In

particular, GPR models fit to the EMG data estimated the performance differ-

ential, measured in terms of reduction of EMG signals, between the optimal

Trial Set 1 Trial Set 2

Observed Modelled Observed Modelled

Position (cm) 2.5 1.9 8.5 9.3
Value (%) −38.3 −29.6 −42.5 −35.8
Differential (%) 63.3 39.2 55.3 37.2

Table 5.2: The optimal cuff position, optimal percentage EMG reduction, and per-
formance differential listed for both Trial Set 1 and Trial Set 2. For comparison pur-
poses values are presented based on both the raw EMG results and the GPR models.
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Minimum Trial Set 1 Trial Set 2

EMG Reduction AF Iterations AF Iterations

> 0% LCB 2.39± 2.70 LCB 1.12± 0.50
> 5% PoI 2.98± 3.31 PoI 2.09± 2.21
> 10% PoI 5.77± 5.76 PoI 3.25± 3.41
> 15% PoI 9.09± 6.96 PoI 4.43± 4.38
> 20% LCB 14.7± 7.09 PoI 5.43± 4.97
> 25% PoI 16.03± 5.76 PoI 6.31± 5.14

Table 5.3: A summary of the Bayesian optimisation results. The best acquisition
function (AF) and mean ± standard deviation of iterations are presented for Trial Set
1 and Trial Set 2, in terms of what is required to converge to the minimum EMG
reduction listed in the left-most column.

and most suboptimal cuff configurations to be approximately 40%. These res-

ults underline the need to optimise exoskeleton cuff placement to ensure as-

sistive forces are applied correctly.

Collecting the experimental data required 20 measurements in the case

of the thigh cuffs and 11 measurements in the case of the shank cuffs. Us-

ing Bayesian Optimisation, we were able to identify cuff configurations which

performed well in terms of EMG reduction in a far lower number of meas-

urements, as summarised in Table 5.3. Specifically, our analysis suggests that

overall EMG reductions of more than 25% could be achieved in a mean of just

6-7 iterations when modifying the shank cuff position, and overall EMG re-

ductions of more than 15% could be achieved in a mean of 8-9 iterations when

modifying the thigh cuff position. Using Bayesian Optimisation as an altern-

ative to sampling evenly over the entire domain can therefore potentially offer

significant increases in efficiency, which could be particularly useful in a clin-

ical setting such as a rehabilitation centre, where robotic exoskeletons such as

the XoR could efficiently be adapted to provide effective assistance to multiple

patients.

The Bayesian optimisation process was less successful in identifying the

optimal thigh cuff position compared to the shank cuff position. A poten-

tial explanation for the difficulty in finding the true optimum of the posterior

for Trial Set 1 is that, referring to Figure 5.3, the thigh posterior contains

two peaks in EMG reduction (at approximately 2cm and 6.5cm, respectively)



Chapter 5. Human-in-the-loop Optimisation 85

Thigh

EI LCB PoI
Acquisition Function 

0

5

10

15

20

25

Ite
ra

tio
ns

0%
5%
10%
15%
20%
25%

Shank

EI LCB PoI
Acquisition Function

0

5

10

15

20

25

Ite
ra

tio
ns

0%
5%
10%
15%
20%
25%

Figure 5.4: The mean and standard deviation of the number of iterations re-
quired to converge to a certain minimum EMG reduction for the thigh (left)
and shank (right) GP posteriors. The bars denote the mean number of itera-
tions required to ensure that the point found by the optimisation results in at
least a reduction in EMG activity corresponding to some minimum level. Note
the legend which illustrates the ordering of minimum EMG reduction zones.

which are close in magnitude. Therefore, the Bayesian optimisation process is

more susceptible to becoming trapped in the local minima near the x = 6.5cm

cuff position. This is not true for the shank posterior, which has a marked

global minimum near a cuff position of 9cm.

The Bayesian optimisation process was not significantly affected by the

choice of acquisition function, but overall PoI gave the best results for both

of our Trial Sets.

A potential source of error in the collected data came from the relatively

strenuous data collection process, which introduced subject sweating and fa-

tigue, exacerbating the problem of noisy EMG signals. Additionally, it was

difficult to ensure that the position of the sensor was unchanged between walk-

ing trials, due to interaction between the exoskeleton and the EMG sensor. To

offset these issues, EMG measurements were taken during both passive and

assisted walking, and the relative improvement is reported rather than the

absolute EMG signals. A potential alternative to using EMG measurements

would be to use a respiratory device to measure metabolic rate, similarly to

Kim et al. (2017) [59]. Alternatively, kinematic and kinetic data could be col-

lected during walking trials to allow for human effort to be computed using a

human-exoskeleton musculoskeletal model [12, 36, 75].

A further test of this technique would be how it performs on higher dimen-
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sional problems. In the case of the XoR, considering the 2D problem of optim-

ising the thigh and shank cuff locations simultaneously would require more

than 500 measurements using linear search (assuming a resolution of 0.5cm).

Bayesian Optimisation could potentially be used as an alternative which could

actually be applied in practice. Re-applying this investigation to the 2D case

is a potential source of further work.

Overall, we have shown the successful application of Bayesian optimisa-

tion to improve the performance of a lower-body exoskeleton by modifying

freely adjustable design parameters. This result, combined with recent previ-

ous works on human-in-the-loop optimisation for exoskeleton control, illus-

trates the potential usefulness of Bayesian optimisation as a tool for both the

control and design of exoskeletons.

Before moving on from this chapter, it is pertinent to note that a key strength

of the human-in-the-loop optimisation framework — the fact that by sampling

directly from the subject of interest highly personalised system parameters can

be learned — also potentially limits its applicability. In the example presen-

ted in this chapter, the identification of optimal cuff locations required a sig-

nificant period of data collection to produce EMG data over the space of cuff
locations. This requirement may significantly limit the method if the sub-

ject is experiencing an injury or gait pathology which makes carrying out

lengthy data collection protocols or performing repetitive movements diffi-

cult. Currently, the HIL framework is largely carried out on healthy individu-

als [17, 59, 99, 121], and further advances in HIL protocols are necessary be-

fore it can be applied to assist patients in a medical or rehabilitative setting. In

the next chapter, we will discuss an approach which utilises musculoskeletal

modelling to reduce the time investment required by human-in-the-loop op-

timisation protocols, thus reducing the physical strain on subjects.



Chapter 6
Optimising Assistive Torques for
Gait Efficiency

A particularly common design goal for powered exoskeletons and exosuits is to

reduce the metabolic cost of walking [9, 61, 128, 129]. Devices which achieve

this goal could be used either to augment human locomotion capabilities, for

example to assist humans carrying heavy loads over long distances [130], or

for long-term mobility rehabilitation or assistance of movement-impaired or

elderly people [65]. This latter use case is of particular relevance to modern

society, which increasingly faces the issue of mobility loss tied to an aging

population [131, 132] along with the associated health problems and reduc-

tion in quality of life [133]. However, designing exoskeleton controllers which

can efficiently assist human locomotion has proven to be a challenging prob-

lem, as the efficacy of these devices is strongly dependant on the timing and

87
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magnitude of the delivered assistance [13, 134–137]. Moreover, this issue is

compounded by the fact that, due to variations in age, size, limb proportions,

and even internal locomotion strategies, humans can exhibit significant differ-

ences in walking styles [48, 138, 139]. The consequence of this is that generic

exoskeleton controllers may be suboptimal for a large number of individuals.

Human-in-the-loop optimisation techniques, introduced in the previous

chapter, have emerged as a solution to this problem. Using HIL optimisa-

tion, researchers have been able to identify individualised control patterns

which result in significantly greater energetic savings than traditional con-

trol schemes [99]. However, despite the impressive energetic cost reductions

achieved by this method over the past five years, a clear limitation exists: the

significant time investment required to produce optimised assistance profiles.

This is particularly relevant when the aim is to reduce metabolic cost, as to

do so typically involves the measurement of noisy, low frequency calorimetric

data, which requires large measurement times in order to produce accurate

readings [60]. This presents an issue for two main reasons: firstly, as the time

spent walking increases, so too does the likelihood that the subject will be-

come fatigued. Not only is this uncomfortable for the subject, increasing the

potential for early termination of the process, but due to physiological changes

which reduce the energy efficiency of fatigued muscles [140], further measure-

ments cannot be considered valid. Secondly, long measurement times effect-

ively place limitations on the complexity of the optimisation objective. For

example, relatively simple control profiles offering unimodal assistance pat-

terns may be used [17, 99], albeit to strong effect. In order to explore the use

of more complex control parameterisations which may offer even greater en-

ergetic cost reductions, or to optimise the control of multi-joint exoskeletons

and exosuits, more efficient HIL optimisation protocols are necessary.

This problem of excessive runtimes in HIL protocols is well recognised, and

recent works have attempted to find solutions by implementing early-stopping

within the optimisation process [141] or by replacing the use of respiratory

gas analysis with machine learning models on less coarse data inputs [142]. In

this chapter, an alternative approach is proposed which leverages the strengths

of musculoskeletal modelling [40]. Simulation-based approaches have proven

useful both for the analysis of exoskeleton-assisted locomotion [12, 36] and the
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design of exoskeleton controllers [143]. Utilising dynamic models driven by

musculo-tendon actuators [38, 69, 70, 144] combined with models of muscle

energetics [145, 146] the metabolic power consumption of movements can be

readily estimated [76, 143], providing approximations to the ground truth

data from calorimetry [146, 147]. Musculoskeletal models can easily be scaled

to match a subject in terms of proportions, but adapting muscle parameters

(for example, to differentiate between subjects with different muscle strengths)

is challenging. Furthermore, these models do not by themselves account for

innate differences in walking styles. By combining musculoskeletal modelling

with HIL optimisation, we are able to efficiently simulate the metabolic cost

of walking using a scaled generic model, while retaining the ability to learn

highly specific and optimised controllers from motion data collected directly

from the subject.

To summarise, in this chapter we present a HIL methodology which optim-

ises the assistive torque patterns applied by exoskeletons. We conduct muscu-

loskeletal simulations online in order to simulate metabolic rate, significantly

reducing the time investment required to sample specific torque profiles when

compared to implementations relying on calorimetric measurements. We then

evaluate the effectiveness of the method for 7 subjects wearing an active pelvis

orthosis.

6.1 HIL Implementation

In this section the specific components of the HIL protocol are outlined using

terminology from Chapter 5. In particular, we specify the real-time measure-

ment, performance metric, optimisation step and system update from Figure

5.1.

6.1.1 Real-time Measurement

The real-time measurement in the protocol consists of marker trajectories and

external forces collected in the University of Edinburgh Gait Lab. Here, the

external force data includes contributions from ground reaction forces as well

as torques applied by the APO. The raw data is segmented in to synchronised
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gait cycles during the data processing pipeline. Therefore, we have

P = {p1,p2, . . . ,pn}, (6.1)

F = {f1,f2, . . . ,fn}, (6.2)

where P and F contain marker and force data, respectively, for n total gait

cycles. Note that vectors in this section are indexed by time, i.e. p1(t), but we

are assuming this implicitly to simplify notation.

6.1.2 Performance Metric

The performance metric calculation occurs over several steps. For each gait

cycle, we first use the collected marker data to define the motion of the model

via inverse kinematics (Section A.2),

Q = {q1,q2, . . . ,qn}. (6.3)

Then, we use the modelled joint trajectories and the measured external forces

to find the set of muscle activations which correspond to this motion via static

optimisation (Section A.6),

A = {α1,α2, . . . ,αn}, (6.4)

and compute the metabolic energy rate using a muscle energetics model (Sec-

tion A.7),

E = {ε1,ε2, . . . ,εn}. (6.5)

Next, we compute the normalised metabolic rate for each cycle. For the ith

gait cycle, which begins at time ti−1 and ends at time ti , we compute the rate

of energy consumption, normalised by subject mass M, as follows:

Vi =
1

M(ti − ti−1)

∫ ti

ti−1

ε̇i(t)dt. (6.6)
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Figure 6.1: The control
parameterisation util-
ised for this HIL study.
The four parameters
determining the shape
of the assistance pro-
file are represented by
coloured dots. Each
parameter has an asso-
ciated allowable range
which is indicated by a
shaded region on the x
axis.

The final step in our performance calculation is to average the simulated meta-

bolic rate over all collected gait cycles:

Vs =
1
n

n∑
i=1

Vi . (6.7)

We refer to Vs as the simulated metabolic rate. Note that, similar to the ex-

perimentally measured metabolic rate Ve from Equation (2.6), Vs expresses an

approximation to the ground-truth normalised metabolic rate, V .

6.1.3 System Update

The component of our system which we seek to optimise is the assistive torque

profile applied by the APO. We define a generic assistance profile which is

constructed as a piecewise combination of sinusoidal curves linking 4 node

points, p ∈N4. In order from p1 to p4, the node points correspond to the points

in the gait cycle at which maximum extension, positive inflexion, maximum

flexion and negative inflexion occur, respectively. This generic profile is shown

in Figure 6.1. Mathematically, the control signal applied via the APO is a

piecewise combination of sinusoids which takes the following form:
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u(x,p) =
1
2



τe(sin(g(x,p) + π
2 )− 1) 0 ≤ x ≤ p1,

τe(sin(g(x,p)− π2 )− 1) p1 ≤ x < p2,

τf (sin(g(x,p)− π2 ) + 1) p2 ≤ x < p3,

τf (sin(g(x,p) + π
2 ) + 1) p3 ≤ x < p4,

τe(sin(g(x,p) + π
2 )− 1) p4 ≤ x ≤ 100,

(6.8)

where we define

g(x,p) = π



(x+101−p4)
(100+p1−p4) 0 ≤ x ≤ p1,
x−p1
p2−p1

p1 ≤ x < p2,
x−p2
p3−p2

p2 ≤ x < p3,
x−p3
p4−p3

p3 ≤ x < p4,
x−p4

100+p1−p4
p4 ≤ x ≤ 100.

(6.9)

Here, x ∈ [0,100] is the point within a gait cycle expressed as a percentage,

while τe and τf define the magnitudes of the negative and positive peaks, re-

spectively. These magnitudes are determined according to the following rela-

tionships:

τe = cm, (6.10)

τf =
2
3
τe, (6.11)

which normalise the assistive torques by subject mass, m. The constant c

was chosen based on feedback regarding comfort from subjects, while keep-

ing in mind the hardware limitations of the APO. The conversion factor of

2/3 between extension and flexion torque magnitude is an approximation of

what is observed in human gait data [148]. Compared to two existing HIL

implementations which have focused on providing unidirectional assistance

via 2-dimensional [99] or 3-dimensional [17] control laws, this 4-dimensional

control law allows for a smooth transition between extension and flexion as-

sistance. The general shape of this parameterisation was selected due to a

close match to experimentally recorded measurements of human hip flexion-

extension torques.
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The following constraints were placed on the control parameter domains:

p1 ∈ [5,25], (6.12)

p2 ∈ [25,45], (6.13)

p3 ∈ [50,80], (6.14)

p4 ∈ [70,95]. (6.15)

These ranges were selected to limit the search space for the optimisation while

still allowing for significant flexibility in the possible assistance patterns, and

in particular were chosen so as to allow for assistance profiles which mirror

human joint torques [148].

6.1.4 Optimisation Step

We employ the use of Bayesian optimisation (introduced in Section 5.2) in

order to drive the selection of control parameters between loops of the HIL

protocol. This approach is particularly well suited to minimising functions

which are expensive to evaluate, and as such has been used successfully in a

number of previous HIL optimisation protocols [59, 99, 120] which by their

nature involve lengthy data collection steps. Here, the function we are aiming

to minimise is the unknown relationship between the control parameters and

the ground truth metabolic rate, i.e.

V = f Cs (p). (6.16)

We use the subscript s to denote that the learned policy is specific to each sub-

ject and the superscript C to denote an underlying set of context parameters,

such as walking speed and inclination, which may also affect this relationship.

Our optimisation process is implemented in MATLAB using MATLAB’s

bayesopt function, which is an implementation of Bayesian optimisation, and

takes place over a total of 24 iterations. The first 12 samples are randomly

selected within the domain, so as to avoid early convergence to a local min-

ima, while the latter 12 follow from optimisation of the Expected Improvement
acquisition function [123].
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6.2 Methodology

6.2.1 Hardware

Our experiments were conducted in the Gait Lab at The University of Edin-

burgh, making use of the Vicon system and instrumented treadmill to meas-

ure marker trajectories and ground reaction forces, respectively. Exoskeleton

assistance was provided by the APO, while the Cortex Metamax 3BR2 sys-

tem was used to experimentally quantify metabolic rate. Full details of the

equipment including the raw data processing procedure for all data streams is

provided in Chapter 2.

It is worth recalling Equation (2.6), which describes how metabolic rate

is approximated from breath-by-breath calorimetric data, and is reproduced

below for reference

Ve =
4.184

60
(3.972 + 1.078R)V̇ O2. (6.17)

Recall that Ve denotes experimentally measured metabolic rate (rate of en-

ergy consumption per unit mass), which we consider to be an approximation

to the ground truth metabolic rate V . In accordance with the steady-state

strategy for computing metabolic rate outlined in Section 2.4.2, Ve was aver-

aged over the final 2 minutes of collected data to produce a single value per

measurement.

6.2.2 Control Modes

Four control modes for the APO were utilised for this study. The first two,

transparent mode and AO mode24, are default APO controllers which are de-

scribed in detail in Section 2.5. The latter two control modes were developed

for the purpose of this investigation and are introduced below.

HIL mode

This mode corresponds to the HIL-compatible controller outlined in Section

6.1.3, implemented in LabView to run on the APO. Heel-strike events, detec-

24Adaptive Oscillator mode.
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ted in real-time using the ground reaction force data, are used to scale each

profile to match the cadence of each subject by averaging the stride time of the

previous 3 gait cycles.

Generic mode

This mode is based on a previous study in which the authors investigated the

effect of assistance onset timings on the performance of a hip exoskeleton [13].

A range of possible onset timings for hip flexion and extension assistance was

tested on a set of 10 healthy subjects. They found that on average the combin-

ation of timing parameters which reduced metabolic rate most effectively was

92.2% for the onset of hip extension assistance and 40.2% for the onset of hip

flexion assistance. The duration of applied assistance was 25% for both flex-

ion and extension. This particular study was chosen over similar alternatives

[134–136] due to similarities in exoskeleton hardware (i.e use of a rigid pelvis

exoskeleton).

A controller was implemented in LabView to allow the APO to apply this

generic torque profile to subjects. For consistency with the HIL controller,

the relationship between peak flexion and extension assistance specified in

Equation (6.11) was enforced.

6.2.3 Simulation Pipeline

A simulation framework was implemented in OpenSim to approximate meta-

bolic rate from raw motion data. The human-APO model, introduced first in

Chapter 3 but shown for reference in Figure 6.2, served as the generic muscu-

loskeletal model. OpenSim was used to:

1. Scale the generic model for each subject.

2. Compute joint kinematics from measured marker trajectories.

3. Compute muscle activations from joint kinematics, measured ground re-

action forces & APO torques.

4. Compute metabolic cost from muscle activations.
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Figure 6.2: The human-APO
musculoskeletal model. The
APO (shaded yellow) is con-
strained to the gait2392 model
via weld joints. Model mark-
ers (shown in pink) are used
to scale the model and perform
inverse kinematics using ex-
perimental markers collected
from motion capture.

More information on the mathematics underpinning these OpenSim methods

is provided in Appendix A. Custom code was developed to execute the raw

data processing and simulation steps online, utilising the OpenSim API and

the MATLAB parallel processing toolbox. This code forms a significant part of

the ECHO MATLAB toolbox25, which was custom developed for this project.

6.3 Experimental Design

Our experimental protocol consisted of a model calibration step followed by

two distinct phases: the parameter identification phase, in which subject spe-

cific control parameters were identified, and the verification phase, in which

the metabolic cost of walking with a number of control modes was evaluated

for each subject. In order to avoid subject fatigue, these phases were conduc-

ted over a two day period. Figure 6.3 illustrates the main steps which took

place over each day.

All subjects completed the same verification phase, however for compar-

ison purposes two subjects undertook an identification phase based on a grid

sampling procedure, while for the remaining five subjects the HIL protocol

was used. The identification-phase search strategy employed for each subject

is noted in Table 6.1.

The details of each phase (model calibration, parameter identification, and

25https://github.com/DanielFNG/echo

https://github.com/DanielFNG/echo
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Calorimetry
measurements

Metabolic rate
computed for 4
varieties of control
mode

Day 1 - Identification

Subject
measurements Model calibration HIL optimisation

Experimental
parameters calculated

Subject-specific
dynamic model
generated

Optimised control
parameters identified

Day 2 - Verification

Optimisation Phase Trial Structure

Transparent Mode

60s0s 30s 45s15s

HIL Mode Unrecorded

Recorded

Verification Phase Structure

Transparent
ModeMode 1 Mode 2 Rest Mode 3 Mode 4

Block 1 Block 2

0m 8m2m 14m 19m 21m 27m 33m

Figure 6.3: Top: the sequence of steps which took place over the 2-day ex-
perimental protocol. Middle: the structure of a single walking trial within
the HIL optimisation step. The upper layer of the figure indicates whether
the APO was in transparent or active mode, while the lower layer shows the
period during which data was collected. Bottom: the structure of the verifica-
tion phase, during which subjects walk whilst experiencing a number of APO
assistance modes. The ordering of the four active assistance modes (red back-
ground) was randomised for each subject.

verification) are outlined in the forthcoming sections.

6.3.1 Model Calibration

This step ensured that walking speed and musculoskeletal model mass was

correctly calibrated for each subject. Subject mass and leg length were meas-

ured at the beginning of the experiment and are presented in Table 6.1. The

baseline walking speed for each subject was determined according to the prin-

ciple of dynamic similarity [111], as follows:

v =
√
FrgL, (6.18)
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where v is baseline walking speed, Fr is the Froude number (chosen here to

be 0.1), g is gravitational acceleration, and L is leg length (measured as the

vertical distance from the greater trochanter to the medial malleolus). All

subjects were made to walk at a pace equivalent to 120% of their baseline

walking speed.

During this step, marker data from a static pose was collected and used

along with subject mass to scale the generic human-APO model for each sub-

ject. Participants then underwent a 60s walk with the APO in transparent

mode. Gait cycles from the latter 30s of this transparent mode data were used

to produce a dynamically consistent scaled model via the RRA algorithm [40],

and to identify the preferred stride time for each subject, which was taken as

the average time of stride across all gait cycles. The preferred stride times for

each subject are presented in Table 6.1.

6.3.2 Parameter Identification

During the parameter identification step, subjects undergoing the HIL-based

search strategy completed 24 consecutive walking trials, each of which corres-

ponded to a single measurement for the optimisation. Each trial lasted 60s

and consisted of 30s walking in transparent mode followed by 30s of assisted

walking. Ten seconds of motion data was collected from the end of the assisted

period, and used to compute the mean metabolic rate for each tested control

Table 6.1: Physical & Experimental Subject Parameters

ID Mass (kg) Height (m) LL (m) ST (s) PAT (Nm) Identification Mode

1 67.3 1.80 0.93 1.15 15.8 HIL

2 71.3 1.82 0.84 1.09 10 HIL

3 79.3 1.74 0.75 1.03 10 HIL

4 58.6 1.78 0.84 1.09 10 HIL

5 59.9 1.68 0.75 1.03 8 HIL

6 81.4 1.81 0.83 1.08 15 Grid Search

7 68.3 1.62 0.79 1.06 10 Grid Search

The acronyms LL, ST & PAT correspond to leg length, stride time and peak APO torque,
respectively.



C
hap

ter
6.

O
p

tim
ising

A
ssistive

Torqu
es

for
G

ait
Effi

ciency
99

Figure 6.4: A schematic outlining the structure of a single trial taking place during the identification phase. Raw data
is collected and run through a series of processing steps, producing data for 4 gait cycles. The normalised metabolic
rate is computed for each cycle and averaged to produce a single measurement for the trial. This measurement is
input to the Bayesian optimisation algorithm, which then suggests control parameters for the next trial.
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parameterisation. For reference, the trial structure described here is illustrated

in Figure 6.3. Subjects were given feedback in the form of a 4-second audio cue

prior to any change in assistance mode, but after recording was completed for

that trial.

The data processing pipeline for each trial is presented in Figure 6.4. Up

to eight gait cycles were selected from the 10s of motion data collected in each

trial. Using OpenSim’s modelling algorithms, the model kinematics, muscle

activations and corresponding metabolic rates were computed. Due to the lim-

ited time available to complete the data processing, the MATLAB Processing

Toolbox was employed to execute these modelling steps for each gait cycle

in parallel. The normalised metabolic rate was then calculated before being

passed to the bayesopt function to select the new control parameters.

The control parameters p were updated for each trial according to the op-

timisation step outlined in Section 6.1.4. The first 12 sets of control paramet-

ers were selected randomly, so as to avoid early convergence to a local minima,

while the latter 12 were determined automatically by the Bayesian optimisa-

tion algorithm. Subjects were given a 5 minute rest period between the first

and second block of walking trials. After 24 iterations the optimal control

parameters identified for each subject were noted in preparation for the veri-

fication phase.

6.3.3 Verification

The verification step is designed as a sanity check on the results of the para-

meter identification phase. We collect indirect calorimetry from all subjects

walking with assistance from the APO in HIL mode, with the optimised con-

trol parameters identified during each subject’s identification phase. This data

is used to compute the steady-state approximation of metabolic cost (see Sec-

tion 2.4.2), which is widely used in literature where metabolic cost of move-

ment is studied [9, 61, 62]. Then, we contrast this result with further indirect

calorimetry measurements taken in other exoskeleton control modes in order

to objectively quantify the performance of the HIL-optimised control scheme.

The control modes utilised by the APO are outlined in a generic form in Sec-

tion 6.2.2.
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Subjects walked at the speed listed in Table 6.1, so as to match their walking

speed during the parameter identification phase, and completed a 6-minute

walk per assistance mode in two blocks of 12 minutes each. The blocks were

preceded by 2 minutes of warm-up walking in transparent mode, and were

separated by a 5 minute rest period. The ordering of the assistance modes was

fully randomised for each subject. For reference, the structure of the verifica-

tion phase is depicted in Figure 6.3. Reference measurements of resting meta-

bolic rate (RMR) and free walking (FW) metabolic rate were also obtained,

immediately prior to the main verification phase procedure.

In addition to collecting quantitative metabolic data, participants were also

asked to rate the assistance modes they experienced in terms of both comfort

and assistance quality. This was done at 3 distinct points during the verifica-

tion process:

1. Following Block 1, subjects were asked which mode was most comfort-

able and which mode provided the best assistance between Mode 1 and

Mode 2.

2. The same question was asked following Block 2, but with Mode 3 and

Mode 4 as possible answers.

3. Upon completion, the same questions were asked, but with any assist-

ance mode allowed as possible answers.

The purpose of the first two questions was to provide subjects with a reference

point for the relative strength of each assistance mode. Only the responses

to question 3 were recorded and are provided as data points in Section 6.4.

A copy of the questionnaire sheet used during the experiment is provided in

Appendix B.3.

6.4 Results

All subjects successfully completed both stages of the experimental protocol.

In Table 6.2, the optimised control parameters identified for each subject are

listed, along with the metabolic rates found in each tested mode of assistance

during the verification phase. The RMR value for S1 is unavailable due to an
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Subject ID
Control Parameters (%) Experimental Metabolic Rate (Wkg−1)

pext prise pflex pfall RMR Free Walking Transparent AO HIL Generic

1 9 26 50 88 - 4.56 5.98 5.89 4.96 5.42
2 5 32 71 75 2.13 4.57 4.75* 4.72 4.74 4.75
3 5 26 76 83 1.81 4.54 4.35 4.40 4.26* 4.06
4 5 31 51 84 1.47 4.66 4.81 4.91 4.68* 4.86
5 18 27 75 80 1.20 3.42 3.70 3.61 3.34* 3.35
6 10 30 65 75 1.35 4.11 4.48* 4.66 4.46 4.65
7 5 26 50 80 1.50 3.84 3.77 - 3.90* 3.98

Mean 8.14 28.29 62.57 80.71 1.58 4.24 4.55 4.58 4.35 4.44
Standard Deviation 4.85 2.63 11.98 4.75 0.34 0.47 0.77 0.74 0.55 0.69

Table 6.2: Optimised control parameters & metabolic rate data.
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error in the data collection during this period; similarly, the AO measurement

for S7 was discarded due to a failure of the adaptive oscillator algorithm to

synchronise with the gait of the subject.

The mean metabolic rates for each assistance condition are averaged over

all subjects and are collated at the bottom of Table 6.2. On average, only the

generic and HIL-optimised controllers are able to reduce metabolic cost rel-

ative to transparent mode walking. Among those modes in which the sub-

ject is encumbered by the APO, the lowest metabolic cost is incurred by the

HIL-optimised control scheme. On the level of individual subjects, the HIL-

optimised control scheme performed the best for 4 of the tested subjects, with

all other control modes performed best for 1 subject each. These results are

summarised in Figure 6.6a.

We found that the shape of the optimised assistive torques varied signi-

ficantly between subjects. In Figure 6.6d the mean optimised torque profile

over all subjects is shown, alongside the individual torque profiles identified

for each subject, while the standard deviation associated with each control

parameter is provided in Table 6.2. Our data suggests that the point of peak

hip flexion moment (pflex) in particular is the most susceptible to variations

between subjects, exhibiting more than twice the error range of any other para-

meter. Meanwhile, the rising point of inflexion (prise) is the control parameter

which exhibits the least variance.

Convergence is difficult to quantify for Bayesian optimisation protocols,

due to a tendency for the algorithm to balance exploring areas of the objective

function which are either high variance or near the currently expected min-

imum. In Figure 6.5a, we display the evolution of the iteration at which the

minimum value of simulated metabolic cost was achieved. This quantity indic-

ates how many iterations have passed since the Bayesian optimisation has suc-

cessfully sampled a lower point of the objective function, i.e. found a control

parameterisation resulting in lower metabolic rate, in this case. From this fig-

ure, we see a levelling off of the minimum index trace for each subject, which

ranges from iteration 6 at the earliest for S5 to iteration 18 at the latest for

S4. A more detailed example evolution of control parameters is shown for a

specific subject in Figure 6.5b.

For Subject 2 - Subject 7, the values in bold in Table 6.2 denote the assist-
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(a) (b)

Figure 6.5: (a) The trace of the iteration at which the minimum objective value
was observed for each subject who underwent the Bayesian-optimisation based
search strategy. (b)A diagram showing a sample of control parameter evolu-
tion for a single subject (S1). Shaded regions show the allowable values for
the corresponding parameter. The random selection of control parameters is
evident in the first 12 iterations, after which point the Bayesian optimisation
algorithm begins to converge towards a solution, indicated here by stars.

ance mode which the subject identified as providing the best assistance, while

the values with an asterisk denote the assistance mode identified as most com-

fortable. The total number of subjects identifying each assistance mode as

either most comfortable or the mode which provided the best assistance is dis-

played in Figure 6.6b and Figure 6.6c, respectively. From these graphs, we

see that the HIL-optimised mode was the most likely to result in an assistance

profile which was perceived as comfortable and helpful amongst all assistance

modes.

6.5 Discussion

In this section, we discuss the metabolic results & participant questionnaire

feedback presented in Table 6.2. In addition, we present a brief analysis of

the natural variation in walking style between two of our subjects using tech-

niques from Chapter 4.
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(a) (b)

(c) (d)

Figure 6.6: (a) The number of subjects for which each tested exoskeleton con-
trol mode resulted in the largest reduction in metabolic cost. (b) The number
of subjects who selected each APO control mode as the most comfortable. (c)
The number of subjects who selected each APO control mode as providing the
best level of assistance. (d) The mean control profile (blue) obtained by av-
eraging the obtained control parameters over all subjects, overlaid with the
standard deviations (red) of each control parameter at the corresponding node
points. To illustrate the range of assistance profile shapes, each individual op-
timised profile is also shown (light grey) with extension magnitude normalised
to 1.

6.5.1 Metabolic Cost

The HIL-optimised control scheme resulting from our framework performs

favourably compared to the two other active controllers, and is the control

mode which results in the lowest assisted metabolic cost for most subjects, as
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shown in Figure 6.6a. However, our results also indicate that the efficacy of the

exoskeleton control modes is highly affected by variations between subjects.

To better illustrate the relative performance of the tested control schemes, we

treat the cost of transparent-mode walking as a baseline and calculate relative

reduction in energetic cost for the AO, generic and HIL controllers. These

results are displayed in Figure 6.7 for Subject 1 and Subject 5. We observe

that the metabolic benefit of the AO control scheme is minimal in both cases.

Meanwhile, the generic control scheme offers a marked reduction in metabolic

cost of approximately 10% when compared to the baseline for both subjects.

We find that using the subject-specific control parameters identified by our

optimisation, we are able to further improve energy efficiency by a factor of

1.86 when compared to the generic controller for S1, compared to no relative

gain for S5.

Though the generic mode performs similarly for S1 and S5, the results are

quite different across the remainder of our dataset, and indeed the generic con-

trol mode results in increased metabolic cost for S4, S6 and S7. Comparatively,

the HIL-optimised mode results in decreased metabolic cost for all subjects ex-

cept S7. This is an interesting and quite unexpected result - the generic control

mode was initially expected to perform fairly well for most or all subjects, be-

ing based on a controller which was optimised to be effective on a group level

(a) (b)

Figure 6.7: The relative reduction in metabolic rate of the active control modes
for (a) S1 and (b) S5, expressed as a percentage of the energetic cost of walk-
ing in transparent mode. Labels indicate the relative magnitude of reduction
between modes.
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[13]. The poor performance of the generic mode over a portion of our data-

set may indicate that the optimal exoskeleton assistance strategy is even more

sensitive to subject parameters than was expected.

Also interesting to note is that subjects of similar mass and assistance level

can exhibit markedly different results for each of the tested assistance modes.

This is clear when comparing the results for e.g. the HIL-optimised and generic

modes for S4 and S5. Typically, human-in-the-loop optimisation protocols use

force & torque magnitudes which are fixed or scaled relative to subject mass.

These results suggest that a more appropriate approach may be to include the

maximum torque as an optimisation parameter. It is likely that this would

require too significant of a time investment for traditional HIL frameworks

which rely on calorimetry; however, this may be an interesting source of future

work for our simulation-based framework.

6.5.2 Participant Feedback

Although the primary objective of this work was to target metabolic cost re-

ductions, the post-experiment questionnaire results (see Figure 6.6) indicate

that our control parameterisation was both comfortable and gave the percep-

tion of increased assistance. It is particularly notable that no other active con-

trol mode was selected as the most comfortable. Although previous work has

shown that subject perception does not necessarily match true metabolic cost

[13], it is likely that subject comfort would be an important factor in promoting

adherence to rehabilitation regimes or exoskeleton assistance programs, espe-

cially if the subject required assistance for extended periods of time. There-

fore, increased comfort is a desirable characteristic.

Thus far, the focus of this work has been on collecting data from healthy

participants, with a view to targeting exoskeleton assistance for metabolic rate

reduction. For patients who deviate further from normal gait patterns, the

HIL-optimised results seen here are likely to be magnified. Our framework,

while implemented here using metabolic cost as the objective function, could

be easily extended to further use-cases due to the depth of analysis enabled

by the musculoskeletal modelling approach. For example, rather than looking

at metabolic rate as a whole, physiotherapists could select specific muscles to
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target for assistance or training, depending on the needs of the subject. Such

muscles could include deep muscles which are hard to target experimentally

(e.g. via EMG sensors). A source of further work for our framework will be

to investigate alternative objective functions, with the aim to recruit patients

with gait pathologies.

A key motivation for pursuing a human-in-the-loop optimisation protocol

with a simulated objective function was the potential benefit in terms of time

investment. The results we have presented here involve only 60s per iteration

of the HIL process, compared to at least 120s, but often longer, for methods

based on calorimetry [17, 59, 99, 118, 119]. A potential weakness of our ap-

proach, however, is a reliance on modelling assumptions which are not present

in tradition HIL protocols. An additional source of further work is to test al-

ternative models of human-exoskeleton systems and of metabolic energy con-

sumption.

6.5.3 Gait Analysis

The differences in optimised control strategies seen in Figure 6.6d are likely

due in part to the natural variations occurring between subjects, both in terms

of the physical characteristics listed in Table 6.1 and in specific locomotion

strategies. To elucidate these internal differences, a sequence of diagrams is

provided to compare and contrast various aspects of gait between two of the

participants. In Figures 6.8a and 6.8b, respectively, we compare the hip kin-

ematics and mass-normalised hip torques between Subject 1 and Subject 2,

as measured during transparent walking while wearing the APO. In Figure

6.9b, we use the same dataset to compare a range of kinematic and dynamic

gait metrics between the two subjects. These subjects were chosen as S1 ex-

periences the most benefit from exoskeleton assistance, compared to S2 who

experiences almost no change in any mode according to the values in Table

6.2.

The metrics used along with their definitions are as follows:

• Step width (SW) is defined as the medial-lateral distance between the

heel of the subject at consecutive heel strikes.
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(a) (b)

Figure 6.8: A comparison of gait data between Subject 1 & Subject 2. These
plots were obtained from data collected during the model calibration phase,
which corresponds to 30s of walking in transparent mode. (a) Mean and
standard deviation of hip flexion/extension kinematics. (b) Mean and stand-
ard deviation of hip flexion/extension moments, normalised by subject mass.

• Stance ratio (SR) is defined as the proportion of the gait cycle in which

the leading foot is in stance.

• GRF peak ratio (GR) is the ratio between the primary and secondary

peaks of the vertical ground reaction force of the leading foot (see Figure

6.9a).

• Hip flexion/extension range of motion (HK) is the absolute difference

between the points of maximum and minimum hip flexion.

• Peak to peak hip flexion/extension torque (HT) is the absolute difference

between the maximum and minimum hip flexion torque, normalised to

subject mass.

Three of these metrics (SW, HK and HT) were first introduced in Chapter 4,

while the SR and GR metrics are first introduced here.

6.5.4 Closing Remarks

In this chapter, we have presented a framework for optimising exoskeleton

control strategies based on a combination of musculoskeletal modelling and



110 6.5. Discussion

(a) (b)

Figure 6.9: (a) An example trajectory of vertical ground reaction force of the
leading foot over a gait cycle. The locations of the primary and secondary force
peaks used in the calculation of the GRF peak ratio gait metric are shown. (b)
Comparison of a range of gait metrics between Subject 1 & Subject 2. Metrics
include stance ratio (SR), GRF peak ratio (GR), step width (SW), hip range of
motion (HK), normalised peak to peak hip torques (HT). Asterisks denote a
p-value of 0.001 and 0.05 for 3 asterisks and 1 asterisk, respectively.

human-in-the-loop optimisation. Our method can outperform generic con-

trollers while requiring less time investment than recent state-of-the-art HIL

optimisation methods. This is critical if these approaches are to be used for

those with injuries or gait pathologies, where long experimental protocols are

not an option, and so that increasingly complex control parameterisations can

be investigated. Our method could also be useful for labs with motion analysis

equipment and experience in musculoskeletal modelling, but without the abil-

ity to measure metabolic rate via calorimetry.

The results presented here further highlight the sensitivity of exoskeleton

assistance strategies to differences between subjects, be they resulting from

physical differences in height or limb length (for example), or variation in in-

ternal locomotion strategies. Even off-the-shelf control schemes which have

previously exhibited strong performance on the group-level were detrimental

to the walking efficiency of some of our subjects. This highlights the need to

identify personalised control strategies which work well on an individual level

- indeed, this is the primary strength of pure human-in-the-loop approaches.

This need is, again, even more pertinent for those with gait pathologies, whose
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Formulation Update

In this chapter, and the one preceding it, we have seen the importance
of personalising exoskeleton control & design parameters to suit an indi-
viduals proportions and gait patterns. Much like gait can be considered a
term describing the unique walking style of an individual [97], a relation-
ship is needed which describes how a persons underlying walking style
(or gait) is affected by exoskeleton assistance on a neuromuscular level.
As a starting point, we posit the following relationship:

ν = ν0 + I(τe), (6.19)

In other words, the human muscle excitations v are composed of a
baseline excitation v0, which the subject would command if wearing the
exoskeleton transparently but experiencing no assistance, in combination
with a reactionary component I(τe), representing a change in the humans
neuromuscular control strategy instigated by the presence of active exo-
skeleton assistance. This relationship represents an additional constraint
which must be considered in the optimisation-based exoskeleton control
formulation. A notable exception arises when considering patients with
partial or full paralysis, where instead we may require constraints on ν
for the set of affected muscles. Some further remarks are made on this
case in the following chapter.

In some sense, the human-in-the-loop protocols presented in Chapters
5 and 6 bypass the need to learn the interaction model I by sampling from
the control (or design) parameter space online. However, as we will dis-
cuss in the concluding chapter, the human-in-the-loop framework does
not necessarily scale well to changes in walking context which are com-
mon in daily life.

walking patterns are likely to be further removed from the normal trajectories

on which many generic assistance controllers are based.

Further work remains to be done on the combined approach of musculo-

skeletal modelling and human-in-the-loop optimisation, particularly to im-

prove the accuracy of modelling human-exoskeleton interaction forces, and to

explore alternate search strategies. However, the intersection of these fields

has a great potential benefit for the growing community of people who benefit

from assistive robotic devices.
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Chapter 7
Conclusion

This thesis has been concerned with the effective design and control of exoskel-

etons, and other assistive robotic devices, for movement assistance. In Chapter

1, we identified three challenging aspects of exoskeleton-assisted locomotion

which are required to be solved before the true potential of exoskeletons as

assistive tools can be realised.

Firstly, we identified the need for modelling approaches which effectively

capture the dynamic interaction between humans and exoskeletons. Then, in

Chapter 3, we introduced techniques for modelling human-exoskeleton sys-

tems as a combination of musculoskeletal models, exoskeleton inertial proper-

ties, and constraint forces. A concrete example of a human-exoskeleton model

was detailed in full, namely the human-APO model, which was then used and

113
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referred to extensively in later chapters. In addition, we presented an analysis

of methods for modelling the interaction forces acting at human-exoskeleton

interfaces. This investigation relied heavily on the collection and processing

of data via experimental gait analysis, which was introduced and discussed in

detail in Chapter 2.

Next was the open question of which metrics, or objective functions, are

suitable to optimise assistance strategies. In Chapter 4 the concept of a gait

metric was introduced, and an attempt was made to formalise two key fea-

tures of gait metrics: resolution and invariance. A study was presented which

analysed the invariance properties of a range of gait metrics in order to identify

those which are most closely linked to the underlying optimisation of gait sta-

bility. From this analysis, we identified two metrics in particular — medial-

lateral centre of pressure displacement and medial-lateral margin of stability

— which exhibited the most desirable invariance properties, and incorporated

those metrics in to our optimisation formulation.

Finally, the third challenge we identified was the problem of shared con-

trol, and how to predict or otherwise control for unforeseen changes in hu-

man neuromuscular strategies due to the presence of external assistive forces.

We saw how human-in-the-loop optimisation techniques, by sampling directly

from subjects while learning optimal control (or design) parameters, can im-

plicitly account for this phenomenon. Two applications of this technique were

presented. The first application used human-in-the-loop methods to optim-

ise the design parameters of a full body exoskeleton, showing that parameters

like cuff placement can have a significant effect on performance. The second

application explored how combining musculoskeletal modelling and human-

in-the-loop optimisation can reduce the time investment required to complete

the optimisation process, and thus enable more complex assistance strategies

to be explored.

These three contributions represent a step in the right direction towards

enabling exoskeletons and active prosthetics to be more widely used in real-

world scenarios, which would lead to invaluable increases in quality of life for

many. In the final forthcoming sections, a consolidated view of the optimisa-

tion based formulation for exoskeleton control is presented for completeness.

Then, we discuss potential sources of further research.
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7.1 Optimisation-based Control of Exoskeletons

In Chapter 1, a simple optimisation problem was introduced to model a hu-

man following some kinematic trajectory. This oversimplified problem repres-

ented the starting point for an optimisation-based exoskeleton control formu-

lation. Throughout this thesis, this optimisation has been amended in a series

of formulation updates, first accounting for human-exoskeleton dynamics and

musculoskeletal modelling (p51), then identifying suitable metrics for the ob-

jective function (p71), and finally discussing the influence of shared control

(p111). The resulting formulation is presented below.

For a set of gait metrics26 M and a corresponding weight set W , exoskel-

eton motor torques µ are selected according to the following optimisation:

min
µ

k∑
1

wimi , (7.1)

Mc (q) q̈ + cc (q, q̇) + gc (q) = τh + τg + τe , (7.2)

τe = E (µ) , (7.3)

τh = F
(
f0, l, l̇

)ᵀ
R (q)a , (7.4)

l̇ = C (a, l,q, q̇) , (7.5)

ȧ = A (a,ν) , (7.6)

ν = ν0 + I(τe) , (7.7)

µ ≤ µmax , (7.8)

νmin ≤ ν ≤ νmax . (7.9)

For completeness, we summarise here the constituent elements of this system

of equations. Equations 7.2 and 7.3 are the equations of human-exoskeleton

dynamics, where E represents a specific human-exoskeleton force model (see

Chapter 3). Equations 7.4 - 7.6 are the equations of musculoskeletal dynamics,

modified to include the reactionary component to human muscle activation

discussed in the formulation update of Chapter 6 (p111). As noted in the

formulation update in Chapter 4 (p51), the elements of the gait metric set

which comprise the objective function (Equation (7.1)) will vary depending on

26See Definition 4.4.
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the task at hand. In this thesis, those metrics which optimise gait stability are

preferred. Finally, Equations 7.8 and 7.9 encode the control limitations on the

exoskeleton motor torques and human muscle activations, respectively.

A source of immediate further work following on from this thesis is to re-

search methods for modelling or learning the function I, which is necessary

to compute the reactionary component of human muscle excitation in Equa-

tion (7.6), so that this optimisation formulation can be further tested both in

simulation and the lab.

7.2 Future Research Directions

In this thesis we have seen evidence of the complexity of exoskeleton-assisted

locomotion. Though the solutions to problems presented within this thesis

represent a step in the right direction, the exoskeleton control problem is by

no means solved. As is common in science, the answers to some questions

often raise others. Here, a number of these questions are discussed in the form

of potential extensions to this work.

The Shared Control Problem

In this thesis, we have used human-in-the-loop optimisation strategies to es-

sentially circumvent the shared control problem — learning directly from mo-

tion data collected from the subject, rather than having to construct an explicit

walking style model (as in Equation (7.6)). The human-in-the-loop approach

has had strong metabolic results [99], but is not without drawbacks.

One notable drawback is the specificity of human-in-the-loop optimisation

solutions to a particular set of experimental conditions. Recall the equation

from Chapter 6 relating exoskeleton control parameters and metabolic rate:

V = f Cs (p). (7.10)

Here, the subscript s denotes specificity to a particular subject, whileC denotes

specificity to the walking context in which the optimisation was performed.

If a human-in-the-loop optimisation is performed for flat walking, there is

no guarantee that the learned control policy will translate to other walking
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contexts, for example walking on inclined terrain. Given that human-in-the-

loop optimisation protocols involve collecting upwards of 60 minutes of mo-

tion data per participant per context, it quickly becomes infeasible to account

for the natural changes in walking speed and incline which occur throughout

daily life.

One source of future work is to investigate alternatives to human-in-the-

loop optimisation that scale better to variations in walking context. One sug-

gestion is to make use of bi-level optimisation techniques, similar to those

which have been applied in dyadic collaboration tasks [149], and optimise exo-

skeleton assistance based on an internal optimal control simulations of human

walking style changes [150].

Modelling Pathological Gait

Throughout this thesis, we have constructed an optimisation-based formula-

tion of exoskeleton-assisted locomotion. We have thus far allowed for vari-

ation of walking style in the form of differing objective functions and human-

exoskeleton interaction models which are, to some degree, subject-specific.

However, we did not allow for variations in motor control strategies that can

result from the presence of gait pathologies.

Human locomotion is a complex process comprising of the recruitment and

cooperation of a huge number of musculotendon units. Pathological gait oc-

curs when this process is somehow impeded. Disruptions can broadly be char-

acterised as musculoskeletal or neurological in nature [151]. In the former, issues

occur due to injuries or structural deformities in the body which interfere with

the free and painless movement of the affected limbs; while in the latter, the

normal action of the central nervous system, peripheral nerves, or muscles is

inhibited.

As a starting point for investigating neuromuscular pathologies, two mod-

elling strategies could be investigated:

1. Limiting maximum isometric force.

2. Limiting muscle activation levels.

A limit on maximum isometric force can readily be introduced directly to an

OpenSim model by modifying the corresponding muscle parameter. Mean-
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while, a limit on muscle activation could be introduced to the optimisation

formulation given in Section 7.1 via a modification to the human activation

constraint like so:

νmin ≤ ν ≤ νp , (7.11)

where νp < νmax. A source of future work is to collect data from patients with

gait pathologies so that the modelling approaches outlined above can be eval-

uated quantitatively.
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Appendix A
Musculoskeletal Modelling

OpenSim is modelling software which allows users to create musculoskeletal

models & analyse dynamic simulations of movement [40]. It is built on the

multibody dynamics engine Simbody, which is aimed primarily at researchers

in the field of biomechanics [152].

OpenSim includes a set of generic musculoskeletal models intended for a

range of educational and scientific purposes. In this thesis, we focus on two

widely used models which were specifically designed for the analysis of hu-

man gait, with a focus on lower-body physiology. These models, shown in

Figure A.1, are known as the gait2392 and gait2354 models, being so named

as they possess 23 degrees of freedom driven by 92 and 54 musculotendon ac-

tuators, respectively. The human-exoskeleton models described in Chapter 3
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(a) (b)

Figure A.1: The (a) gait2392 and (b) gait2354 musculoskeletal models. The
models are identical except that the gait2354 model features fewer muscles.

use these human models as a base.

The following sections will introduce and explain the computational tools

OpenSim offers for running simulations of human motions. Note that these al-

gorithms are included within OpenSim, and were not developed for this thesis,

but are included as background information to aid understanding of the sim-

ulation steps outlined in Chapters 3, 4 and 6. The primary reference for the

subsequent sections is the OpenSim User’s guide [73]; for this Appendix only

repeated citations to this source are avoided. Information taken from other

sources is cited appropriately.

A.1 Scaling Musculoskeletal Models

The OpenSim scaling tool allows users match the mass and proportions of gen-

eric musculoskeletal models to specific subjects. The tool performs two steps

as part of the scaling process, both of which involve comparisons between a set

of experimental markers measured using motion capture data (for an example

of an experimental marker set, see Section 2.1.1) and a set of virtual markers

affixed to the generic model.
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Firstly, a subset markers located at easy-to-locate anatomical landmarks

such as the ankle bone is used to compute scaling factors between the vir-

tual model and the model of the subject. These scaling factors are then used

to scale the body segments of the model so that the distances between ana-

tomical landmarks are the same on the virtual model and on the subject. In

other words, this step ensures that the bodies comprising the virtual model are

scaled to that of the subject. The mass of each body is also scaled accordingly

by assuming that the mass distribution between bodies remains constant.

Secondly, the locations of the virtual markers are shifted to match the ex-

perimental marker locations. This step is less important for markers located at

anatomical landmarks, which should already be fairly accurate, but is import-

ant for clusters of markers used to represent (for example) the thigh and shank

which can have high variance in where they are located (between individual

trials as well as between subjects).

A.2 Inverse Kinematics

Joint kinematics trajectories, q(t), are obtained from experimental data via

least squares minimisation. The problem solved at each timestep is of the

following form:

min
q

m∑
i=1

wi ||pi − xi(q)||2, (A.1)

where pi is the 3D position in space of the ith experimental marker and xi is

the 3D position of the corresponding model marker, which is dependent on q.

A.3 The Residual Reduction Algorithm

Due to a combination of model inaccuracies27 and noisy data, OpenSim mod-

els are never perfectly dynamically consistent with the experimental data they

aim to track. Essentially, this means the actuators of the model are incapable

of tracking the desired motion and force data without the assistance of addi-

tional 6D forces applied to the root body. These additional forces are termed

27Model inaccuracies can result due to simplifications such as assuming a single torso seg-
ment or approximating the mass distribution for a subject.
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residual forces.

The purpose of the Residual Reduction Algorithm (RRA) is to iteratively

minimise this dynamic inconsistency by making adjustments to the model &

the simulated kinematics. The lower the residual forces, the more any mod-

elled motions are a result of internal joint torques rather than the residual

forces. In other words, the lower the residual forces, the more accurately the

OpenSim model is able to represent the experimental data.

The RRA algorithm is an improvement of the Residual Elimination Al-

gorithm (REA) employed previously by Thelen & Anderson [153]. The REA

algorithm aims to eliminate the residual forces completely by making changes

to the joint accelerations. However, this has the negative effect of drift on the

pelvis translations and lower back angles for simulations approaching and ex-

ceeding 0.5s. By changing both the forces and accelerations in a controlled

fashion, RRA is able to achieve much more stable and longer lasting results

than REA [154].

A.4 The Calibration Pipeline

OpenSim models are sensitive to modelling errors, particularly during the

scaling step. Incorrect weighting of markers, or marker data which has be-

come unusable during the course of an experiment28, can significantly alter

the resultant joint torques and muscle activations observed in simulation.

In practice, the model calibration process in OpenSim typically involves

modifying the weights of the scaling step to optimise for tracking error and

RRA residuals, both of which should be minimised. In the OpenSim docu-

mentation, the developers provide reasonable cut-offs for these parameters.

These cut-offs are summarised for reference in Table A.1.

In Figure A.2, a schematic is provided outlining the model calibration pro-

cess. Starting from a generic model (e.g. the gait2392 or gait2354 models),

a scaled model is generated via the scaling step, and further adjusted via the

RRA algorithm to better match the experimental data. Between each model

transition, analyses of tracking errors and RRA residuals are undertaken to

28For example, due to a marker which significantly shifted in location over time due to loose
clothing or other factors.
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Quantity OpenSim Cut-off

RMS Position Error (m) 0.05
Max Position Error (m) 0.04
RMS Rotation Error (deg) 5
Max Rotation Error (deg) 5
RMS Residual force (N) 10
Peak Residual force (N) 25
RMS Residual moment (Nm) 50
Peak Residual moment (Nm) 75

Table A.1: Maximum allowed values for tracking errors and RRA residuals as
specified by the OpenSim developers. Results exceeding these values indicate
that the scaled model poorly fits the measured experimental data.

ensure that the generated models are sufficiently accurate.

A.5 Inverse Dynamics

OpenSim uses the Simbody dynamics engine [152] to perform inverse dynam-

ics by solving the multibody equation of motion over time, i.e

τ =M(q)q̈ + C(q, q̇) + g(q) + J(q)T fext, (A.2)

where τ and q are the vectors of joint torques and joint angles; M and J are

the system mass matrix and Jacobian; C and g give the non-linear and gravity

terms; and finally fext is the net external force acting on the system, which

typically in this case is due to a combination of ground reaction forces and

exoskeleton assistance components.

A.6 Static Optimisation

The 23 degrees of freedom of the human-APO musculoskeletal model are

driven by 54 musculo-tendon units (MTUs). Each MTU produces force φm
according to its normalised length λm, velocity νm, and the level of muscle

activation αm, i.e.

φm =H(αm,λm,νm,πm). (A.3)
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Figure A.2: A diagram outlining the key steps of model calibration. First, a
generic model is scaled to match static data. This scaled model is made to track
kinematic data, and the scaling process is repeated with modified weights un-
til sufficient tracking accuracy is obtained. Then, the RRA algorithm is used to
adjust the scaled model and identify the residual force required to track a spe-
cified motion. This entire process repeats until the RRA residuals are within
the guidelines specified in Table A.1.

Here,H is a black-box function which encodes the relationship between muscle

parameters πm, such as optimal fibre length and maximum force, and the rela-

tionship between muscle force and current state. In practice the behaviour of

H depends on the muscle model used. In this thesis the model used is a mod-

ified version of a Hill-type muscle model [72], referred to within OpenSim as

the Thelen 2003 muscle model.

Consider a time history of torques at each joint of the model, as computed

by Equation (A.2). These joint torques are composed of force contributions

from the muscles of the model, which are mapped in to joint space by a coup-

ling matrix Cm determined by the placement of the muscle relative to the joint

[155]. For a given joint j with c muscles crossing that joint, we have

τj =
c∑

m=1

φ>mCm. (A.4)

For a known set of joint torques there are infinitely many solutions for the cor-

responding muscle activations. To identify a unique solution we can optimise
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over some objective function; in this work, we choose to minimise the sum of

squared muscle activations i.e.

min
n∑

m=1

(αm)2, (A.5)

where for our model we have n = 54. The process of solving Equations A.3 and

A.4 while minimising Equation (A.5) is known as static optimisation. Static

optimisation is significantly faster computationally than dynamic tracking al-

gorithms such as CMC, which we discuss next, and previous work has indic-

ated that for relatively low-impact movements (e.g. walking) the differences

in the obtained muscle activations are minimal [156, 157].

A.7 Muscle Energetics

Once the muscle activations are determined, either from static optimisation or

via a more complex dynamic tracking algorithm known as computed muscle

control [153], we can employ a muscle energetics model to compute the energy

expenditure for each muscle. The model used in this thesis is based on the

well known model by Umberger [145] with modifications to the recruitment

of muscle fibres and the treatment of mechanical work [146]. For simplicity

we use a black-box function, U , to express this model:

ε̇m =U (αm,λm,νm,πm), (A.6)

where ε̇m is the rate of energy usage of muscle m. Through summation over

the full set of muscles we can compute the rate of energy usage of the entire

model as

ε̇ =
n∑

m=1

ε̇m, (A.7)

where ε̇ can be interpreted as the overall energetic cost associated with the

movement.
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B.1 Gait Metric Invariance Data Table

Step Width (cm) Step frequency (steps/min)

BW UW DW FW SW BW UW DW FW SW

NE 17.3± 4.1 16.8± 3.5 18.5± 5.1 16.8± 4.5 15.9± 4.4 103.4± 8.7 103.5± 9.8 109.4± 9.0 108.8± 8.5 88.3± 6.7
ET 16.2± 3.5 15.9± 2.2 16.2± 3.2 15.9± 3.6 15.9± 2.5 98.7± 14.8 101.3± 6.9 105.7± 6.5 104.9± 12.3 83.9± 8.8
EA 15.8± 3.1 15.8± 3.2 16.3± 3.2 15.8± 3.8 16.5± 3.6 104.3± 5.3 105.4± 6.7 110.1± 6.9 109.2± 12.9 93.7± 7.5

θhip-RoM(Sagittal hip angles RoM (°)) τhip-pp(Sagittal peak to peak hip torques (Nm/kg))

BW UW DW FW SW BW UW DW FW SW

NE 36.0± 3.0 47.2± 3.8 30.4± 3.6 40.0± 3.2 34.7± 3.7 0.98± 0.2 1.24± 0.2 0.91± 0.2 1.23± 0.2 0.76± 0.2
ET 38.4± 2.7 50.3± 2.7 33.3± 3.8 42.7± 2.8 37.6± 3.5 1.02± 0.2 1.23± 0.2 0.97± 0.1 1.27± 0.1 0.80± 0.2
EA 39.6± 3.6 49.0± 3.0 32.0± 3.2 42.2± 3.1 36.0± 5.2 1.12± 0.1 1.33± 0.1 1.08± 0.2 1.44± 0.3 0.91± 0.2

CoP-APdisp(CoP anterior posterior displacement (mm)) CoP-MLdisp(CoP medial lateral displacement (mm))

BW UW DW FW SW BW UW DW FW SW

NE 419.1± 52.2 420.2± 56.8 413.4± 57.7 484.9± 83.7 403.3± 50.3 32.2± 14.6 31.3± 9.6 28.1± 13.6 36.8± 16.8 37.5± 20.3
ET 434.7± 45.8 431.3± 46.7 439.6± 81.8 508.0± 51.6 427.5± 49.2 37.0± 16.5 37.2± 13.8 31.5± 14.9 41.2± 16.9 40.7± 28.5
EA 444.9± 65.4 419.2± 55.1 418.1± 79.9 519.9± 101.5 390.5± 51.4 40.1± 18.2 40.2± 14.8 42.1± 18.2 48.4± 24.2 41.5± 18.4

CoM-Vdisp(CoM vertical displacement (mm)) CoM-MLdisp(CoM medial lateral displacement (mm))

BW UW DW FW SW BW UW DW FW SW

NE 30.0± 4.9 36.0± 6.0 35.0± 6.0 34.4± 4.0 26.6± 4.1 58.5± 19.7 55.0± 13.6 53.2± 19.3 49.8± 17.6 68.0± 23.2
ET 30.7± 4.8 37.6± 4.7 34.5± 5.9 38.4± 5.8 28.9± 5.1 55.0± 18.8 54.0± 12.2 51.6± 16.7 51.6± 16.0 72.1± 18.5
EA 31.7± 4.1 37.8± 5.0 33.4± 4.6 38.6± 5.7 28.9± 4.0 52.0± 13.7 51.1± 12.2 45.4± 14.3 45.4± 12.6 64.2± 18.7

MoS-AP (Margins of stability - anterior posterior (mm)) MOS-ML (Margins of stability - medial lateral (mm))

BW UW DW FW SW BW UW DW FW SW

NE 104.0± 36.1 101.8± 46.9 157.8± 45.4 120.8± 46.1 59.3± 36.3 68.8± 16.9 70.2± 18.6 72.05± 17.4 69.5± 20.6 63.3± 21.7
ET 90.2± 34.8 102.3± 39.6 135.6± 32.6 112.3± 25.6 39.8± 30.8 71.8± 17.3 70.1± 17.2 66.16± 15.3 71.75± 18.6 62.2± 18.6
EA 97.5± 25.7 112.5± 40.8 144.5± 41.9 125.5± 36.5 64.4± 30.1 68.7± 18.7 69.4± 15.8 70.0± 21.4 70.3± 18.5 66.8± 16.2

Table B.1: Mean ± standard deviation of metrics categorised by walking context and assistance scenario.
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B.2 Metabolic Power Consumption Data Table

Adductor brevis (mW/kg) Adductor longus (mW/kg)

BW UW DW FW SW BW UW DW FW SW

NE 17.2± 2.7 16.9± 2.1 16.4± 2.2 17.3± 2.8 16.2± 1.9 47.4± 13.7 51.8± 13.8 40.9± 11.7 52.2± 13.5 37.1± 8.8
ET 16.3± 2 16.4± 2.3 16.6± 2.2 17.4± 2.8 15.7± 1.8 44± 10.5 47.1± 12.1 40.8± 10.3 53.4± 15.6 35.4± 7.9
EA 17.3± 2.6 17± 2.7 17.5± 3.1 18± 3.1 16.6± 2.2 44.8± 13.6 48.2± 13.4 45.5± 13.3 51.1± 17.6 37.4± 8.3

Adductor magnus (mW/kg) Psoas (mW/kg)

BW UW DW FW SW BW UW DW FW SW

NE 14.2± 6.1 16.1± 9.3 13.4± 5.3 15.4± 7.5 13± 4.8 194.4± 40.8 228± 38.8 178.6± 35 218.6± 37.5 161.6± 27
ET 13.9± 6.1 14.7± 7.9 14.2± 7.3 15± 7.6 13± 5.3 204.3± 32.5 232± 30.8 203.1± 38.5 233.5± 34.9 169.3± 27
EA 14± 6 14.9± 7.9 14.7± 8 15.1± 7.7 13.3± 5.2 198.1± 35.2 213.4± 32.7 202.2± 37 229.9± 53.7 166.2± 33.8

Gluteus maximus (mW/kg) Biceps femoris long head (mW/kg)

BW UW DW FW SW BW UW DW FW SW

NE 72.9± 45.8 157.8± 101.3 41.8± 21.9 89± 54.3 63.4± 38.2 71.5± 33 116.1± 39.4 51.5± 20.6 91.8± 39.6 60.3± 20.4
ET 68.8± 43.7 159.5± 101.6 36.7± 20.7 82.6± 52.7 59.5± 36 76± 31.4 112± 34 61.8± 29.6 96.3± 38.4 61.3± 22
EA 73.7± 47.3 162.3± 106.2 40.7± 23.9 89.9± 55.9 62.9± 37.5 72± 30.8 110.2± 35.5 58.7± 29 101.2± 50.9 66.7± 27.3

Rectus femoris (mW/kg) Vastus medialis (mW/kg)

BW UW DW FW SW BW UW DW FW SW

NE 198± 63.3 225.2± 69.7 230.1± 66.2 233.1± 72.1 188± 52.2 52.6± 21 84± 20.2 63.2± 27.2 66.6± 22.7 41.6± 11.2
ET 229.3± 70.9 244.7± 89.5 235.9± 78.9 238.9± 64.1 211.9± 75.1 60.8± 20.3 114.1± 22.1 72.1± 23 75.3± 28.8 49± 13.5
EA 205.5± 69.3 233.3± 91.5 236.5± 84.2 234.2± 87.1 207.3± 72.2 59± 13.7 108.7± 21.9 75.8± 22.9 78.7± 28.6 53.6± 22.1

Medial gastrocnemius (mW/kg) Soleus (mW/kg)

BW UW DW FW SW BW UW DW FW SW

NE 197.1± 34.2 205.5± 36.1 155.3± 26.8 204.4± 39.9 160.9± 26.9 290.8± 67.4 355.4± 100.9 238.1± 63 334.8± 85.6 219.5± 73.8
ET 201.1± 44.9 198.2± 25 175.6± 37.3 221.2± 47.6 172± 30.3 318.3± 90 368.4± 108.9 250.5± 56.7 369± 89 243.3± 55.5
EA 198.2± 36.5 208.3± 32.2 163.4± 33 221.2± 69.2 176± 31.6 291.8± 83.8 385.1± 101.4 240.9± 88.3 354.3± 143.9 246.7± 65.2

Table B.2: Mean ± standard deviation of power consumption categorised by walking context and assistance scenario.
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B.3 Participant Questionnaire Sheet



Subject ID:   





You have just experienced Assistance Mode A followed by Assistance Mode B. 



Which of  the two modes, if  either, did you find most comfortable?




Mode A
1.
Mode B
2.
Both the same
3.
Not sure
4.



Which of  the two modes, if  either, do you think best assisted your walking?




Mode A
1.
Mode B
2.
Both the same
3.
Not sure
4.





You have just experienced Assistance Mode C followed by Assistance Mode D.



Which of  the two modes, if  either, did you find most comfortable?




Mode C
1.
Mode D
2.
Both the same
3.
Not sure
4.



Which of  the two modes, if  either, do you think best assisted your walking?




Mode C
1.
Mode D
2.
Both the same
3.
Not sure
4.





You have now finished the verification phase of  the experiment. You experienced four 
assistance modes in the order A, B, C, D.



Which of  the four assistance modes, if  any, did you find most comfortable?




Mode .....
1.
No one mode was best
2.
Not sure 
3.



Which of  the four assistance modes, if  any, do you think best assisted your walking?




Mode .....
1.
No one mode was best
2.
Not sure3.
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