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Abstract
Neurological injuries account for one of the leading causes of physical disabil-

ity. Physiotherapy has been shown to be an effective means of restoring function
to survivors of such injuries. However, conventional therapy can be tedious and
subjective. Over the last few decades, considerable research has been conducted
on the use of robotics to supplement therapy. While it has shown promise, uptake
remains low, with current devices tending to be too expensive and complex for
practical use in clinical settings.

This thesis presents a new robotic component which is a type of elastomeric se-
ries elastic actuator (eSEA). The aim is to improve rehabilitation robotics though
simpler design, modularity and better physical human-robot interaction (pHRI).
SEAs, which place a spring between an actuator and its load, are an effective
means of achieving safe and comfortable pHRI. eSEAs build on this concept by
using materials with inherent damping, which can further improve pHRI, increase
force-volume ratios and improve safety.

The first contribution of the thesis is the derivation of a model that allows the
eSEA to measure pHRI torque. It is validated over the course of 8-9 h of elastomer
compressions, where it is shown to reliably measure torque with high accuracy.
It is then inverted in preparation for model-based torque control with the eSEA.
Sliding mode control (SMC) and model predictive control (MPC) are compared
for pHRI torque control at the elbow with an exoskeleton utilizing the eSEA.
MPC provided more accurate torque control for well-known dynamics, however,
the robustness of SMC better compensated for uncertain human dynamics.

The next chapter of the thesis further explores topics of pHRI by quantita-
tively and qualitatively comparing motion smoothness and human perception of
interaction with an elastomer to that with a spring. More research is needed to ob-
tain conclusive results, however, the evidence suggests that the elastomer provided
more natural and smooth pHRI, in addition to being perceived more favorably.

The final chapters of the thesis discuss applications of the eSEA in applica-
tions related to human-robot interaction and therapy. The eSEA is first used in a
study that virtually normalizes physical impairment, to create a tool to study mo-
tor learning. The second application details a framework that combines clinician
expertise with robotic measurements. Each application deploys the eSEA at a dif-
ferent biological joint, displaying its modularity and versatility. These applications
also illustrate how the eSEA can be used to enhance the capabilities of clinicians,
ultimately leading to better outcomes for survivors of neurological injuries.
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Chapter 1

Introduction

1.1 Background and Motivation

Neurological injuries account for one of the leading causes of physical disability.
Some of the most prominent examples of medical conditions that arise from such
injuries are stroke, cerebral palsy, Parkinson’s disease and multiple sclerosis [1].
The cost of care for these patients can be significant: stroke alone is estimated to
cost New Zealand $880 million a year [2]. These issues are often accentuated in
elderly populations and this is concerning in light of global aging [3].

Primarily, patients struggle to perform motor tasks, often accompanied by cog-
nitive difficulties [4]. There are also significant effects of emotional impairment.
Since these are often omitted from scales measuring the impact of disabilities,
the true impact of neurological injuries is typically underestimated [1]. Survivors
of neurological injuries face a number of daily challenges, particularly related to
activities of daily living (ADLs). Inability to perform simple, everyday tasks re-
quires a carer to be present. In the case of children, this role is performed by
parents, placing significant socio-economic stress on households. As adults, many
are unable to work and thus exert additional pressure on social infrastructure [5].
Solutions are urgently needed to alleviate these issues and improve the quality of
life for people living with neurological injuries.

1.2 The Role of Physiotherapy

Physiotherapy plays a critical role in the treatment of neurological disorders such
as stroke and cerebral palsy and is one of the most popular and widely applied
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2 Introduction

treatments. Improvements in measures such as range of motion, strength, spastic-
ity and motor function have been observed following the administration of phys-
iotherapy to both stroke and cerebral palsy patients [6–10]. It is now recognized
that physiotherapy plays a crucial role in improving patients’ function in daily
life, conferring a number of benefits including reduced pain, increased indepen-
dence and improvements in performing ADLs [11]. However, traditional methods
of physiotherapy tend to be reported as frustrating, boring and tedious [12].

Moreover, physiotherapy methods are often subjective. Assessments such as
the Modified Tardieu Scale and the Modified Ashworth Scale are the clinical gold
standard to assess movement disorders afflicting patients with neurological in-
juries. These methods, however, typically rely on manual limb manipulation, fol-
lowed by a subjective rating on an assessment scale and thus have poor inter- and
intra-rater reliability [13–16].

The tediousness and subjectivity of current physiotherapy practices lend
weight to the argument for development of robotic therapy schemes. In recent
years, technology has advanced to the point where robots may be able to drive a
fundamental paradigm shift in the field of rehabilitation [17, 18].

1.3 Rationale for Robotic Therapy

Early studies on robotic therapy aimed to evaluate whether it could improve the
quality of therapy. In general, it was found that robots can incur positive outcomes
[19–24]. However, it is usually to a level no greater than that provided by a human
therapist, when all other factors are matched [25–27].

Nevertheless, alternative benefits of robotic therapy have been identified in-
cluding reduction of therapist fatigue, dosage increase and the ability to make
more repeatable and accurate measurements [28]. In fact, robots have been used
to assess a variety of patient characteristics such as measures of spasticity [29,
30] and movement quality [31]. Such assessments have the potential to outper-
form traditional clinical scales, which suffer from issues such as floor and ceiling
effects, observer bias and poor reliability [32–34]. Robotics also offers the opportu-
nity to "gamify" therapy, which has been shown to improve patient engagement,
particularly in pediatric populations [18, 35].

It is important to note that full autonomy is not desirable in rehabilitation.
The aim should not be to replace clinicians but rather to design robots that can
act as tools [36]. These tools should enable better use of available resources, a
common barrier to applying best-practice rehabilitation techniques [37].
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1.4 Design of Rehabilitation Robots

Despite the benefits of robotics for therapy, their use is not yet widespread. The
suboptimal design of rehabilitation robots presents numerous barriers to their
uptake. Current devices are complex, expensive and often designed without thera-
pist input [38]. Additionally, stakeholders should be considering how these devices
might be used for applications other than merely manipulating patients’ limbs.

One important design consideration is the method of actuation. Electric drives
are the most common actuator found in both research and industry. InMo-
tion ARMTM (Bionik Labs, Toronto, Canada), Armeo R©Power (Hocoma Ltd.,
Volketswil, Switzerland) and the Lokomat R© (Hocoma Ltd., Volketswil, Switzer-
land) are three examples of commercially successful rehabilitation robots that
utilize electric motor drives. In comparison to other actuators, they are simpler
to control and commonly available; but suffer the drawback of requiring a trans-
mission system, which reduces backdrivability and increases friction, backlash and
actuator bulk [39].

More recently, series elastic actuators (SEAs) have been used in rehabilitation
robotics, where a spring element is placed in series with the actuator and load [40].
SEAs are widely used, in both linear [41, 42] and rotary [43–45] configurations.
They pose significant advantages including improved physical human-robot inter-
action (pHRI), the conversion of a force-control problem into a position-control
problem and increased stability of such controllers. A drawback is reduced band-
width, although this is not necessarily a problem for rehabilitation, given the low
frequency of human motion [46]. The majority of SEAs use springs, see for exam-
ple [41, 42, 45, 47–50]. These have performed well and proven popular due to their
simplicity, linearity and low cost. However, they can have disadvantages, such as
a lack of damping, which could lead to undesired oscillations [51].

An alternative is to use an elastomer as the compliant element, a comparatively
unexplored solution. Elastomeric SEAs (eSEAs) have the potential to further im-
prove the quality of pHRI when compared with traditional SEAs. Improvements
in pHRI are significant, given its importance in designing clinically suitable reha-
bilitation devices [52]. The users of rehabilitation robots tend to have injuries that
impede motion and force production and thus safe and natural interaction with
the robotic device is of the utmost importance. One benefit of eSEAs is the nonlin-
earity of the torque-displacement curve, which allows initially soft interactions for
user comfort before "stiffening" to transmit higher torques. eSEAs also typically
have superior force-volume ratios [53]. While these benefits could conceivably be
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provided by a nonlinear spring [54], eSEAs may further improve pHRI due to their
inherent damping which could reduce oscillatory motion and improve comfort [53,
55–57].

1.5 Thesis Overview

1.5.1 Aims and Objectives

The main aim of this thesis is to develop an eSEA as a means of improving reha-
bilitation robotic design. The primary goals are to improve the pHRI of rehabilita-
tion robots and provide a platform for further research into rehabilitation science.
There is a focus on achieving more natural and comfortable interaction, as well as
achieving accurate measurement and control of pHRI torque. The modularity of
the eSEA is also investigated, deploying it across a range of joints in applications
relating to human-robot interaction and therapy. The final outcome of this the-
sis may provide more synergistic interaction between patients and robots, aiding
uptake of robotics in rehabilitation. The specific objectives to achieve this are:

1. Develop an accurate and reliable means of using the eSEA to measure torque.

2. Implement a control system to enable the eSEA to be used in an active
exoskeleton.

3. Assess the quality of pHRI of eSEAs, specifically in comparison to spring-
based designs.

4. Demonstrate the use of the eSEA in applications related to human-robot
interaction and therapy.

5. Demonstrate the modularity of the eSEA.

1.5.2 Previous Work

In 2015, the author completed a Masters thesis that proposed a new exoskeleton
design with a novel eSEA actuation system, illustrated in Fig. 1.1 [58]. It was
implemented in a prototype elbow exoskeleton, shown in Fig. 1.2. The elastomer
dynamics were modeled as a simple polynomial spring, and sliding mode control
(SMC) was used to control interaction torque at the elbow joint. The device was
tested on several healthy participants and one patient with cerebral palsy, who
had a self-reported score of IV on the Manual Ability Classification Scale.
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The SMC architecture was compared to a feedback-linearized proportional-
derivative (PD) controller and shown to be more robust across a range of operating
conditions. An impedance-type assistive controller was built on the low-level SMC
architecture and used to successfully reduce position error during a trajectory
tracking problem assigned to the patient with cerebral palsy. SMC was also shown
to accurately control elastomer deflection as the healthy participants performed
ADLs while wearing the elbow exoskeleton [59].

Figure 1.1: The first eSEA prototype. Reproduced from [59]. c© 2017 IEEE.

Figure 1.2: The eSEA prototype implemented in an elbow exoskeleton.
Reproduced from [59]. c© 2017 IEEE.
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1.5.3 Thesis Structure

This thesis begins with a review of the literature on rehabilitation robotics, cov-
ered in Chapter 2. Chapters 3-5 present the modeling and control of the new
eSEA. Chapter 6 presents an evaluation of the pHRI of an elastomeric element,
before Chapters 7 and 8 present applications of the eSEA as part of human-robot
interaction and therapy-related applications. More specifically:

Chapter 2 provides an overview of current literature related to the design of
rehabilitation robots. It contains an overview of various robots and gives special
focus to actuation and control methods. In particular, significant attention is given
to SEAs, as the device developed in this thesis belongs to that class of actuator.
The chapter concludes with an overview of applications for rehabilitation robots.

Chapter 3 presents the novel eSEA developed in this thesis. First, the me-
chanical design and general operating principles are discussed. A dynamic model
is developed that converts elastomer deflection to torque, thereby allowing the
eSEA to be used as a torque sensor. The reliability of this model is evaluated over
sustained periods of use similar to a clinical context. Chapter 4 mathematically
inverts the model from Chapter 3. This is done in preparation for implementing
torque control with the eSEA. Model inversion is essential for the majority of
model-based control architectures and thus allows a wider range of strategies to
be used to control the eSEA.

Chapter 5 compares two control strategies aimed at improving pHRI for
a robotic elbow exoskeleton driven by the eSEA. The chapter compares model
predictive control (MPC) to SMC, the former of which is relatively unexplored in
the field of rehabilitation robotics.

Chapter 6 presents a comparison of the pHRI quality of an elastomeric ele-
ment and a spring element. A range of qualitative and quantitative measures are
used to define the quality of pHRI while participants performed two tasks.

Chapter 7 presents an application of the eSEA as an assessment tool. It is
used in conjunction with a computer algorithm to virtually augment users’ wrist
motion, aiming to provide a platform to measure motor learning independently of
physical impairment.

Chapter 8 focuses on the development of a framework to assess movement
disorders. A case study for diagnosing dystonia and spasticity in the lower limb is
used as an illustration of the framework. The chapter concludes by discussing how
the framework will be validated as future work. Working towards this validation,
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a new exoskeleton based on the eSEA is presented and the model developed in
Chapter 3 is adapted for torques of the magnitudes required for lower-limb use.

Chapter 9 concludes the thesis with a discussion of the work as a whole and
directions for future work.

1.5.4 Summary of Publications and Contributions

The main contributions, and associated publications, of this thesis are as follows:

1. A new model for eSEA dynamics is developed and used to measure pHRI
interaction torque. It is tested over periods of 8-9 h of sustained compression,
to mimic use in a physiotherapy clinic. This work resulted in the following
journal publication:

C. Jarrett and A. McDaid. 2019. Modelling and Feasibility of an
Elastomer-Based Series Elastic Actuator as a Haptic Interaction Sensor for
Exoskeleton Robotics. In: IEEE/ASME Trans. Mechatronics, 24(3), pp. 1325
- 1333.

2. The elastomer model is inverted to provide a basis for model-based torque
control. This is a nontrivial task, given the complexity of the forward dy-
namic model. This work resulted in the following conference publication:

C. Jarrett and A. McDaid. 2019. A Model Inversion Procedure for Con-
trol of Nonlinear Series Elastic Actuators. In Proc. 16th IEEE Intern. Conf.
Rehab. Robotics. (ICORR). Toronto, Canada.

3. For the first time, MPC is used as a means of controlling torque and
impedance with an eSEA device. This control strategy is compared to an im-
proved version of the SMC architecture previously implemented on the first
eSEA prototype. This work has been submitted to the Control Engineering
Practice journal:

C. Jarrett, J. Köhler, A. McDaid and M. A. Müller. 2019. Model Pre-
dictive Control of Human-Robot Interaction Torque in Exoskeletons. In:
Control Eng. Pract. (Under Review).

4. The quality of pHRI provided by a spring element is compared to that
provided by an elastomeric element. "Good" pHRI is defined as smooth,
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comfortable and natural-feeling motion. A range of quantitative and qual-
itative data is used to measure the quality of pHRI. This work resulted in
the following conference publication:

C. Jarrett and A. McDaid. 2018. Comparing Physical Human-Robot
Interaction with Spring-and Elastomer-Based Series Elastic Actuators. In:
Proc. 40th Ann. Intern. Conf. IEEE Eng. Med. Biol. Soc. (EMBC). Honolulu,
Hawaii.

5. A novel algorithm for virtually normalizing physical impairments is devel-
oped that uses the eSEA to measure dynamic information. The study is
conducted with a 2-degrees of freedom (DOFs) wrist exoskeleton, demon-
strating the modularity of the eSEA. The eSEA is also used to simulate
impairments in healthy participants, acting as a robotic test bench for algo-
rithm validation. This work resulted in the following journal publication:

C. Jarrett and A. McDaid. 2017. Virtual Normalization of Physical Im-
pairment: A Pilot Study to Evaluate Motor Learning in Presence of Physical
Impairment. In: Frontiers in Neuroscience, sect: Neural Technology, 11(1).

6. Building on work by Melendez et. al, a framework is developed for assessment
and diagnosis of movement disorders [60]. The framework combines therapist
input with computational algorithms to obtain more reliable diagnoses. This
work resulted in the conference paper below and its validation with a knee
exoskeleton based on the eSEA is discussed as future work in Chapter 8:

C. Jarrett, C. Shirota, A. McDaid, D. Piovesan and A. Melendez-
Calderon. 2019. A framework for closing the loop between human experts
and computational algorithms for the assessment of movement disorders. In:
Proc. 16th IEEE Intern. Conf. Rehab. Robotics. (ICORR). Toronto, Canada.

In total, this thesis resulted in two accepted peer-reviewed journal publica-
tions, and three peer-reviewed conference publications. An additional manuscript
is currently under review with the Control Engineering Practice journal.



Chapter 2

Literature Review

This section reviews the literature on robotic rehabilitation systems. It begins
with an overview of examples of rehabilitation robots, categorized into upper- and
lower-limb devices and focusing on overall design. The next sections focus on ac-
tuation and control methods, in light of their importance to physical human-robot
interaction (pHRI). Special attention is given to the design and control of series
elastic actuators (SEAs) and elastomeric SEAs (eSEAs). The chapter concludes
by discussing applications of rehabilitation robotics. Each section is intended as
an overview of topics covered throughout the thesis. Subsequent chapters contain
more targeted summaries of literature related to their individual topics.

9
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2.1 Design of Rehabilitation Robots

2.1.1 Upper-Limb Robots

Upper-limb rehabilitation robots can typically be classified according to how pa-
tients interact with them [61]. Generally a device is either an end effector [62–64]
or an exoskeleton [65–69]. The former interacts only with the most distal part of
the limb through a manipulator, while the latter can control individual joints.

Each category has advantages and disadvantages: end effectors often have a
lower cost and simpler mechanical design, while exoskeletons allow greater control
over individual joints. Exoskeletons, however, also require special design features
to ensure patient comfort [61].

2.1.1.1 End Effectors

Krebs et. al pioneered the MIT-MANUS, an example of an end effector pictured in
Fig. 2.1. It was built with a 2-degrees of freedom (DOFs) planar module for forearm
and elbow motion, with a 3-DOFs module for wrist motion. It was equipped with
position and torque sensors and was specifically designed to have low endpoint
impedance. Patients appeared to enjoy using the robot, thought it was beneficial
and wanted to use it more [70].

Figure 2.1: MIT-MANUS Robot. Reproduced from [71]. c© 2007 IEEE.
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Lam et. al presented work on the GENTLE/S, another example of an end
effector robot. It contained two active DOFs and was height-adjustable. Photo-
resistors were installed to sense patients’ posture. During testing, therapists were
impressed with the software interface and reported positively about the potential
for motivating patients with feedback [72].

The MIME robot, from Stanford University, used two robotic arms, one pow-
ered and the other passive. In this design, the weight of the arm was supported
and the forearm restricted to planar motion. The MIME robot operated a "mas-
ter/slave" control system, where the impaired limb could be actuated by the robot
to mirror the movement of the healthy limb. It could also control an impaired limb
without movement of the active limb, in both passive and assistive modes [73].

Cafolla et. al developed CUBE, a cable-based end effector system for both
upper- and lower-limb rehabilitation. They cited low inertia as a key motivator for
using an end effector. Moreover, their device was designed such that no disassembly
was required for users to wear it, thereby increasing its usability [64].

2.1.1.2 Exoskeletons

Exoskeletons are designed to mirror the structure of a limb. One example is the
ARMin rehabilitation exoskeleton. It had 6-DOFs and was designed to allow a
patient’s arm to move in all directions, facilitating training of activities of daily
living (ADLs) [74]. ARMin was later commercialized as the Armeo R©Power (Ho-
coma AG) [75], pictured in Fig 2.2.

Figure 2.2: The Armeo R©Power 7-DOFs exoskeleton. Reproduced from [75]. c©
2019 Hocoma.
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Ren et. al developed the IntelliArm, an exoskeleton-type robot with a total
of 10-DOFs. It allowed control of all joints in a patients’ arm and incorporated
features such as passive DOFs in order to automatically adjust to different limb
lengths [76].

Cai et. al designed the SAIL exoskeleton. Springs supported the patient’s arm,
while a functional electrical stimulation (FES) strategy was used to control arm
movement. It was tested with 11 healthy subjects and five stroke patients who
performed a trajectory tracking task [77].

Aktan and Akdoğan developed the DIAGNOBOT, a 3-DOFs wrist exoskeleton.
Each DOF was actuated by a single servo motor and a force sensor measured
grasping. It was tested with five healthy subjects and performed accurately during
trajectory tracking and force generation tasks [78].

Li et. al developed a novel self-aligning exoskeleton. It had 4-DOFs and a
kinematic model of the human-exoskeleton chain was derived. The design was
validated by measuring participants’ motion during various ADLs, where it was
found that the exoskeleton allowed smooth movement, with only a small offset
between human and exoskeleton trajectories [79].

Jo et. al developed a spring-guided hand exoskeleton designed to exercise the
finger joints in flexion/extension exercises. The device used a single motor to
flex all fingers simultaneously and springs to passively extend the fingers. It was
validated by tracking the motion of the finger joint angles relative to a desired
trajectory and the results indicated that the device was able to actuate the fingers
accurately [80].

2.1.2 Lower-limb Robots

Lower-limb robots can also be categorized according to interaction type, with both
end effector and exoskeleton designs [81].

2.1.2.1 Lower-limb End Effectors

A range of lower-limb end effector robots exist, see [81] for an overview. Examples
include the Haptic Walker [82], ARBOT [83] and the Rutgers Ankle [84]. The
Haptic Walker was designed as a hybrid series-parallel robot. Users grasped an
arm support placed at the hip level and stood on two 3-DOFs platforms, which
actuated the legs. A harness system was included to support body weight [82].

Saglia et. al presented ARBOT, an ankle rehabilitation robot, pictured in Fig.
2.3. It utilized a universal-parallel-serial mechanism with 2-DOFs. A single DC



Design of Rehabilitation Robots 13

motor was used in combination with a gearbox and pulley system to transform
rotary motion into linear motion of a piston. This formed the basis of one actuator;
the robot contained three of these in total [83, 85].

Figure 2.3: ARBOT. Reproduced from [83]. c© 2013 IEEE.

Girone et. al developed the Rutgers Ankle as a Stewart platform design. Six
pneumatic cylinders actuated the platform and applied forces to the ankle joint.
The robot was linked with a virtual reality system, which presented an environ-
ment to a patient. Patients could interact with the environment by moving their
ankle, performing exercises designed to improve ankle function [84].

Another form of lower-limb rehabilitation device is known as an overground
gait trainer [86–88]. In [86, 87] the concept was to guide the patient’s leg through
a normative gait cycle, by attaching their foot to a linkage. The linkage was con-
tained in a walking frame; as the frame was moved, the linkage guided the limb
through the gait cycle. In [88], a robotic walker was used, but only pelvic support
was provided and the patient was attached to the device at the hips, where a
sensor measured interaction forces. Overground gait trainers have been designed
for both adult [87, 88] and pediatric [86] populations. An example is shown in Fig.
2.4.

2.1.2.2 Lower-limb Exoskeletons

Zhang et. al further categorize exoskeleton lower-limb rehabilitation robots into
treadmill-based and orthosis designs [81]. The Lokomat, pictured in Fig. 2.5, is an
example of the former [90, 91]. LOPES is another example of a treadmill-based
design, which was integrated with an end effector. It contained three actuated
DOFs per leg, with an additional 2-DOFs to control the pelvis, which was actuated
by the end effector. The results indicated that the robot allowed a patient to walk
freely and was capable of generating sufficient force for gait trajectory tracking
[92].
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Figure 2.4: An overground gait trainer. Reproduced from [89]. c© 2019 MDT.

Figure 2.5: The Lokomat. Reproduced from [71]. c© 2007 IEEE.

Lower-limb exoskeletons of the orthosis type tend to be used for assistive,
rather than rehabilitative, purposes. A few designs are discussed here for complete-
ness. Lower-limb rehabilitation robots categorized as leg orthoses include BLEEX
[93], HAL [94], Indego (Parker Hannifin Corp., Cleveland, OH, USA) [95] and
EKSO (EKSO Bionics., Richmond, CA, USA) [96]. Section 2.4.4 discusses the
application of robotics as assistive devices and contains further examples.

BLEEX was designed with a rigid spine used to attach a payload and a harness
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to attach the user. Two rigid connections were used at the torso and the feet,
while the remainder of the contact points had compliant connections. This helped
to improve comfort in the case of exoskeleton-human misalignment. Although the
BLEEX exoskeleton was not created specifically for rehabilitation, many of the
design principles remain relevant for rehabilitation robotics, particularly those
pertaining to comfort [93].

HAL was a lower-limb exoskeleton designed to facilitate walking for paraplegic
patients. The device contained motors at the hip and knee, in addition to springs
at the ankle joints to provide flexion forces to avoid collisions during the swing
phase of the gait cycle. Force reaction sensors and potentiometers were used to
gather information about gait cycle dynamics [94]. Researchers reviewing the use
of HAL in gait training found that there were benefits to gait function, however,
solid conclusions could not be drawn from that particular data [97].

Indego is a commercially available lower-limb exoskeleton with four powered
DOFs. The exoskeleton was designed with five modular components, each corre-
sponding to a segment of the leg. An app was provided as an interface for clinicians
to adjust various aspects of training. The device was tested on 16 spinal cord in-
jury patients and they performed a suite of walking assessments. Results indicated
that the robot was able to improve gait speed and that certain participants could
use it independently [95].

EKSO Bionics manufactures exoskeletons to assist gait function. A study was
conducted to assess two of these devices and they were shown to be safe and feasible
for use by people with a range of neurological injuries. Importantly, gait function
without the device was improved after a training intervention, primarily in terms of
balance; however, the study design prevented these changes from being attributed
to the training intervention. Nonetheless, the authors conclude by stating that the
evidence supports continued investigation of the efficacy of lower-limb exoskeletons
for gait training [96].

Several further commercial options for lower-limb exoskeletons are available,
the reader is directed to [98] for an overview. Of the devices mentioned there, REX
(Rex Bionics Ltd, New Zealand) is particularly notable, as it is one of the only
devices that does not require an additional stability aid.

2.1.3 Summary

Overall, there is a wide variety of robotic rehabilitation systems, however, the
ratio of commercial devices to research devices is low, with few transitioning suc-
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cessfully from the laboratory to market [98, 99]. Current devices are expensive,
bulky and complex, even those which have been successfully commercialized [91,
100]. Frequently, therapist input is not properly taken into account, resulting in
devices that are technically impressive but not optimal for clinical use. Successful
solutions should be low-cost, accessible, quick to don/doff and targeted to the
needs of patients.

Common design features include passive DOFs to align the devices to a range
of patient body sizes, compliant interfaces for improved physical human-robot in-
teraction (pHRI) and often some form of bodyweight support for the patient, to
ease the load on the robot and/or help to reduce patient fatigue. Another impor-
tant feature is modularity, which can help to reduce cost [61]. However, researchers
have noted a lack of modularity in rehabilitation robots [61, 101]. In [61], only a
few researchers had created modular devices, see for example [71, 102–104] and,
elsewhere, the commercial version of the MIT-MANUS, InMotion ArmTM (Bionik
Laboratories Corp). Modularity can be challenging from an engineering perspec-
tive, but it remains a promising, and relatively unexplored, means of improving
rehabilitation robots.

Ultimately, the aim should be to design robots that are both low cost and
uncomplicated. In turn, this may aid translation of robotic technologies to market
and increase uptake by clinicians and patients.

2.2 Actuation Systems

Rehabilitation robots are often characterized by their actuation system. Actuators
have a large influence on features such as comfort, bandwidth and controllability.
The following section presents some of the common actuation systems found in
robotic rehabilitation devices, with a particular focus on series elastic actuators
(SEAs).

2.2.1 Electric Drives

Electric motor drives are by far the most common type of actuator used in reha-
bilitation robots. These systems usually require simple control and are commonly
available, compared to other actuators. They can also provide high power. How-
ever, there are drawbacks. Some form of transmission system is usually required
due to high motor speeds, which introduces issues such as friction and backlash, as
well as decreasing backdrivability [39, 44, 105]. Backdrivability is a measure of the
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ease with which a motor-gearbox system can be actuated from the gearbox out-
put, and is a crucial criterion for robotic systems that interact with human users
[106]. It is possible to provide backdrivability via force-feedback [107], although
this does not feel as natural when compared to actuation systems that contain
inherent backdrivability.

2.2.2 Cable-Driven Systems

One solution to some of the issues posed by electric motors is to use cable drives.
By using a cable to transmit the torque of the motor to the human joint, the weight
of the actuation system is removed from the human. They also introduce some
compliance to the system, which is beneficial for pHRI. Bowden cables, consisting
of a cable that slides within an outer sheath, are common in robotic systems [47,
66, 108, 109]. However, Bowden cables introduce friction forces that are complexly
dependent on cable curvature, tension and velocity, which greatly complicates the
control of such systems [47].

Cable dynamics can be compensated for in a variety of ways. One option is to
change the physical characteristics of the cables themselves. Sulzer et. al focused
on mitigating friction by using a stiff Bowden cable sheath to reduce cable bending,
in addition to using a Teflon sheath around the cables [108]. Letier et. al also used
Teflon to coat the Bowden cables in their space exoskeleton. To further reduce
friction, they pre-tensioned the cables with a spring system. It was found that
a low pre-load tension resulted in lower friction [110]. Springs were also used to
provide pre-tension by Veneman et. al [47].

Letier et. al tested two approaches to further compensate for cable friction with
control methods: a Karnopp friction model and active feedforward compensation
using a torque sensor, the latter of which proved superior [110]. Dinh et. al similarly
focused on control methods to address issues caused by cable dynamics. They were
able to compensate for backlash in a Bowden cable-driven system by modeling it
as hysteresis and compensating it with a Bouc-Wen model. A nonlinear adaptive
controller was used to implement accurate position control of the elbow joint,
despite the variations in cable curvature that the motion induced [111].

Veneman et. al supplemented their mechanical design features by implementing
closed-loop torque feedback with a spring placed after the cable drives. By mea-
suring spring deflection, they were able to further compensate for friction losses in
the cables [47]. Mao and Agrawal similarly used a combination of mechanical and
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control methods, with a rubber damper to reduce backlash at the cable pulleys
and a closed-feedback loop to regulate tension [112].

Dual motor systems provide another solution for controlling cable tension.
Jones et. al designed a finger exoskeleton known as CAFE. Actuators were lo-
cated at each joint and attached to DC motors on the forearm via cables. Each
joint had two cables, to allow bi-directional torque production and each cable
was driven by a motor, one which provided the desired torque and one which
provided an antagonistic torque to maintain tension. Inner proportional-integral
(PI) controllers regulated joint angle, while an outer PI controller controlled the
joint torque [113]. Designs using two motors are seen elsewhere, for example [114].
However, the additional motor adds cost, complexity and bulk.

Capstan arcs are also sometimes used with cable drives. Compared to a typ-
ical gearbox, capstan arcs can provide a gear reduction with less friction and no
backlash [106]. For example, the RiceWrist-S was a cable-driven wrist exoskeleton
that used a capstan arc. The capstan allowed transmission ratios of 1:24 in some
axes, generating torques in excess of those required for ADLs [115].

Tsai et. al recently conducted a usability study on a cable-driven hand ex-
oskeleton. In an experiment comprising two healthy users and 18 stroke patients,
the system was found to have an excellent level of usability and users reported
positively on the device [116]. Studies such as these reflect the benefits that cable-
driven systems can provide.

2.2.3 Fluidic Actuation

Fluidic actuation systems are a popular research topic in the rehabilitation
robotics community. There are two main categories: hydraulic and pneumatic,
both of which can be rotary or linear. Hydraulic systems typically consist of
a prime mover, pump and actuator. Examples of hydraulic systems include
DAMPACE, with hydraulic brakes [117] and the wheelchair-mounted exoskele-
ton designed by Umemura et. al, which used hydraulic bilateral servo actuators
[118]. Other variations of hydraulic systems are found throughout literature [119,
120].

Pneumatic systems are structurally very similar. A typical setup consists of an
air source, a pump and an actuator. Pneumatic drives were used in the RUPERT
IV robot [121], the HWARD robot [122], the Pneu-WREX robot [123] and a 7-
DOFs exoskeleton [124]. A special type of pneumatic actuator exists known as
an air muscle. These contain a mesh which, upon pressurization, will increase in
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diameter and provide tension at its ends [61]. Examples of its use can be found in
[125, 126]. However, two of these actuators are required for bi-directional motion
and they require complex control algorithms due to highly nonlinear dynamics.

Fluidic actuation systems are praised for their high backdrivability and power-
weight ratio. However, they present issues in clinical settings. Bulky fluid sources
are required and the actuators often suffer from problems such as leakage and
excessive noise. Consequently, their use in commercial devices has been limited
[39].

2.2.4 Passive Actuation

In their review, Maciejasz et. al also categorize according to whether the robot is
passively or actively actuated [61]. By their definition, active robots use a pow-
ered actuator to move limbs; whereas passive devices use powered and unpowered
actuators that only apply resistive forces.

Rahman et. al developed a passive exoskeleton known as WREX that uses
elastic bands to passively compensate for gravity. Two versions were developed, one
for users in wheelchairs and a second for people who can walk independently [127].
The WREX robot led to the development of the passive T-WREX robot [128],
now commercialized as the Armeo R©Spring (Hocoma AG). Another example of a
passive device is the magnetorheological fluid-based isokinetic training machine
developed by Oda et. al. The amount of resistance a user feels could be varied by
regulating the electric current applied to the magnetorheological fluid [129].

Some devices are hybrid active/passive systems. The EASoftM device, devel-
oped by Oguntosin et. al, had two passive DOFs to compensate for gravity and
two active DOFs to actuate the wrist [130]. Kikuchi et. al designed the PLEMO
3-DOFs system for upper-limb rehabilitation, which had two active DOFs and
one passive DOF. Two electrorheological fluid brakes were used for force feedback
[131].

Kütük et. al developed a system which was both a hybrid exoskeleton/end
effector and a hybrid active/passive system. A Denso Articulated Robot was used
as an end effector, to control a 3-DOFs passive wrist/forearm exoskeleton. The
Denso end effector had a total of 6-DOFs, three to keep the wrist stationary and
the other three to actuate the passive exoskeleton [132].

Passive devices are promising, as they provide an opportunity to design robots
in a more cost-effective manner. Furthermore, they can usually be designed to be
used more simply than active robots and are thus more likely to be accepted by
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clinicians. From here on, a "passive device" refers to one that does not use motors
to actively manipulate the limb; rather forces are either only resistive (as per the
definition in [61], or applied manually to a patient by a therapist. This represents
a slight modification of the definition presented in [61].

2.2.5 Series Elastic Actuators

In 1995, Pratt and Williamson proposed the concept of an SEA, placing a spring
element between a motor and its load [40]. The advantages include shock ab-
sorption, the conversion of a force/torque-control problem into a position-control
problem, increased stability and increased user-comfort.

SEAs are widely used in robotic rehabilitation design in both linear [41, 42] and
rotary [43, 45] configurations. Variations on the standard SEA are also possible, for
example variable impedance SEAs [133] and the novel 2-DOFs design proposed
by Lee et. al [134]. Moreover, although first proposed over 20 years ago, they
continue to generate research interest. Recently, Marconi et. al used SEAs to
measure external torques in their hand exoskeleton [135], Vantilt et. al studied
the use of model-based control for their lower-limb exoskeleton that utilizes SEAs
[136] and Li et. al designed a variable stiffness controller for their SEA-based
sit-to-stand exoskeleton [79].

The work of Lee et. al illustrates an interesting tradeoff present when design-
ing SEAs. Their results were limited by the stiffness of their SEA. Specifically, the
design was too stiff, meaning that small torque increments required small displace-
ments. However, it is more difficult to control small displacements, particularly in
the presence of unmodeled dynamics [134]. This stiffness-resolution tradeoff also
affects torque measurement: for a given sensor resolution, stiffer elastomers will
result in a larger sensor range but a lower resolution. The tradeoff is a common is-
sue when designing SEA systems. For example, Veneman et. al designed a Bowden
cable-driven SEA with two series-elastic elements in parallel. Both the cables and
the SEA were modeled as stiffness elements, with a lumped damping term used
to include cable-induced friction. Spring stiffness was found to heavily influence
performance, both when too stiff and too compliant [47].

Various methods have been used to control SEAs. Usually, researchers will
implement force/torque control by controlling the displacement of the spring, in
conjunction with a spring model. Agarwal et. al developed a miniaturized SEA for
torque actuation in a finger exoskeleton. It used linear compression springs located
between the end of the Bowden cables and the joint. Joint torque was controlled
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by a proportional-integral-derivative (PID) controller with feed-forward terms [66].
Yu et. al created a novel linear SEA with two springs to achieve variable stiffness
[133]. It was controlled with a four term control law, with compensation for fric-
tion, human motion and disturbances, in addition to force feedback control. Good
results were achieved across a range of tests, including assistive torque control for
trajectory tracking, backdrivability testing and isometric torque testing [52].

Robust approaches to control are particularly popular in SEA design, given
that robot dynamics are often complex and, when considering rehabilitation, hu-
man dynamics introduce high uncertainty. dos Santos et. al proposed a rotary
SEA with a custom-made torsion spring, designed to rehabilitate the knee. They
used an inner PI torque controller and an outer proportional-derivative (PD) po-
sition controller based on H-∞ principles to realize variable impedance control
[137, 138]. This is very similar to the approach taken by Sergi et. al for their knee
exoskeleton [41]. Zhu et. al used SEAs in their 2-DOFs legged robot known as
Tigger. A PID controller with additional feedforward terms was used to control
the SEA torque. Importantly, the feedforward terms were updated adaptively, to
account for variable loads and the update rate of this adaptive control law was
determined by a Kalman filter [48].

Disturbance observers (DOBs) are a common approach to estimating uncer-
tainties and are paired with both linear and nonlinear controllers in SEA archi-
tectures. Jo and Bae used an SEA as the actuator for their hand exoskeleton.
A linear-quadratic tuned PD controller, enhanced with a DOB and feedforward
friction compensation, provided accurate position tracking [42]. A similar system
was proposed by some of the same authors in a separate paper, where they used a
linear-quadratic tuned PD controller and DOB, supplemented with a zero-phase
error tracking method, to compensate for friction [139]. Oh and Kong used a two-
mass dynamic model to model the flexible component of their SEA, and controlled
it with a DOB and feedforward controller [49].

Sariyildiz et. al proposed a novel variable stiffness SEA, achieved by connecting
a soft and hard spring in parallel. They compared conventional resonance ratio
control (RRC) to a new RRC method paired with a DOB. The new method yielded
accurate results for position and force tracking [140]. The authors then proposed
a new control system, which had advantages over the RRC method due to simpler
analysis and implementation. Sliding mode control (SMC) was used to achieve
position tracking at the motor-side of the SEA. It was combined with a DOB,
thus reducing the control gain required for the SMC [141].
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Losey et. al derived a model reference adaptive controller (MRAC) to regulate
SEA torque and compared it to a DOB approach, the latter of which was prone
to instability with uncertain parameters. They then used energy and passivity
principles to show that the MRAC is stable in impedance control architectures
[142], an analysis technique also seen in [143]. MRAC was also used by Calanca
et. al to allow their device to adapt to human dynamics [144].

Some authors have used hybrid architectures for SEA control, to address
the multiple control requirements for rehabilitation robots. Vitiello et. al used
a torsional spring in a rotary SEA for their elbow exoskeleton and controlled it
with a hybrid architecture. For interaction control, both a position and torque
controller were designed. The former implements the so-called "robot-in-charge"
mode, where the patient is passively moved; while the latter implements the
"patient-in-charge" mode [65]. A hybrid architecture was also used by Paine and
Sentis, who designed a novel prismatic SEA based on a ball-screw design for a
legged robot. PID control was combined with a DOB to realize hybrid force and
position control. This was deemed necessary due to the varying output impedances
during the gait cycle [145]. Hybrid systems provide versatility, but a switching law
must also be developed, which can lead to problems regarding stability.

Energy methods are also common. For example, Miura and Katsura controlled
a clutch-style SEA by considering the elastic potential energy stored in the SEA
[146]. Energy methods were also used by Ozawa et. al, who designed a variable
stiffness SEA and controlled it with an adaptive stiffness control law. The con-
troller regulated the stiffness such that energy consumption of the variable SEA
was minimized [147].

SEAs have been extensively investigated in literature on rehabilitation
robotics. They represent a significant improvement in pHRI over direct drives.
Authors have proposed several novel mechanical designs, in addition to several
novel control strategies. However, SEAs do have disadvantages; a lack of damping
can cause unwanted oscillations, it is often difficult to create compact designs and
the stiffness-resolution tradeoff can present design difficulties. In the next section,
a variant of SEA is discussed that is aimed at mitigating these issues.

2.2.6 Elastomeric Series Elastic Actuators

Elastomeric Series Elastic Actuators (eSEAs) are a variant of SEAs that can po-
tentially address some of the shortcomings posed by spring-based designs. They
have been given relatively little attention in comparison to spring-based SEAs. The
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concept of adding damping to an SEA system appears to have first been suggested
by Hurst et. al in 2005. They proposed adding a damper in parallel to reduce the
effects of unwanted oscillations. This concept was proven in simulation, where
oscillations following impacts were significantly reduced by the damped SEA [51].

At the time of writing, a search on the Scopus database, using the terms
TITLE-ABS-KEY(elastomer* AND series AND elastic AND actuat*) yields only
22 results. Of these, three are written by the author of this thesis. Of the remaining
19, only three are concerned with SEAs [55, 148, 149].

Kim and Oh proposed a jaw-coupling eSEA with a novel hysteresis model, for
use in a humanoid robot. The model was used to compensate for hysteresis and
a torque controller was implemented that could control torque to within 13% of
the sensor’s range [148]. Bolivar et. al proposed a dielectric SEA to be used in
an ankle orthosis, where the stiffness of the actuator can be varied electrically.
This is in contrast to typical variable SEAs that modulate stiffness with a second
motor [149]. Abe et. al used an eSEA in a biped robot and implemented a torque
controller. However, the model of the eSEA was based on Hooke’s Law and did not
account for the rate-dependent factors common in viscoelastic materials. While
control was adequate, vibration was present and testing was limited to a few
specific cases [55].

Only one other of the 16 remaining results was related directly to rehabilitation
robotics, where the authors used dielectric elastomers to create a soft orthotic
device [150]. In some ways, this device can also be considered as an eSEA, as an
elastomeric membrane was placed between the pneumatic actuators and the user’s
knee. The majority of the remaining papers focused on dielectric elastomers for
other applications.

Further investigation revealed a handful of other relevant papers. In one of
the earliest examples of the use of an eSEA, Parietti et. al investigated using an
eSEA in an end effector device known as OSVALD. An observer-based solution
was proposed to measure interaction force and a cascaded velocity-force control
architecture was used to implement force control. It was found that the eSEA was
able to render haptic interaction in a range that is appropriate for the human
sensory threshold [57].

Paskarbeit et. al investigated a jaw coupling eSEA design. Various geometries
of elastomer shape were trialled to establish an optimal torque-torsion relationship.
Following this, several models were proposed to measure torque with the chosen
design [56]. Austin et. al used nonlinear rubber springs as the compliant element
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in an eSEA. Their results indicated that the rubber springs provided improved
impedance compared to linear springs, yet retained comparable bandwidth [53,
151]. Kim et. al investigated different elastomeric materials for use in SEAs. Liquid
cooling was used to allow high torques to be generated for longer, and elastomeric
springs were found to outperform steel springs for position control [152]. Elsewhere,
authors have utilized eSEAs for designing snake robots [153, 154]. In [153], energy
storage, strength and compactness were stated as important design parameters
that motivated the use of an eSEA.

Overall, proponents of eSEAs cite numerous advantages over spring-based de-
signs, including higher force-weight ratios, higher force-volume ratios, improved
energy storage, oscillation reduction, improved safety characteristics and improved
comfort [53, 55–57, 153]. Nonlinear torque characteristics can also be advanta-
geous in mitigating the stiffness-resolution tradeoff typically associated with lin-
ear spring-based SEAs, by allowing large displacements for smaller torques and
"stiffening" at higher displacements to transfer higher torques. However, interest
in eSEAs is relatively new. It appears that the earliest paper on eSEAs in reha-
bilitation robots was published in 2011 [57]. The benefits of damped SEAs were
shown earlier by Hurst et. al [51], however, this was achieved with parallel damp-
ing, rather than using a material with inherent damping. The publication of recent
literature on the topic [53, 148, 151, 152] indicates that it is an emerging field.

2.3 Control Strategies

Another important aspect of rehabilitation robotics, which has a significant in-
fluence on pHRI, is control system design. The following section discusses some
of the main strategies that are used in rehabilitation robotics. Generally, there
are two separable concepts. The first is design of controllers to regulate the direct
interaction between the robot and human, i.e. applying a desired force/torque or
moving a joint to a desired position. Such control techniques are not exclusive to
rehabilitation settings and are often inspired by control architectures from other
engineering domains. The second concept refers to the development of algorithms
to stimulate neuroplasticity using robotic control.

2.3.1 Interaction Control

Most modern rehabilitation control systems use some form of interaction control,
in recognition of the fact that pure force and pure position controllers are of
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limited use in rehabilitation. Commanding a force without knowledge of position
is dangerous, as is commanding a position without knowledge of the force required
to achieve it.

With an interaction controller the characteristics of the system, such as stiff-
ness, are controlled in order to maintain a relationship between a desired trajectory
and the force needed to achieve it. This is known as impedance control [155] and
it is used in several robots to ensure natural interaction [114, 156, 157]. The in-
verse of impedance control is known as admittance control and is better suited
for accuracy in non-contact tasks [158, 159]. Recently, Cousin et. al demonstrated
the use of admittance control for an FES cycle device. The admittance controller
was used to ensure safety, and the electrical stimulation was controlled with SMC
[160].

Interaction controllers often consist of an inner loop for force control and an
outer loop for position control. Occasionally, the inner control loop is a simple PID
controller [143]. However, the nature of rehabilitation systems is uncertain due to
human dynamics. Researchers have begun to address this problem by introducing
robust control techniques for interaction control.

Some researchers opt for adaptive control techniques [161] or DOBs [162–164].
In [162], an inner robust position controller based on a Kalman filter DOB was
used for admittance control. Elsewhere, Kim used an observer to estimate the
variables required for an impedance controller [164]. It is also possible to use
fuzzy logic, as Yang et. al did to adapt trajectory generation for the motors in
their gait training robot [165]. Santos et. al used a biomimetic approach, creating
a low level controller based on central pattern generator principles [166].

Another popular technique is SMC [167], which has received significant atten-
tion for controlling rehabilitation robots. Bae et. al used SMC-by-proxy [168] and
SMC with a smoothing layer [169] to control the position of their SEA. Calanca et.
al proposed a chatter-free SMC solution found to be comparable to second-order
SMC [170]. Miranda and Forner-Cordero used SMC and compared it in simulation
to feedback linearization with proportional control, to create a robust interaction
controller. They found that SMC had superior performance characteristics [171].
Wu et. al compared SMC with a fuzzy component to PD control and conven-
tional SMC. In this study, the fuzzy augmentation yielded superior results to the
conventional methods [172]. Yun et. al used information such as gender, weight
and height to tune their chatter-free SMC controller and were able to create an
algorithm that performed superiorly to two other augmented SMC algorithms
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[173]. Rahmann et. al created a modified SMC control law with reduced chatter
and used it to control a 7-DOFs exoskeleton [174]. Numerous other examples of
SMC-inspired control of rehabilitation robots can be found throughout literature
[175–177].

2.3.2 Algorithms to stimulate neuroplasticity

The second control concept is the development of algorithms that can stimulate
neuroplasticity and motor rehabilitation, i.e. relearning the use of the limb by
strengthening neural pathways. This is regarded as a critical component of the
rehabilitation process [178].

In 2009 Marchal-Crespo and Reinkensmeyer conducted a review of training
strategies in rehabilitation robotics [179]. They categorize the control systems as
assistive controllers, challenge-based therapy algorithms, haptic simulation strate-
gies and non-contact coaches. For this thesis, only the first two categories are
considered relevant, since the device developed is not a non-contact coach and
does not contain the technologies to be classified as a haptic device in the sense
defined in [179]. While this is not an exhaustive classification, it is a valuable
foundation for categorizing the literature.

2.3.2.1 Assistive Control

Of the four categories, assistive controllers have received the most attention, partly
due to the similarities they share with conventional therapy strategies. The patient
contributes a portion of the movement and the robot will assist them to complete
it. The concept stems from the recognition that active participation in rehabilita-
tion is critical [180]. Psychological reasons [181] and the ability to practice with
intensity [25] are cited as further rationales.

However, patients can tend to rely too much on assistance, leading to a reduc-
tion in motor learning. This is known as the "guidance hypothesis" [182]. Studies
show that patients slack in the presence of assistance [183, 184] and expend less
energy while being assisted by a robot, as compared to treatment by a therapist
[185]. Other research suggests that the motor-learning process benefits when er-
rors are made [186, 187]. This led to the development of assist-as-needed (AAN)
control. The concept is to provide only as much assistance as the patient needs to
complete a task, thereby encouraging active contribution.

Impedance control was previously mentioned as an interaction controller. Some
researchers also consider impedance control as a simple and easily implemented
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version of an AAN controller, and control systems have been designed on this
principle alone [188–192]. However, it does not address the issue of temporal free-
dom, which is necessary when applying therapy across a population of patients
with varying motor abilities. Further issues include problems with stability at high
gains and no consideration of patient motion or intention [193].

One interesting approach to these problems is "path-control". It is similar to
the concept of impedance control, with the addition of a dead-band. No assistive
force exists in the dead-band, thus promoting patient participation and error gen-
eration. It also allows a degree of temporal freedom in completing the task. One of
the earliest references to its use was by Cai et. al [194] and the concept has been
repeated elsewhere in literature [67, 112, 195, 196].

While path-control partially solves the issue of temporal freedom, room ex-
ists for improvement. For example, the introduction of temporal freedom creates
a problem if the user is completely unable to move. The designs can be supple-
mented by additional features, such as a moving wall to ensure a minimum speed
and an adaptable flux providing assistance to move along the tunnel [195, 196].
However, the selection of such variables tends to be heuristic, based on therapists’
estimations or mean values from healthy patients. In other words, although there
is some patient-specificity, the solution is not fully-adaptable.

An alternative solution to patient-slacking is to combine impedance control
with a "forgetting factor", gradually reducing the robot’s input. Emken et. al
built on the research of [197] and developed an adaptive AAN controller that is
based on a computational model of the human motor-adaptation system [198].
The concept of a forgetting factor algorithm has been cited elsewhere in literature
[199, 200].

One criticism of the schemes addressed so far is that they are often "task-
dependent". Patient ability is not directly considered; control is instead adapted
in response to observed performance. It would be more useful to characterize a
patient’s inherent ability in terms of the workspace. This would eliminate slacking,
since the control system has an exact understanding of patient ability. Moreover,
understanding what is occurring on a subject-specific, physiological level makes it
easier to measure how patient ability is changing.

Some authors have addressed this by proposing impedance control with an
adaptive feed-forward term based on Gaussian radial basis functions (RBFs) [68,
183, 201]. Gaussian radial basis functions are used to create a non-linear, time- and
position-varying force-field, thus allowing estimates of patient ability as a function
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of the workspace. These controllers are able to adapt to a patient’s progress and
"remember" areas where they needed more assistance, reducing this assistance as
the therapy sessions continue. A forgetting factor can also be included in these
control laws to reduce the amount of assistance applied as patients’ skill levels
improve [183, 201].

2.3.3 Challenge-based Control

The second category of control mentioned by Marchal-Crespo and Reinkensmeyer
is "challenge-based". They list three sub-categories: resistive therapy, constraint-
induced therapy and error augmentation (EA). Resistive therapy has received
some attention in the robotics community [72, 117, 202], while constraint-induced
motion therapy has been noted as one of the most effective methods of provid-
ing rehabilitation for cerebral palsy patients and has been implemented in some
robotic devices [203]. The third category, error augmentation, otherwise known
as error amplification, has received significant attention regarding its influence on
motor learning. As opposed to AAN where errors are "allowed" to occur, in EA
errors are actively induced. This can be both visual and physical; that is, altering
visual feedback to make it appear that errors are becoming worse, or applying a
physical force to induce further errors [204].

Some work has attempted to combine AAN and EA. In one case, Wang et. al
compared the effect of integrating visual EA with physical AAN [205]. They found
that the integration of methods resulted in superior performance to AAN alone.
In another study, Rauter et. al created a controller that changes the direction of
a force-field to either assist or impede the patient [206].

In both AAN and EA paradigms, there is a recognition that errors are impor-
tant for motor learning, however, EA has been suggested to be more effective than
AAN [187]. The hypothesis is that the errors incur a greater conscious engagement
with the task and thus provide greater motivation than assistive methods [207].
The overall evidence, however, is not clear. While some studies have shown promise
using EA [187, 208–210], other studies have had mixed outcomes and suggested
that errors impede learning [211]. Elsewhere, Heuer and Lüttgen suggested that
error-based strategies are only helpful for learning a motor task if the source of a
robotic error cannot be distinguished from errors originating from motor-learning
errors [212].

In summary, there are cases where EA appears to be superior to AAN for
invoking motor learning and in others, inferior. To understand why results are
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unclear and varying, it is important to consider the conditions under which optimal
motor learning takes place. This is discussed further in Section 2.4.2.

2.4 Applications for Rehabilitation Robotics

2.4.1 Physical Therapy Interventions

The earliest application of rehabilitation robots was to provide therapeutic in-
terventions and numerous studies have investigated their efficacy in this regard.
Most studies have concluded that robotic therapy does improve outcomes, with
patients showing improvement in areas such as strength and range of motion.
However, there is a lack of evidence to suggest that a human therapist, if matched
in terms of movement type and repetition quantity, could not provide similar out-
comes [25–27]. Nevertheless, this is not to say that robots do not have benefits for
therapeutic interventions.

For example, their ability to support body weight during training is a signifi-
cant advantage over conventional therapy, as it helps to reduce therapist fatigue.
Moreover, by training patients in a vertical position, muscles are strengthened
that would otherwise atrophy [98]. The intensity at which a robotic system can
deliver therapy is also advantageous. Studies have indicated that repetition and
quantity of training significantly influence the effectiveness of therapy [213–215],
and there are suggestions that conventional therapy doses are too low [25]. An-
other advantage is the feedback that is possible with robotic systems, specifically
the ability to "gamify" therapy, which may increase patient engagement [25, 35].

Gamification, however, has it challenges. Designers of games for rehabilitation
purposes face a challenge to match the entertainment derived from video gaming.
These games are fast-paced, and by contrast, the games associated with reha-
bilitation can be perceived as boring or non-engaging. Moreover, care must be
taken to design games that encourage proper rehabilitative motions and not poor
compensation strategies [216].

Telerehabilitation is another means by which robotics could benefit therapeutic
interventions. Allowing patients to perform tasks at home while remotely super-
vised by a therapist could aid patient participation, increase the number of patients
able to be treated by therapists and facilitate treatment for patients who find it
difficult to attend sessions at clinics. However, the practicality of installing robotic
devices in patients’ homes, in terms of cost and logistics, remains prohibitive [216].
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The importance of incorporating therapist knowledge in robotic rehabilitation
interventions has also been emphasized [217]. While early studies tried to automate
the entire process, the role of the therapist should not be forgotten. It seems
that the optimal solution is to combine the data-collecting abilities of robotic
rehabilitation devices with the knowledge of therapists. Therapists also provide a
level of patient interaction that is difficult to be matched by a robotic system. This
is particularly important when considering the influence of psychological factors
on the efficacy of robotic training [36, 218].

Engineers need to consider how robots can be designed as tools for therapists,
to augment their abilities, rather than replacing them by automating the therapy
process. Moreover, current solutions are not cost-effective and this should be a
priority for future research [27, 216]. Finally, it is clear that the most significant
benefits of using robots for rehabilitation go beyond simply administering therapy
and alternative applications of robotic therapies should be thoroughly investigated.
Examples of such applications are the subject of the remainder of this chapter.

2.4.2 Stimulation of Motor Learning

Motor learning plays a critical role in the rehabilitation process [178]. It can be
broadly categorized into two groups: adaptation and skill acquisition. The former
describes a motor response to environmental changes, where a person must re-
gain a previous level of skill. The latter refers to improving upon a current skill
[219]. Motor learning is generally measured by three factors: acquisition, the ini-
tial learning of a skill; retention, the ability to perform a skill some time period
after the initial acquisition phase; and transfer, the ability to use the skill in a
new context [215]. It is important that neurorehabilitation programs are designed
such that each of these aspects are considered [220].

One of the most important and influential theories regarding motor learning
is the Optimal Challenge Framework. First proposed by Guadagnoli and Lee, the
Challenge Point Framework describes a theoretical point at which motor learning
is optimized. The framework suggests there exists a point at which the task is not
so trivial that a participant doesn’t learn, but not so difficult that they can’t learn.
The Challenge Point Framework is a unifying way of describing all the factors that
influence how difficult a task is and how it relates to motor learning [221].

In light of this framework, a possible reason for inconsistency in results when
comparing AAN to EA is provided. An interesting study was conducted by
Marchal-Crespo et. al where the role of initial skill level was taken into account
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when deciding if AAN or EA induced more motor learning. It was found that
initially skilled participants benefited from EA, while AAN was better suited to
participants who began with low skill levels [222]. Similar findings have been re-
ported in other papers [223]. For a given task, people with low skill levels have a
nominally more difficult task and thus EA is not appropriate because it increases
the difficulty of the task beyond the optimal challenge point. Likewise, AAN may
not be appropriate for a highly skilled participant because the difficulty of the task
will decrease below the optimal challenge point. Various papers use the framework
to interpret the results of motor-learning experiments [224, 225].

Robots offer several advantages when studying motor learning as part of neu-
rorehabilitation and a recent review highlighted the importance of incorporat-
ing motor learning science and neuroplasticity principles in robotic rehabilitation
paradigms [226]. Proponents of robotic technologies cite easy deployment, mea-
surement reliability and the ability to deliver training protocols with high intensity
as factors that support their use to facilitate, and research, motor learning pro-
cesses [187, 227, 228]. Their ability to deliver precise forces allows both systematic
testing of subjects’ adaptation to disturbances, in addition to providing a means
by which patients can improve their ability to correct errors [187, 229].

The role of feedback is also important in motor learning, and robotic devices
are recognized for their potential to enhance the quality of feedback during mo-
tor learning-based rehabilitation [229, 230]. Studies have compared external and
internal feedback, finding that the former was more effective, potentially due to
the fact that internal feedback may cause a high mental processing burden [231].
The frequency of feedback is also important [232] and patients could benefit from
different forms of feedback (e.g. verbal, auditory, visual) [233]. It is significant that
during testing of the robotic device GENTLE/S, one of the main benefits noted
by therapists was the ability to provide visual feedback to patients [72].

Finally, while motor learning is recognized as important to regain use of limbs
and perform functional tasks, it is an open question as to whether neurological
injury affects a person’s ability to motor learn. This is a difficult question to
answer in experiments, given the variability of patients with neurological injuries
and their movements, compared with healthy controls [219]. The repeatability and
precision offered by robotics, however, may be able to help to test this hypothesis.

Overall, the science of motor learning has many implications for robotic re-
habilitation. In this section, two primary aspects are emphasized. Firstly, robotic
rehabilitation devices should be designed to incur optimal motor learning. Factors
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such as feedback and algorithms to stimulate neuroplasticity (e.g. AAN, EA) are
critical in determining task difficulty and robotic systems should be designed with
sufficient flexibility to adapt such parameters on a subject-specific basis. Secondly,
it is not yet clear whether survivors of neurological injuries motor learn with the
same mechanisms as healthy subjects, a question which robotics may help to solve.

2.4.3 Robotics as Assessment Tools

A review by Scott and Dukelow examines the use of robots as assessment tools
in clinical settings. Issues that robotic assessment may mitigate include inter-
therapist variability and floor and ceiling effects of current clinical scales. They
may also provide better cost-efficiency through more accurate and complete as-
sessments [33].

Lee et. al used a hand exoskeleton in order to assess finger force control in
stroke patients and healthy adult counterparts. Two metrics were considered: re-
peatability and flexibility. The exoskeleton used was able to measure and apply
forces at the fingers, as well as measure finger joint angles [234]. Skarsgard et. al
used robots to assess developmental coordination disorder. Participants performed
a target reaching task with the KINARM upper-limb robotic tool. The authors
note that current diagnoses of the disorder are not standardized and suggest that
the use of robotics may help to solve this issue [235].

Coderre et. al used a robot to assess sensorimotor function of stroke patients.
Five attributes of sensorimotor control were subdivided into 12 movement param-
eters, such as hand speed, reaction time and initial movement direction error [236].
A study by Merians et. al measured range, speed, fractionation and strength as
they related to hand movement, first performing a baseline test and then using
patient performance as a basis to adapt task difficulty [237].

Bosecker et. al used the InMotion 2 robot to collect 20 kinematic and ki-
netic metrics, including path deviation and mean shoulder strength, before using
regression models to estimate clinical function scores such as those used in the
Fugl-Meyer assessment [238]. A similar study was conducted by Keller et. al in
which they compared metrics such as range of motion and spasticity to common
clinical measures. Overall, the robot was able to provide a set of measurements
that correlated reasonably well with clinical measures [239].

Seth et. al summarized a body of work that uses electromyography (EMG)
signals to measure spasticity, since they can detect involuntary muscle activity.
They state, however, that EMG is of limited use in clinical settings, due to the
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uncertainties involved with its setup. They instead attempt to measure spasticity
using position, force and velocity data only. They were able to distinguish between
fully-recovered and healthy patients, suggesting that their method is more accu-
rate than current clinical measures [240]. Computerized assessment of spasticity
is popular, with many examples throughout literature [29, 30, 241–243].

Simbaña et. al conducted a review on the use of automated assessment of neu-
rological disorders affecting the upper-limb. One of their most interesting conclu-
sions is that automated assessment systems should combine clinician knowledge
with sensorized technology [244]. Asakawa et. al similarly concluded that clini-
cians should retain a significant role in the assessment process, in their review of
computerized assessments of Parkinson’s disease [245].

Despite the potential of robotics to offer standardized, repeatable and insight-
ful assessments, a recent review of stakeholders (clinicians, medical device compa-
nies, researchers, etc.) identified a number of barriers to their widespread uptake.
Two significant barriers were time to complete an assessment and high cost [246].
This suggests that design is an issue; were devices cheaper and simpler to use,
clinicians may be more receptive to their use. It is also widely agreed that robotic
assessments need to be related to neurophysiology [99, 247], as there is a disconnect
between the data that robots measure and how this is converted to useful clinical
information [247]. Finally, it has been emphasized that to encourage the adoption
of robotic assessments, they need to be designed specifically for assessment pur-
poses, ideally as solutions that can be adopted into current clinical practice with
minimal impact [244–246].

2.4.4 Robotics as Assistive Devices

The final application covered in this literature review is the use of robotics as as-
sistive devices to help patients with neurological injuries perform ADLs. Although
these are not rehabilitative in the sense of directly treating the neurological in-
jury, they do help patients to regain independence and thus can be classified as
rehabilitative in that sense.

In 2014, a collaborative project was initiated to develop a full body exoskeleton
designed to assist the elderly as they perform ADLs. Named the AXO-SUIT, it
consisted of two subsystems, one for the upper body and one for the lower body.
There were a total of 12-DOFs in the lower subsystem and 15-DOFs in the upper
subsystem, each a mixture of passive and active DOFs. The lower-limb subsystem
aided with ADLs such as walking, where it could provide up to 50% of the required
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torques, and the upper-limb system aided with ADLs such as reaching and lifting
objects. The device was evaluated with a mixture of EMG readings and subjective
assessment. The results were not conclusive; while positive assistance was shown
for most tasks, in some cases it was not clear from EMG measurements that
assistance was given [248].

The "mano" hand exoskeleton was specifically designed to assist and restore
hand function for performing ADLs. The device was driven by Bowden cables, with
a chest pack containing the motors and power source. The exoskeleton actively
actuated the fingers in flexion/extension, with passive DOFs incorporated to allow
abduction/adduction. Two users with spinal cord injuries (SCIs) were able to use
the device to perform a range of ADLs [249].

Rocon et. al presented work on WOTAS, an upper-limb exoskeleton that was
designed to reduce the effects of Parkonsonian tremor. It could apply tremor-
reducing forces to 3-DOFs independently: elbow flexion/extension, wrist flex-
ion/extension and wrist supination/pronation. There were three modes of oper-
ation: Monitoring, where it assessed tremor; Passive Control, where it rendered
a virtual impedance to suppress tremor; and Active Control, where forces were
applied to oppose tremor. Four patients were tested and the system was able to
consistently suppress 30% of the power of the tremor, and in some cases up to
80% was suppressed [250].

The ReWalk (ReWalk Robotics Inc., Marlborough, MA, USA) is a commer-
cially available powered lower-limb exoskeleton. Motors are placed at the hip and
knee joints and users control the device through torso movements. Ankle move-
ment is guided by a spring-loaded system and crutches are used in order to provide
balance. Esquenazi et. al conducted a study in 2012, evaluating 13 participants
who used ReWalk over the course of eight weeks. They performed a number of
training exercises and received a follow-up evaluation 12-15 months after the in-
tervention. The authors concluded that ReWalk was suitable for restoring ambu-
latory function in SCI patients and potentially provided benefits in terms of pain
management, spasticity and bowel function [251].

Schrade et. al developed Varileg, a variable stiffness exoskeleton with 3-DOFs
of freedom: two powered DOFs at the hip and knee, and one passive spring-loaded
DOF at the ankle joint. The actuators used two motors, one to set an equilibrium
position and a second to pre-tension a spring, thereby achieving variable stiffness
[252].

Assistive devices play a valuable role in restoring independence to survivors of
neurological injuries. Community involvement and independence are key goals of
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rehabilitation. However, as with the previously discussed variants of rehabilitation
robots, uptake is not widespread. The same barriers face assistive devices and
engineers should be considering how the devices can be designed more simply and
at lower cost.

2.5 Conclusions

Design of rehabilitation robots is a multi-faceted problem. Currently, there is a
low rate of devices that transfer from research to a commercial setting. Both
mechanical and control system design have influence on the efficacy of robotic
rehabilitation systems. In particular, pHRI is important, as this can influence how
the patient perceives the device and how effective it is at restoring motor function.
One reason for poor translation of research could be due to sub-optimal design of
these factors.

Actuation systems play a large role in determining the quality of pHRI. Some
degree of compliance is preferred, which led researchers to consider solutions such
as fluidic actuators and SEAs. SEAs in particular receive significant attention, due
to their practicality. Traditionally the compliant element of an SEA is a spring;
however, this can cause unwanted oscillations. Recently, authors have proposed
using elastomeric elements instead, which offer improved force-volume ratios, im-
proved force-weight ratios and improved pHRI. However, the dynamics of eSEAs
are more complex, resulting in the need for more advanced models and control
systems.

Finally, it is clear that rehabilitation robots will be most useful when areas
other than simple administration of therapy are considered. Specifically, engineers
should be investigating how robotics can augment, rather than replace, the work
therapists do. This could be through gamification, telerehabilitation, optimally
stimulating motor learning, robotic assessment or as assistive devices. Giving at-
tention to such applications, in combination with better overall design of robotic
systems, may help to increase uptake of robotic devices amongst clinicians, ulti-
mately providing better outcomes for survivors of neurological injuries.





Chapter 3

Design and Modeling of an
Elastomer-Based Series Elastic
Actuator

This chapter presents the mechanical design and modeling of the elastomeric
series elastic actuator (eSEA) device proposed in this thesis. The chapter begins
with an overview of modeling techniques, before presenting the eSEA mechanism
and operating principles. A three-part model is developed to allow the eSEA to
be used as a pHRI torque sensor. Finally, the reliability of the model is tested
over a period of 8-9 h of elastomer compressions, mimicking its potential use in a
therapy setting.

The following is adapted from a published manuscript:
c© 2019 IEEE. Reprinted, with permission, from C. Jarrett and A. McDaid, Mod-
elling and Feasibility of an Elastomer-Based Series Elastic Actuator as a Haptic
Interaction Sensor for Exoskeleton Robotics, IEEE-ASME Trans. Mechatronics,
March 2019.

37
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3.1 Introduction

Seamless haptic interaction is a crucial consideration when designing robotic ex-
oskeletons and is a topic of ongoing interest [253–255]. Understanding haptic in-
teraction has significant bearing on user safety and comfort, as well as ensuring
operational effectiveness. Achieving synergy with humans requires precise knowl-
edge of the torques involved in human–robot interaction (HRI). In recent years,
series elastic actuators (SEAs) have attracted attention as a means of implement-
ing safe, natural, and compliant HRI [40, 49, 50, 65, 142, 256–258]. SEAs link a
"stiff" actuator to the load by a compliant element, most often a spring. In addi-
tion, this provides torque sensing capabilities by measurement of spring deflection
[43]. However, a lack of damping can lead to undesired oscillatory motion and
discomfort for the user.

A potential solution to this is to utilize an elastomer-based element in place of
a traditional spring [53, 55–57, 59]. Since elastomers have inherent damping, it is
hypothesized that this will increase user comfort by reducing undesired oscillatory
motion. However, this introduces viscoelastic nonlinearities, which complicate the
sensing and control of torque.

To use an elastomeric series elastic actuator (eSEA) to safely control torque
and provide quality haptic interaction, it is necessary to have a well-defined sen-
sor model accounting for all relevant material characteristics. It is also crucial
to understand how the model accuracy changes with sustained use. Two of the
aforementioned papers dealing with eSEAs neglected the viscoelastic terms [55,
59], while the remainder used rheological models [53, 56, 57], and a black-box
modeling approach [56]. In each case, experiments were performed over a rela-
tively short-time scale and no author investigated the reliability of their model
over longer time periods.

To build an accurate model of an elastomer requires consideration of both elas-
tic and viscous properties. Hyperelastic relationships have been proposed, where
elasticity is modeled by strain–energy functions and many variations of these
functions exist [259]. The viscous properties observed in elastomeric materials
include rate dependency, stress relaxation, and rate-independent hysteresis [260,
261]. These viscous effects commonly exhibit some degree of nonlinearity. Previ-
ous work has employed nonlinear models dependent on strain and/or strain rate
[262–264].

These models can also account for stress relaxation, an observed decrease in
stress for a constant strain and, under certain conditions, rate-independent hys-
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teresis. If rate-independent hysteresis is relatively small, it can be considered neg-
ligible [265]. Otherwise, authors have modeled the effect with friction sliders [266],
history functions [267], and piecewise models [54]. In literature on SEAs, although
rate-independent hysteresis has been modeled in spring-based designs [54], to the
best of our knowledge, it has not been explicitly considered in SEAs with elas-
tomeric elements.

Elastomeric materials also sustain various forms of "damage". The Mullins
effect describes stress softening over the first few cycles in virgin materials [268].
In some studies, it is simply observed and "removed" by a preprocessing routine
[264]. In other studies, it has been modeled using damage variables [269] and
macromolecular or micromechanical concepts [260, 270, 271]. Damage can also
occur over the elastomer’s lifetime and is a well-researched area [272]. However,
to the best of our knowledge, although eSEAs have been proposed, no author has
studied how sustained use affects the accuracy of their elastomer model and how
that might impact its ability to act as a sensor. Significant changes in properties
could affect control strategies, compromising the quality of haptic interaction.

In this chapter, we develop a model of an eSEA element that improves on
existing models by explicitly modeling rate independent hysteresis. The eSEA in-
tegrates with an exoskeleton to act as a soft interface and sense HRI torque. For
the first time, we then demonstrate the reliability of an eSEA as a practical sen-
sor by conducting experiments over the course of 8-9 h and evaluating the sensor
model’s performance under sustained use. Here, physiotherapy is used as a case
study, where we replicate a typical therapy day as would be deliverd by a rehabili-
tation robot. The main contribution is a method of developing eSEA systems with
validated and accurate long-term performance. This has wide-ranging significance
in haptic applications, such as for rehabilitation, medical, industrial and military
use.

3.2 Experimental Setup and Observations

3.2.1 Elastomeric SEA

Fig. 3.1 illustrates the eSEA module (elastomer plus mechanical housing) used in
this study, where the elastomer is in the form of a jaw coupling. Fig. 3.2 displays
critical dimensions. The eSEA contains two outer parts that house an elastomer.
On the load side are limb attachments, designed to attach to an exoskeleton brace.
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The motor side has two "cable drive attachments" designed as entry points for
Bowden cables to actuate the eSEA.

Figure 3.1: eSEA with soft elastomer core. c© 2019 IEEE.

Figure 3.2: Critical dimensions of the eSEA. c© 2019 IEEE.

The darker mechanical components are grounded to the upper limb segment.
The lightly shaded component on the load-side links to the lower limb segment
and rotates relative to the lightly shaded component on the motor-side. Spherical
bearings ensure that the mechanical links remain concentric with the elastomer
and that there is no axial loading of the elastomer, even when it is fully compressed.

Both the load-side and motor-side components contain 12-bit rotary Hall sen-
sors (AMS5048). These measure the displacement of the lightly shaded compo-
nents and by computing their relative motion, combined with a suitable elastomer
model, it is possible to sense and control HRI torque at the joint.
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Fig. 3.3 illustrates an example of how we have incorporated the eSEA module
into an elbow exoskeleton. The eSEA however, is intentionally designed to be
modular and thus able to be used across different human joints; with different
elastomers used depending on torque requirements.

Figure 3.3: The eSEA installed in an elbow exoskeleton. c© 2019 IEEE.

3.2.2 Testing Rig

To collect data for system identification a testing rig was constructed, shown
in Fig. 3.4, to incorporate the eSEA module. A maxon motor, with a nominal
output torque of 0.221 Nm and nominal speed of 3950 rmin-1 (maxon 408057),
is used in conjunction with a 74:1 gearbox (maxon 223092) to drive one of the
eSEA components. The other component is fixed to a Futek torque sensor (Futek
FSH00646). The rig was designed such that the entire eSEA module (elastomer +
housing) could be mounted within it; thus, all characteristics from the eSEA as it
would be used in a complete exoskeleton are also captured in the test rig.

The encoder on the rotating component of the eSEA measures the angular
displacement of the elastomer, while the torque sensor measures the torque exerted
on the elastomer. A National Instruments myRIO was used to control the rig and
sample the sensors at 500 Hz. A robust sliding mode controller was developed to
control the displacement of the elastomer in the rig. This includes features such
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as a smoothing term to avoid control discontinuities, and is based on the work in
[59].

Figure 3.4: Testing rig. c© 2019 IEEE.

3.2.3 Data Processing

The encoder data was filtered with a zero-phase, low-pass FIR filter. The passband
and stopband frequencies were 10 Hz and 12 Hz, respectively, and it used the
Kaiser windowing method, resulting in 908 taps. The rate of compression of the
elastomer was obtained by differentiating the filtered data.

3.2.4 Elastomer Manufacture

For this particular study, the elastomers are made from Imprint 3 Penta Heavy
Body, a Vinyl Polysiloxane impression material (Henry Schein MD-10771). Two
base materials are mixed with a dispenser gun and injected into a custom-built
molding cavity, which is clamped together. After 5 min, the elastomers are removed
and left to cure for a minimum of 24 h before use.
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3.2.5 Observations

3.2.5.1 Mullins Effect

To evaluate if the Mullins effect is present, the elastomer was compressed to 10 deg
at 0.01 Hz for 10 cycles. Fig. 3.5 illustrates the results, with the first cycle plotted
in purple and the subsequent cycles in yellow. Although some stress relaxation is
visible, a clear difference in stiffness is observed between the loading curve and the
subsequent cycles. By the end of the 10th cycle, the curve reaches an equilibrium.
To eliminate the Mullins effect in subsequent elastomers, each was subjected to
10–12, 0.75 Hz cycles at approximately 12.5 deg amplitude prior to testing.

Figure 3.5: Observing the Mullins effect. The first cycle is illustrated in purple.
c© 2019 IEEE.

3.2.5.2 Stress Relaxation

To investigate stress relaxation, the elastomer was compressed in both directions
to 5 deg and 10 deg and held for 5 min at each amplitude. Fig. 3.6 illustrates
the results. As the displacement of the elastomer is increased to each new level,
the torque increases as well. However, following these increases, it immediately
decreases again, despite no further changes in position. The relaxation has two
components: an almost instantaneous decrease in torque followed by an exponen-
tial decrease, observations that agree with similar work [273, 274].

3.2.5.3 Dynamic Characteristics

Three excitation signals were used to investigate the dynamic characteristics of
the elastomer. The first was a slow compression to 10 deg at 0.01 Hz, to collect
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data with minimal viscous effects. The other two signals were swept sine waves;
0–1.5 Hz at 5 deg and 0–1 Hz at 10 deg, increasing at a rate of 0.5 Hz/min.
The upper bounds on frequency and amplitude were dictated by the maximum
velocity allowed by the motor driver controlling the motor-gearbox unit. Fig. 3.7
illustrates the measured data. There is a nonlinear dependence on displacement,
in addition to hysteresis. Comparing the 0.01 Hz loop to the faster 10 deg loop
reveals that the form of the hysteresis loop is slightly rate dependent. The fact that
hysteresis is present in the 0.01 Hz loop suggests that the material also contains
rate-independent hysteresis.

Figure 3.6: Stress relaxation experiments. Top: displacement, Bottom: torque.
Left: positive compression, Right: negative compression. c© 2019 IEEE.

Figure 3.7: Elastomer characteristics. Subset illustrates rate dependency. c© 2019
IEEE.
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3.3 Sensor Model

Based on the experimental observations, a sensor model with three components
in parallel was designed to predict torque, described by Eq. 3.1. This is similar in
form to previous work on nonlinear spring-type elastic joints [275].

τe = τs + τr + τh (3.1)

where τs is the torque due to elasticity, modeled as a spring; τr is the rate-
dependent torque, modeled as a Maxwell element; and τh is the torque due to
rate-independent hysteresis, modeled with an operator function. These compo-
nents are described in the following sections.

3.3.1 Elasticity

Nonlinear elasticity is commonly modeled with a strain function, for simplicity a
polynomial spring is used here, given by Eq. 3.2.

τs = k3θ
3 + k1θ (3.2)

where τs is the contribution of the spring, θ is the angle of displacement of the
elastomer and k3, k1 are spring coefficients.

3.3.2 Rate Dependency

A Maxwell element, described by Eq. 3.3, was chosen to model stress relaxation
and rate dependency, and solved with backward integration to give τr

τ̇r
kv

+
τr
η

= θ̇ (3.3)

where kv is the elasticity of the spring in the Maxwell arm, θ̇ is the rate of com-
pression of the elastomer, τr is the component of torque due to rate dependency,
and τ̇r(0) = 0. η is the viscosity of the damper, described by Eq. 3.4:

η =
A|θ|m+ε1

B|θ̇|
n

+ ε2
(3.4)

where A,B,m, n are model constants and ε1 and ε2 are small (<1) constants added
to avoid division by 0. The viscosity was assumed to have a power relationship
with compression rate, where n < 1. This ensures two phenomena: a decrease
in viscosity with compression rate, θ̇, and a consequent increase of τr with θ,
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to some upper limit. This was inspired by literature, where it has been shown
that certain elastomeric materials exhibit a decrease in viscosity with increasing
strain rate, and a subsequent "plateauing" of torque [262, 274, 276]. As this is
observed in a range of elastomers, it was hypothesized that these principles would
also apply to the present material. The dependence on displacement is included
because if the rate dependency were solely on the rate of compression, then the
torque-displacement plot would "bulge" at the zero-crossing of Fig. 3.7, due to
high compression rates in this region.

3.3.3 Rate-Independent Hysteresis

To model the rate-independent hysteresis, the Prandtl–Ishlinskii (PI) model is
used [277–279]. It is based on a so-called hysteresis operator, which can be either
a play operator for anticlockwise loops, or a stop operator for clockwise loops [280].
With elastic hysteresis the loops are clockwise, thus the stop operator is chosen,
defined by Eq. 3.5 [280]:

E[v](0) = er{v(0)}

E[v](t) = er{v}
(3.5)

where er is a function given by Eq. 3.6 and v is a mapping on θ(t) given by Eq.
3.7:

er = min(r,max(−r, v)) (3.6)

v = θ(tk)− θ(tk−1) + E[v](tk−1) (3.7)

where θ(t) is the elastomer displacement, tk is the kth time step, r is the threshold
of the stop operator and it is assumed v(0) = 0. To construct the full PI model,
Eq. 3.8 is used:

τh =

∫ R

0
p(r)E[v](tk) dr (3.8)

where τh is the torque due to hysteresis, p(r) is a positive density function and R
is the upper limit of integration [280]. In discrete form, Eq. 3.8 is rewritten as Eq.
3.9:

τh =
N∑
i=1

p(ri)Ei[v](tk) (3.9)

that is, the sum of N stop operators multiplied by N density functions. In this
research, N = 10. The density function, p(ri), is chosen as Eq. 3.10: [281]

p(ri) = αe−βri (3.10)
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where α and β are model parameters with α, β > 0. Finally, the thresholds of the
stop operators, ri, are defined as Eq. 3.11, such that they are equally spaced [281]:

ri = ωi i = 1, 2, 3...N (3.11)

with w > 0.

3.4 Parameter Identification

3.4.1 Parameter Identification Algorithm

A global stochastic genetic algorithm (GA) was chosen to identify the model pa-
rameters, due to its ability to search the entire space of solutions and increase
the chance of converging on a global optimum. It is also advantageous given that
there are 12 parameters to identify.

3.4.1.1 Fitness Function

The fitness function was the average root-mean-square (RMS) error between the
predicted and actual torques across each of the training datasets. It is described
by Eq 3.12:

RMSav =
1

D
(

√
1

N
(τ ja − τ jp )2 (3.12)

where D is the number of datasets, Nj is the size of dataset j, and τ ja and τ jp are
the vectors of actual and predicted torques for dataset j, respectively.

3.4.1.2 Parameters and Solution Refinement

The GA was initialized with a population size of 300 and the exit criteria described
in Table 3.1, parameters found to be suitable in pilot trials. Upon completion of
the GA, an interior point optimization algorithm refined the solution. This ran
for a maximum of 10 000 function evaluations.

Table 3.1: Exit criteria for the genetic algorithm. c© 2019 IEEE.

Generations Time
Limit (h)

Stall
Generations

Stall Time
Limit (h)

Function
Tolerance (Nm)

1200 8 50 Inf 10-6
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3.4.1.3 Parameter Constraints and Optimized Values

Table 3.2 illustrates bounds, based on physically reasonable values and the results
of preliminary investigation, which were placed on the parameters to ensure a
practical solution and increase the efficiency of the algorithm.

Table 3.2: Parameter boundary conditions and optimized values. c© 2019 IEEE.

Parameter α (-) β (-) ω (-) k1
(Nmrad-1)

k3
([Nmrad-1]3) A (-)

Lower Bound 0 0 0 0 0 0
Upper Bound Inf Inf 0.1 1000 1000 1000
Optimized

Value 10.3 62.5 0.0197 9.39 239.0 53.9

Parameter B (-) m (-) n (-) ε1 (-) ε2 (-) kv
(Nmsrad-1)

Lower Bound 0 0 0 0 0 0
Upper Bound 1000 4 1 1 1 1000
Optimized

Value 0.732 2.77 0.77 0.0288 0.0130 51.6

3.4.2 Data Collection

3.4.2.1 Training Data

The signals described to investigate the dynamic characteristics in Section 3.2.5.1
were used to excite the elastomer over a range of frequencies for characterization.
The displacements ranged from -11.2 deg to 11.5 deg, with velocities from -61.6
degs-1 to 60.3 degs-1 and torques from -4.46 Nm to 4.47 Nm.

3.4.2.2 Intraelastomer Validation Data

To validate the model for different signals, new data were obtained using three
multitone excitation signals, each followed for 30 s. These were designed such that
there was a medium, (Fig. 3.9, Signal 1), fast (Fig. 3.9, Signal 2), and slow (Fig.
3.9, Signal 3) trajectory, to validate the model for a range of inputs. The signals
were applied to the same elastomer used for training the model.

3.4.2.3 Interelastomer Validation Data

Validation data were also collected from two additional elastomers, hereafter re-
ferred to as Validation-Elastomers A and B, to test the repeatability of the man-
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ufacturing process. The excitation signals used were the same as those from the
intraelastomer validation.

3.4.3 Results

3.4.3.1 Optimized Parameters and Goodness of Fit

The optimized model parameters are presented in Table 3.2 and two metrics are
used to quantify model accuracy: first, RMS error between the measured and
predicted values and, second, RMS error as a percentage of full-scale sensor range
(% FSR) defined by Eq. 3.13.

FSR =
RMS

max(|τp|)
× 100% (3.13)

where RMS is the RMS error and max(|τp|) is the maximum absolute torque
predicted for the training set, 4.47 Nm.

3.4.3.2 Training and Intravalidation Results

Fig. 3.8 presents one cycle of data comparing the measured training data to the
model prediction and Table 3.3 summarizes the results. The maximum RMS error
is 1.63% FSR, indicating an accurate fit. Table 3.3 and Fig. 3.9 present the model
fitting results for the intraelastomer validation data.

Figure 3.8: One cycle of model predictions and training data in the time domain.
Left: 10 deg, 0.01 Hz. Middle: 5 deg, 0–1.5 Hz. Right: 10 deg, 0–1 Hz. c© 2019

IEEE.

3.4.3.3 Interelastomer Validation Results

Table 3.4 and Fig. 3.10 present the model fitting results for Validation-Elastomers
A and B. In most cases, the error is larger than that of the intraelastomer validation
results. This is expected, due to manufacturing variability.
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Table 3.3: Training and intravalidation results. c© 2019 IEEE.

Training Intraelastomer Validation

Dataset RMS Error
(Nm) % FSR Dataset RMS Error

(Nm) % FSR

10 deg 0.01Hz 0.0732 1.63 Signal 1 0.0473 1.06
5 deg 0-1.5Hz 0.0349 0.78 Signal 2 0.0712 1.59
10 deg 0-1Hz 0.0473 1.06 Signal 3 0.0307 0.69

Figure 3.9: Predictions for intraelastomer validation. c© 2019 IEEE.

Table 3.4: Interelastomer model error. c© 2019 IEEE.

Elastomer A Elastomer B
Dataset RMS Error (Nm) % FSR RMS Error (Nm) % FSR
Signal 1 0.0616 1.38 0.0791 1.77
Signal 2 0.0667 1.49 0.0551 1.23
Signal 3 0.0558 1.25 0.131 2.93

Figure 3.10: Interelastomer validation. Top: Elastomer A, Bottom: Elastomer B.
Left: Signal 1; Middle: Signal 2; Right: Signal 3. c© 2019 IEEE.
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3.5 Sustained Use Case Study

A common application for exoskeletons is rehabilitation, where high-quality inter-
action is critical. Hence, rehabilitation was chosen as a case study to determine if
the model accuracy would change with sustained use. An experiment was designed
to mimic how the eSEA might be used during a day in a physiotherapy clinic.

3.5.1 Experimental Design

To estimate the compression cycles that the elastomer would undergo during a
typical day in a clinic, the following assumptions were made about physiotherapy
sessions [282].

1) Exercises are either simple joint movements or functional activities. Each
repetition of a simple exercise involves two elastomer compressions. These were
performed to approximately 10 deg, the full sensor range, at either 0.2, 0.5, or
0.75 Hz, to encompass the range of values over which the elastomer model is
characterized.

2) Each functional activity was estimated, based on activities of daily living,
to involve an average of four compressions. These are performed at 0.2 Hz as they
are typically performed more slowly.

3) Simple exercises are performed for 20 repetitions and functional activities
for 5 repetitions. After each exercise, a rest is given, hereafter known as the "in-
trasession rest" to distinguish it from the rest period between sessions, referred to
as the "intersession rest".

4) A "day" consists of 16, 30 min appointments with 5 min rest between
appointments.

Three experimental conditions were created by varying the number of exercises
and the length of the intrasession rest periods, such that the elastomer was com-
pressed for 60%, 80%, and 100% of each session. The displacements were around
+/–10 deg, approximately the full range of the sensor model. Full details of the
number of exercises and rest periods for each condition are given in Table 3.5.
Each intensity level was tested three times, giving nine trials, each with a new
elastomer. Due to memory restrictions the sampling frequency for these experi-
ments was reduced to 25 Hz. 25 Hz was sufficient to capture all relevant dynamics
with a 10 Hz low-pass filter (1.25 times the Nyquist frequency). The data then
needed to be up-sampled to 500 Hz, to integrate Eq. 3.3.
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Table 3.5: Session details for long-term experiments. c© 2019 IEEE.

Trial
Type

Number of
Simple Exercises

Number of
Functional
Activities

Intrasession
Rest
Period
(s)

Total
Active
Time
(mins)

Total
Rest
Time
(mins)0.2

Hz
0.5
Hz

0.75
Hz 0.2 Hz

60% Intensity 5 5 5 5 40 18.1 12
80% Intensity 7 7 7 7 12 25.3 2.6
100% Intensity 8 8 8 10 0 30.6 0

3.5.2 Results

The sensor model was fit to the data and the RMS error was calculated for each of
the 16 sessions. Generally, it increased before decreasing, occasionally to a plateau
(5/9 trials), or leveling out at a plateau (3/9 elastomers). 60% Intensity Trial 3
was an exception, where RMS error decreased to a plateau with no initial increase.
For each trial, the RMS error from Session 1 was used as a baseline value and the
RMS error from the session with the largest absolute deviation from this baseline
is presented in Table 3.6. Considering the mean values, 60% intensity showed the
least variation, while the variations at 80% and 100% intensities were similar, but
larger than at 60%.

Table 3.6: Absolute maximum variation in RMS error. c© 2019 IEEE.

Trial 60% 80% 100%
RMS (Nm) % FSR RMS (Nm) % FSR RMS (Nm) % FSR

1 0.0582 1.30 0.113 2.52 0.130 2.91
2 0.0931 2.08 0.102 2.28 0.0777 1.74
3 0.0345 0.771 0.148 3.32 0.136 3.04

Mean 0.0619 1.39 0.121 2.70 0.115 2.56

3.5.3 Multiday Experiments

The final aim was to investigate whether the changes in model accuracy were
permanent. Three new elastomers were molded, one for each intensity level (60%,
80%, and 100%). The experiment was repeated for two consecutive trials, sepa-
rated by a 12 h rest period. Fig. 3.11 illustrates the changes in model error, while
Table 3.7 presents a comparison of the model error for the first session of both
trials. For 60% and 80% intensity, the change is relatively small. It is larger for
100% intensity, but Fig. 3.11 shows that, by the end of the second trial at 100%
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intensity, the error has decreased to a value that is closer to that the beginning of
the first trial.

Figure 3.11: Variation in model error over two consecutive long term tests. Left
column: Day 1, Right column: Day 2. Top row: 60% intensity, Middle row: 80%

intensity, Bottom row: 100% intensity. c© 2019 IEEE.

Table 3.7: Comparison of model error in Session 1 for consecutive trials. Abs.
Diff. = Absolute difference between Trial 1 and Trial 2. c© 2019 IEEE.

Trial 60% 80% 100%

RMS (Nm) %
FSR RMS (Nm) %

FSR RMS (Nm) %
FSR

1 0.166 3.72 0.147 3.30 0.157 3.52
2 0.171 3.83 0.150 3.35 0.219 4.89

Abs. Diff. 0.00474 0.106 0.00215 0.0481 0.0612 1.37

3.6 Discussion

3.6.1 Sensor Model

In general, the model fit the training and intraelastomer validation datasets well,
with RMS error no greater than 1.63% FSR. Although direct comparisons are
difficult, due to differences in hardware and error metrics, this is comparable to
similar work [53, 54, 56]. Remarkably, the lowest model error in validation data
(Signal 3, 0.69% FSR) is less than the lowest error in the training data (0.78%
FSR). It is hypothesized that this is because the training data contained a wider
spectrum of displacements, velocities, and torques than the validation data; hence,
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it is more likely to contain conditions in which the model is inaccurate. Observing
the time domain data revealed insights into the inaccuracies; stress relaxation was
not always well predicted, particularly for the 5 deg 0–1.5 Hz training data.

The basis of the phenomenological model of rate dependency was in a com-
bination of experimental observations and models from existing literature. How-
ever, this literature involved filled elastomers, high-damping rubber bearings and
styrene butadiene rubber in tensile and shear experiments [262, 274, 276]. These
materials and conditions are similar but not identical to those used here. Power
relationships allowed some compensation for the lack of physical insight surround-
ing the viscosity and provided acceptable model accuracy. However, it was noted
that the GA often converged to poor solutions during pilot trials, usually due to
poorly selected rate-dependency parameters. This supports the need for further
understanding of the rate dependency.

Furthermore, the model contained only one Maxwell element to describe rate
dependency. In literature, multiple elements with different relaxation times are
preferred [265]. This provides higher accuracy, albeit with increased model com-
plexity. Such improvements in model accuracy will allow greater measurement of
torque. However, with more complex models comes a risk of model overfitting,
increased computational cost and diminishing returns in terms of benefit for a
therapist. Typically speaking, clinicians are concerned with being able to measure
clinical benefits, and measurement accuracy to many significant figures is usually
not required to satisfy this. Indeed, if increased accuracy is achieved at the cost
of a more complex or expensive system, this may hinder usability and uptake.
The current "best-practice" assessments are usually subjective [13] and thus any
improvement in accuracy is beneficial.

The interelastomer validation was promising, with a maximum RMS error of
2.93% FSR for both elastomers. This suggests that the current manufacturing
process can be repeatable enough to use the same model across elastomers with
reasonable accuracy. However, caution is needed, as data for only two additional
elastomers is presented. Some elastomers had to be discarded due to asymmetries
in torque–displacement characteristics. Indeed, manufacturing inconsistencies are
likely to exist between all elastomers used in this study. However, this does not de-
tract from the main findings, as improving the manufacturing process will provide
a simple solution, although this is out of scope for this study.

Finally, at +/–4.5 Nm, the torque range of the sensor is comparable to similar
eSEA devices [53, 56] and would be suited to upper limb rehabilitation applications
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[283]. The frequencies of the signal used to train the model ranged from 0–1.5 Hz,
suiting it to low-frequency voluntary movements typical in rehabilitation from
injuries [46].

3.6.2 Sustained Use Experiments

The results in Section 3.5.2 show that the RMS error varied throughout the trials
by averages of 1.39%, 2.70%, and 2.56% FSR for the 60%, 80%, and 100% intensity
trials, respectively. However, variation in model error was not always exhibited in
the multiday trials, as illustrated in Fig. 11. In some of these trials, the model
error remained remarkably stable, particularly on the second day.

Where changes in model error are observed, it is more important to consider
their magnitude, rather than whether they increased or decreased. Manufacturing
variations mean that the model could initially either over- or under-predict the
torque, and subsequent changes in properties could cause the model to be either
more, or less, accurate. It is more significant that the maximum variation in the
RMS error was relatively small, limited to 3.32% FSR across all trials.

Higher intensities caused greater variations in model error, although the dif-
ference in variation between 80% and 100% is not as great as that between 60%
and 80%. This has two implications: first, that variation in model accuracy could
be managed by using multiple elastomers throughout the day, reducing the inten-
sity of use for each individual elastomer; and second, that after a certain point,
increasing the intensity has a diminishing effect on how much the model accuracy
varies.

Furthermore, it appears that no significant permanent changes occurred in the
elastomers, at least for the 60% and 80% intensities tested here. When subjected
to two consecutive days of testing, the model error from the first session of Trial
1 was found to be close to the model error of Trial 2’s first session. This is not
true of the 100% intensity test, however, in this case the error decreased over the
course of Trial 2. This indicates that the initial error on the second day was not
necessarily permanent. These results are important because they suggest that if
any permanent damage was done to the elastomer, it was minor.

Determining the cause of the variations will require further experimentation.
However, regardless of the physical cause, it can be concluded that the variations
are usually temporary and of low magnitude. Furthermore, the maximum variation
in model error has been quantified, which provides valuable understanding of the
worst-case error in torque measurements.
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3.6.3 Limitations

It is possible that the elastomer was heated up by repeated compressions or fluc-
tuations in environmental temperature. In this study it was difficult to ensure a
consistent environmental temperature due to the timescales over which testing
was conducted.Moreover, if the temperature were tightly regulated, this would
not be representative of typical use. While this may provide an explanation for
the variation in model accuracy during the sustained use experiments, to prove it
conclusively would require a thermocouple at the elastomer’s surface.

The study is also limited by the tracking accuracy of the rig controller. In
the sustained use experiments, the controller would take 4–5 cycles to correctly
follow the setpoint after pauses in motion, undershooting, or overshooting (to ∼12
deg) while it did so. As the error tends to increase with displacement, instances of
undershooting may have caused errors to be lower for certain sessions and instances
of overshooting may have increased error metrics. There is also a risk of inducing
permanent set when compressing the elastomers to extreme values, however, the
lack of significant permanent changes in multiday testing suggests any effect was
minor.

Other potential sources of error include unmodeled rig dynamics and encoder
nonlinearity. Specifically, the encoders used have an integral nonlinearity of ±1
deg [284] over their range. In theory, this has been characterized as part of the
model and does not affect these results. However, if the encoders are oriented
differently, the characterization should be repeated, as the nonlinearity depends
on the operating section of their range.

3.7 Conclusions

This chapter presents a new sensor model for an eSEA designed to improve mea-
surement of physical HRI in exoskeletons. The model was able to capture most
of the relevant characteristics at the tested frequencies, with an RMS error less
than 1.59% FSR (0.0712 Nm) in validation. The RMS error for interelastomer
validation was no greater than 2.93% FSR (0.131 Nm) across the trials, indicating
that with certain precautions, the same model can be used for different elastomers
with reasonable accuracy.

The performance of the eSEA in measuring torque with sustained use was
investigated by subjecting it to a compression cycle designed to mimic a day of
use in a physiotherapy clinic. Although some variation in RMS error was observed,
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it was no greater than 3.32% FSR (0.148 Nm). Furthermore, most of these changes
did not persist in a significant manner. By monitoring the intensity of use of the
eSEA, a reliable torque measurement can be obtained during sustained use.

The model developed in this work holds promise as a means of obtaining a
reliable measurement of physical HRI with sustained use. Combined with appro-
priate control strategies, this can lead to an improved haptic interface and more
natural interaction.





Chapter 4

Inversion of the Nonlinear
Elastomer Dynamic Model

This chapter presents a model inversion procedure for the viscoelastic element
contained within the elastomeric series elastic actuator (eSEA). Model inversion
is required for most model-based control architectures and it thus serves as
an important precursor to achieving accurate control of physical human-robot
interaction (pHRI) torque with the eSEA. Inversion of the forward model from
Chapter 3 is non-trivial due to the presence of complex nonlinear terms. This
chapter explores the use of an alternative inversion procedure: coupling a partially
analytical inverse model with a disturbance observer (DOB). The results indicate
that the method is accurate, providing the necessary foundations for model-based
control of the eSEA.

The following is adapted from a published manuscript:

c© 2019 IEEE. Reprinted, with permission, from C. Jarrett and A. McDaid, A
Model Inversion Process for Control of Nonlinear Series Elastic Actuators, Proc.
2019 IEEE Int. Conf. Rehabil. Robots (ICORR)., June 2019.
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4.1 Introduction

An important consideration in rehabilitation robotic engineering is synergistic and
natural physical human-robot interaction (pHRI). One method that has gathered
considerable interest is the use of series elastic actuators (SEAs). SEAs insert a
compliant element, typically a spring, between a stiff actuator and load, which can
increase comfort, absorb spasms and provide force sensing and control capabilities
by regulating the deflection of the compliant element [54, 65].

Springs usually provide the advantage of linearity in the operating range, al-
though nonlinear springs have also been considered [54]. Recently, authors have
investigated the concept of using nonlinear, viscoelastic materials as the compliant
element [53, 56, 57]. These offer advantages such as reduced weight [53], nonlinear
stiffness that can provide large torque ranges for relatively small geometries, and
inherent damping, which is hypothesized to improve comfort [285]. However, such
materials are usually highly nonlinear and require complex models to capture all
relevant dynamics.

Authors have chosen to model these dynamics in a variety of ways, including
rheological models [53, 56, 57] and black box approaches [56]. These models have
been proven effective in capturing the dynamics of compliant elements and utilizing
them as torque/force sensors. However, the complementary problem of controlling
torque/force is complicated by complex and nonlinear SEA models.

Cascade control architectures are common for SEA control, with an inner
position/velocity controller and an outer impedance controller [286]. For simple
systems, these can often be model-free control architectures. In [286], the computed
elastomer torque was compared to the desired torque and PI controllers were used
to generate a position setpoint.

The use of model-based control techniques can significantly improve control
performance [145]. The majority of these architectures, however, require that the
model of the compliant element be inverted, in order to compute a position set-
point for the motor. If the compliant element is linear, such as a linear spring, an
analytical inversion is trivial.

Certain nonlinearities are also sometimes easily invertible, for example time in-
variant spring dynamics [287]. Moreover, one could directly consider the torque as
the variable to be controlled, rather than position [170]. However, when elastomeric
elements are used in SEAs, their viscoelastic properties can make analytical in-
versions and analytical differentiation infeasible and complicated.
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Authors working with elastomeric series elastic actuators (eSEAs) have previ-
ously used observers to estimate the torque on the elastomer, as feedback for PID
controllers [53, 57]. It is well-known, however, that PID controllers tend to have
limited bandwidth and thus this method may have limited application for highly
viscoelastic elements.

This chapter presents an inversion procedure based on a partially analytical
inversion model, in conjunction with a disturbance observer- (DOB) based com-
pensator, to invert an eSEA model with complex nonlinear viscoelastic properties.
Such viscoelastic properties play an important role in elastomer dynamic systems
[288]. The eSEA used as a test bench in this work has previously been imple-
mented in a rehabilitation exoskeleton [59, 288]. In contrast to [53, 57], where the
observers are applied in parallel to the low-level controller, here the observer is
used to improve the accuracy of model inversion, appearing prior to the low-level
control loop.

It is shown that the inversion procedure can accurately invert the model in a
mathematically tractable manner, avoiding the complexity of a full analytical in-
verse. This work consequently allows the use of nonlinear model-based controllers
to be used in inner position/velocity control loops. In turn, this is anticipated to
improve the control performance of the exoskeleton in which the eSEA is inte-
grated. Finally, the procedure is implemented at 1 kHz on a myRIO controller,
showing it to be suitable for real-time implementation.

4.2 System Overview

4.2.1 Overview of Elastomeric SEA

The design and modeling of the eSEA is published elsewhere [288]; it is briefly
covered here for completeness. The eSEA is presented in Fig. 4.1.

It consists of three components; 1) the motor-side component; 2) the load-side
component and; 3) the elastomeric element. The load-side component is designed
to integrate with an exoskeleton, as depicted in Fig. 4.2. Rotary encoders measure
the relative displacement of the motor- and load-side components, thus measuring
the deflection of the elastomer. Combined with an elastomer model, this allows
sensing and control of the interaction torque between the exoskeleton and the
human user.
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Figure 4.1: CAD depiction of the eSEA. Reproduced from [288]. c© 2019 IEEE.

Figure 4.2: eSEA integrated with an exoskeleton. Reproduced from [288]. c©
2019 IEEE.

4.2.2 Control Architecture

A major advantage of using SEAs in robotic exoskeletons is the conversion of
a force/torque control problem to a position control problem [143]. That is, the
force/torque of the device can be controlled by regulating the compression of the
soft element. Fig. 4.3 illustrates this control architecture.

A position controller applies a torque, τm, to the exoskeleton’s motor, such
that ∆θa (the difference between the human, θh, and powered exoskeleton side,
θe) is controlled to a setpoint, ∆θd. Both θh and θe are measured with rotary
encoders embedded in the eSEA. ∆θa is equal to the compression of the elastomer
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and by regulating this, the control system can control the interaction torque, τint,
according to a setpoint, τd. The focus of this chapter is how to derive ∆θd from the
desired torque setpoint, τd, i.e. computing an inverse elastomer model to provide
a suitable setpoint to the position controller.

Inversion 
Procedure

Position 
Controller Exoskeleton

Human

τm∆θdτd τint

τhum

θexo

θh
∆θa

Figure 4.3: Proposed control architecture. c© 2019 IEEE.

4.3 Deriving an Inverse Model

4.3.1 Forward Model

The forward model, used to compute the interaction torque, is presented in Eq. 4.1.
The first two terms correspond to a spring torque; the third to a Maxwell spring-
damper element, used to model rate-dependencies; and the last term is a stop
operator-based Prandtl-Ishlinskii model, capturing the effects of rate-independent
hysteresis [288].

τe = k3θ
3 + k1θ +

∫ t

0
kv

(
∆θ̇ − τr

η

)
+

N∑
i=1

p(ri)Ei[v](tk) (4.1)

where ∆θ is the compression of the elastomer in rad, ∆θ̇ is the rate of com-
pression of the elastomer in rads-1, t is time, τr is the torque component due
to rate-dependencies and k3, k1, kv and η are model fitting terms. p(ri) is one
component of the Prandtl-Ishlinskii model, given by Eqs. 4.2 and 4.3:

p(ri) = αe−βri (4.2)

ri = ωi i = 1, 2, 3...N (4.3)

where α, β and ω are model parameters. N corresponds to the number of stop
operators, chosen as 10 in this work. The term E[v](t) is the other component of
the Prandtl-Ishlinskii model and is given by Eq. 4.4:
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E[v](0) = er{v(0)}, E[v](t) = er{v} (4.4)

where tk is the kth time step, er is given by Eq. 4.5 and v is a mapping on θ(t)
given by Eq. 4.6:

er = min(r,max(−r, v)) (4.5)

v = θ(tk)− θ(tk−1) + E[v](tk−1) (4.6)

where min and max are the minimum and maximum functions, respectively.
The model parameters were derived in [288], they are presented here in Table 4.1.

Table 4.1: Optimized values for forward model. Adapted from [288]. c© 2019
IEEE.

Parameter α (-) β (-) ω (-) k1
(Nmrad-1)

k3
([Nmrad-1]3) A (-)

Optimized
Value 10.3 62.5 0.0197 9.39 239.0 53.9

Parameter B (-) m (-) n (-) ε1 (-) ε2 (-) kv
(Nmsrad-1)

Optimized
Value 10.3 62.5 0.0197 9.39 239.0 53.9

4.3.2 An Identification-Based Approach

In general, elastomeric materials exhibit complex, nonlinear behavior [262] and
thus the forward models are difficult to analytically invert. In Eq. 4.1 specifically,
the inclusion of rate dependencies and rate-independent hysteresis adds significant
complexity.

Authors have derived analytical inverses for similar problems, namely play-
operator based Prandtl-Ishlinskii models [289]. However, these do not provide
a direct template for inversion of the model used here; the play-operator based
Prandtl-Ishlinskii model forms anti-clockwise loops (stop operator models form
clockwise loops) and the rate-dependencies are modeled differently. Moreover,
other authors have noted difficulties with inverting Prandtl-Ishlinskii models under
certain conditions [290, 291].
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4.3.2.1 Overview of Inversion Procedure

A common approach to counter the difficulties associated with the analytical inver-
sion of Prandtl-Ishlinskii based models is to use an identification-based approach
[291, 292]. Here, a general structure for the inverse model is derived analytically,
and a suitable optimization algorithm is used to choose the model parameters,
hence the term partial analytical inverse.

As discussed, the rate-dependencies of the forward model add significant math-
ematical complexity and so have been neglected at this stage in order to analyt-
ically invert the model. This, combined with the identification-based procedure,
introduces uncertainties to the inverse model. To compensate for this, a DOB-
based procedure is proposed, illustrated in Fig. 4.4 [293].

Partial Inverse Model
τdes θset

Forward Elastomer ModelLowpass Filter

Model Uncertainties

dest

DOB
τact

Figure 4.4: Model inversion procedure. (Sub-block from Figure 4.3). c© 2019
IEEE.

An error signal, dest, is added in feedback to the initial setpoint, τdes. To attain
good performance, the filter must designed with an order greater than that of the
system dynamics and an appropriate cutoff frequency [294].

4.3.2.2 Structure of Inverse Model

Play and stop operators are complementary and thus each can be used to create a
model structure for the other’s inverse [277, 280, 295]. The inverse model for the
stop operator-based Prandtl-Ishlinskii model in this chapter is thus assumed to
have the structure in Eq. 4.7:

N∑
i=1

p(ri)Ei[v](tk) (4.7)

which corresponds to a generalized, rate-independent play operator [296, 297]. It
is common to add an additional function in parallel when forming the Prandtl-
Ishlinskii play operator-based model; this is omitted here and it is shown later
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that sufficient performance can be achieved despite its absence. Similarly to the
forward model, the function, p(rj), is a density function given by Eqs. 4.8 and 4.9:

p(rj) = κe−φrj (4.8)

rj = χj j = 1, 2, 3...N (4.9)

where κ, φ and χ are parameters to be chosen by the optimization routine and N
= 10, as in the forward model. The term Fγ[ψ](t) is given by Eqs. 4.10 and 4.11:

F γ [τ ](tk) = fγ(τ, F γ [τ ](tk−1)) (4.10)

fγ(u,w) = max (γ(u)− r,min (γ(u) + r, w)) (4.11)

where u and w are the generalized inputs to the play operator, taken as τd and
F γ [ψ](tk−1) respectively. γ(u) is an envelope function, which shapes the hysteresis
curve.

4.3.2.3 Deriving the envelope function

The envelope function gives the hysteresis curve its shape. In the forward model,
this was mostly dictated by the stiffness term, presented again here:

τs = k3θ
3 + k1θ (4.12)

Because this dictated the shape of the forward model, the shape of the inverse is
chosen as τ−1s , presented in Eq. 4.13.

∆θ =
3

√√√√√ k1
3

27k3
3 +

τs2

4k3
3 +

τs
2k3
− k1

3k3
3

√√√√√ k1
3

27k3
3 +

τs2

4k3
3

(4.13)

This defines γ(u) from Eq. 4.11, where u = τd.

4.3.2.4 Optimization Routine

The final step in constructing the partial inverse is to compute values for κ, φ
and χ. A global stochastic genetic algorithm (GA), motivated by the model’s
nonlinearity, was used to select these parameters. The elastomer was subjected
to compressions from three sine waves, used to train the GA: 1) a signal with
amplitude 10 deg at 0.01 Hz, 2) a signal with amplitude ∼5 deg, swept from 0 Hz
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to 1.5 Hz and 3) a signal with amplitude ∼10 deg, swept from 0 Hz to 1 Hz. For
each test, torque (the input to the inverse model) was measured with a commercial
torque sensor (Futek TFF350) while position (the output of the inverse model)
was measured with a rotary encoder (AMS5048) [284].

The GA was initialized with a population size of 50 and upper bounds and
lower bounds given by Table 4.2. The algorithm ran for four hours before an
interior point optimization algorithm refined the solution. For both algorithms,
the fitness function was taken as the average root-mean-square (RMS) error be-
tween the predicted and actual elastomeric compressions over each of the training
datasets. It is given by Eq. 4.14.

RMSav =
1

D

D∑
l=1

√
1

Xj
(θa

l − θpl)
2 (4.14)

Table 4.2: Parameter ranges and optimized values for inverse model. c© 2019
IEEE.

κ(−) φ(−) χ(−)
Lower Bound 0 0 0
Upper Bound 5 5 1

Optimized Value 0.106 4.84 0.00233

4.3.3 Practical Implementation of the DOB Compensator

In this work, two filters were designed to compare in the DOB scheme. Filter A is
a 30th order FIR filter, with a cutoff frequency of 10 Hz and a Kaiser windowing
method. Filter B is an FIR filter designed in MATLAB with the following speci-
fications: Sample Rate: 1000 Hz, Passband Frequency: 10 Hz, Stopband Frequency
12 Hz, Passband Ripple: 1×10-5 dB, Minimum Stopband Attenuation: 60 dB. This
resulted in the following coefficients: [0.024, 0.12, 0.23, 0.20, 0, -0.12, 0, 0.20, 0.23,
0.12, 0.024].

Both filters used a sampling rate of 1000 Hz. Their passbands were motivated
by the bandwidth of human motion [46]. The minimum stopband attenuation was
chosen as the default MATLAB value and the minimum passband ripple of Filter
B was chosen during pilot testing, based on performance across the operating
bandwidth. As required by the design principles outlined in [294], the order of
both filters was chosen to be higher than the system dynamics, which are modeled
as a 5th order nonlinear system in Eq. 5.2.4 of Chapter 5. In total, there are three
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proposed inversion procedures: 1) No DOB, 2) DOB + Filter A; and 3) DOB +
Filter B.

4.4 Experimental Procedure

4.4.1 Overview

The inversion procedures were implemented on a National Instruments myRIO,
the microcontroller currently used in the exoskeleton control architecture [59]. To
evaluate which of the proposed inversion procedures was most accurate, a desired
torque signal was input to each inversion procedure. The output of the inversion
procedure is a position signal; this was filtered with a zero-phase low-pass FIR
filter. The filter had a passband and stopband frequency of 10 Hz and 12 Hz,
respectively, resulting in 908 taps. The filtered position signal was differentiated
to give the desired velocity at which the elastomer should be compressed [288].

The filtered position signal and velocity were input back into the forward
model to give another torque signal, referred to as the actual torque setpoint (i.e.
the torque that would result if the elastomer were compressed according to the
position signal). The desired and actual torque setpoints were compared as the
measure of performance.

4.4.2 Metrics

To quantify the performance, two metrics were used: RMS and maximum abso-
lute error between the desired and actual torque setpoints. Each metric was also
normalized as a percentage of the maximum desired torque.

4.4.3 Desired Torque Setpoint

Five desired swept sine torque signals were chosen to evaluate the inversion proce-
dure, details in Table 4.3. Signals 1 and 2 were chosen to have a single low frequency
to evaluate the quasi-static performance of the inversion procedure. The length of
the signal was chosen as three cycles, or 300 s. Signals 3-5 were swept, with a fre-
quency increasing at 0.5 Hzmin-1, and used to evaluate the dynamic performance
of the inversion procedure in the range of interest to human motion. Each of the
proposed inversion procedures (no DOB, DOB + Filter A, DOB + Filter B), was
tested with each of the five input torque signals.
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Table 4.3: Details of experimental conditions. c© 2019 IEEE.

Signal ID 1 2 3 4 5
Amplitude (Nm) 1.0 4.5 0.75 3 4

Starting Frequency (Hz) 0.01 0.01 0 0 0
End Frequency (Hz) 0.01 0.01 1.5 1.0 0.5

4.5 Results

Fig. 4.5 compares the error signal between the desired and actual torque signals for
each inversion procedure. The error is presented as a percentage of the maximum
desired torque for each signal. Tables 4.4 and 4.5 present the maximum absolute
error and RMS error for each procedure.

Both DOB designs have resulted in less error between the desired and actual
setpoint, with Filter B giving a markedly higher level of performance. More specif-
ically, the maximum error observed without a DOB was 21.5% of the maximum
desired torque. For the same signal, the error was reduced to 4.20% of the max-
imum desired torque when the DOB + Filter B scheme was used. Reductions in
error are observed for each of the signals tested, highlighting the efficacy of the
inversion procedure.

Table 4.4: Normalized maximum absolute error. Units are % of maximum
desired torque. Inv. Proc. = Inversion Procedure. c© 2019 IEEE.

Signal ID
Inv. Proc. 1 2 3 4 5

No DOB 18.6 7.82 21.5 8.79 7.16
DOB + Filter A 7.80 3.77 10.0 5.19 3.48
DOB + Filter B 0.430 0.301 4.20 3.34 1.51

Table 4.5: Normalized RMS Error. Units are % of maximum desired torque. Inv.
Proc. = Inversion Procedure. c© 2019 IEEE.

Signal ID
Inv. Proc. 1 2 3 4 5

No DOB 8.15 4.45 8.14 2.32 2.20
DOB + Filter A 3.59 2.08 3.57 1.08 1.00
DOB + Filter B 0.125 0.0904 0.593 0.240 0.143
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Figure 4.5: Performance of proposed inversion procedures. Subplots a)-e)
represent Signal IDs 1-5 (refer to Table 4.3). c© 2019 IEEE.

4.6 Discussion

The inversion procedure in this chapter consists of two components, a partial
analytical inversion and a feedback-based DOB. The aim of including the DOB
component is to compensate for the inaccuracies incurred by approximating the
inverse model. It is shown by Fig. 4.5 and Tables 4.4 and 4.5 that the approximate
inversion, without the DOB, introduces large discrepancies between the desired
setpoint and the actual setpoint obtained after inversion. When a DOB is added,
the errors are significantly reduced. Of the two filters tested Filter B gave better
performance, shown by decreased error in Tables 4.4 and 4.5.

Filter B, however, does introduce some chattering on the setpoint, illustrated
in Fig. 4.6. The authors wish to emphasize that it was the filtered data (pictured
for comparison) that was passed to the forward model to calculate the actual
torque setpoint. However, using the raw data had only a minimal effect on nu-
merical results, with a maximum of 1.4 units’ difference in the results in Table
4.4 and a maximum of 0.18 units’ difference in the results in Table 4.5. In prac-
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tice, a controller would receive the raw data signal. Future work will establish if
such a setpoint can be followed with sufficient accuracy and with adequate stabil-
ity bounds. It may be necessary to sacrifice an accurate setpoint for one that is
controllable and stable.

It is also pertinent to consider Fig. 4.7, which presents 9 cycles of the setpoints
generated by each inversion procedure for Signal 4 from Table 4.3. It illustrates
an important consequence of the choice of the envelope function in Eq. 4.11. As
the inverse of a polynomial function, its profile approaches a discontinuity at the
zero crossing, causing large increases in velocity. In this case, the velocity has
exceeded the range of velocities modeled in [288] and it cannot be guaranteed
that the forward model is accurate for these types of signals. This highlights the
importance of the selection of the desired torque signal; to ensure accuracy, it
should be chosen so that the resulting setpoints are within modeled bounds. In
future it may be necessary to use torque setpoints that are not sinusoids or consider
a different choice of envelope function.

Overall, the results presented here suggest that an inversion procedure that
includes a DOB has the potential to provide an effective, simple and real-time im-
plementable inversion procedure for compliant elements in rehabilitation robotics.
In the large majority of model-based control schemes, an inversion is required
to generate a setpoint; if the inversion is inaccurate, precise control can never be
achieved, even with a perfect controller. The work presented here may prove useful
to researchers wishing to implement more complex control schemes for SEA-based
robotics with complex dynamics.

Finally, it is noted that the reference torque in this chapter was taken as the
torque derived from the forward model of the elastomer [288]. Consequently, it is
a limitation of the work in this chapter that any errors in the forward model will
be propagated to the reference torques presented here.

4.7 Conclusions

This chapter presents a model inversion procedure that accurately inverts a vis-
coelastic elastomer model, to provide a setpoint for model-based control with an
eSEA. The method avoids the complexity of a full analytical inversion, while still
achieving an accurate inversion. The chosen procedure (DOB + Filter B) resulted
in an RMS error between the desired and actual torque setpoints that was <0.6%
of the maximum desired torque. This can be compared to the RMS error observed
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when the DOB was omitted, which was consistently above 2% of FSR and as high
as 8% in certain cases. Likewise, the maximum error from the experiments with
DOB + Filter B was 4.20% of the maximum desired torque, compared to as much
as 21.5% when omitting the DOB. The inversion procedure in this chapter holds
promise as a simple and effective means of inverting an elastomer model to achieve
accurate model-based control and, consequently, accurate control of pHRI.

Figure 4.6: Unevenness in generated setpoint for Signal ID 3. c© 2019 IEEE.

Figure 4.7: Illustrating the nature of the generated trajectory. c© 2019 IEEE.



Chapter 5

Control of pHRI Torque with the
Elastomer-Based Series Elastic
Actuator

Accurate force/torque control is essential in active rehabilitation robotics for sev-
eral reasons, including physical human-robot interaction (pHRI), safety, studying
motor responses to disturbances (motor learning) and administering therapeutic
interventions. This chapter compares two control systems for regulating pHRI
torque at the elbow joint in an upper-limb exoskeleton that utilizes the elas-
tomeric series elastic actuator (eSEA). For the first time in eSEA robotics, Model
Predictive Control (MPC) is used, and then compared to second-order integral
Sliding Mode Control (SMC). Two sets of experiments, one with the exoskeleton
output fixed and the second with humans in-the-loop, are conducted. The results
indicate that MPC is superior in well-defined environments, but that SMC can
better compensate for uncertainties. The two controllers are also evaluated for
their ability to render a desired impedance. MPC was superior in this task; it is
thought that this is due to its one-layer architecture, compared to the cascaded
impedance controller used with SMC. Overall, this chapter continues the theme
of improving pHRI, through accurate torque control and provides a foundation
for future applications with the eSEA requiring torque control.

The following is adapted from a manuscript under review with the Control
Engineering Practice Journal:
C. Jarrett, J. Köhler, A. McDaid and M. A. Müller. 2019. Model Predictive

73
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Control of Human-Robot Interaction Torque in Exoskeletons. In: Control Eng.
Pract. (Under Review).



Introduction 75

5.1 Introduction

Physical human-robot interaction (pHRI) is a crucial consideration in the design of
robotic systems that interact with humans. Safe and natural pHRI is particularly
pertinent in the field of rehabilitation robotics, where users typically have injuries
that can impede motion and force production.

Synergistic pHRI can be engineered by a variety of means. Compliant actua-
tion [54], self-aligning mechanisms [298] and soft exoskeletons [299] are examples
of mechanical design features aimed at improving pHRI. The advantage of incor-
porating mechanical design features is that software delays are avoided. Control
systems, however, are also important in determining the quality of exoskeleton
pHRI. Generally, exoskeletons utilize some form of interaction control; rather than
pure force or pure position control, which can be dangerous for human-in-the-loop
systems. Such architectures are typically cascaded control systems, with an inner
force controller and outer position controller (impedance) or vice versa (admit-
tance) [300].

Occasionally, the inner control loop is a proportional-integral-derivative (PID)
controller [143]. However, exoskeleton systems commonly have nonlinear dynam-
ics [47], necessitating nonlinear control techniques. Authors have proposed more
complex inner loops, based on Kalman filters for disturbance estimation [162] and
robust control [171]. Fuzzy [301], adaptive [302], saturated [303] and biomimetic
methods [166] have also been utilized for exoskeleton control. Sliding mode con-
trol (SMC) too, has received significant attention, with various authors using some
variation of this architecture [59, 173–177].

An interesting alternative approach is Model Predictive Control (MPC). Un-
til recently, the use of MPC has been limited by hardware constraints; however,
it is receiving growing attention for exoskeleton control. In [304], electromyogra-
phy (EMG) was used to predict human motion, and MPC minimized the error
between the joint angle and a desired trajectory. MPC was also used to control
gait trajectories in a lower limb exoskeleton [305]. Various forms of explicit MPC
were studied in simulation to control a series parallel elastic actuator with variable
stiffness [306]. MPC has also been compared to PID control for torque control in
upper- [307] and lower- limb [308] exoskeletons.

From existing literature, it is clear that MPC has the potential to offer a
successful control system. Recent work has highlighted the importance of motion
prediction for accurate exoskeleton control [309] and the predictive ability of MPC
hence offers unique advantages over state-of-the-art controllers. Moreover, it is pos-
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sible with MPC to directly incorporate safety constraints in the control design.
However, investigation into using MPC to control exoskeletons is limited; and de-
tailed comparisons to state-of-the-art controllers are sparse. In much of the cited
literature, PID controllers were used as the benchmark comparison. The main con-
tributions of this work are therefore: 1) to implement MPC for pHRI torque control
in an elbow exoskeleton, exploiting predictions of human torque and controlling
interaction torque during an activity of daily living (ADL); 2) the implementation
of a novel MPC-based impedance controller and 3) the benchmarking of MPC to
a nonlinear, robust SMC architecture. Moreover, the exoskeleton used here utilizes
an elastomeric series elastic actuator (eSEA). While MPC has been implemented
for spring-based SEA systems [310], this was in simulation and to the best of our
knowledge, MPC has not yet been used to control an eSEA.

5.2 System Hardware and Modeling

5.2.1 Hardware

The exoskeleton used in this study is presented in Fig. 5.1. It is driven by an
eSEA, depicted in Fig. 5.2. The load-side component attaches to an elbow brace,
while the motor-side component contains entry points for Bowden cables. These
are driven by a maxon motor (maxon 408057) and gearbox (maxon 223092). The
exoskeleton is designed for rehabilitation; thus, the motor-gearbox unit is on a
desk, to avoid the user bearing its load. The system is controlled by a National
Instruments myRIO device and sensors were sampled at 1 kHz.

The outer components of the eSEA contain 12-bit rotary Hall encoders
(AMS5048); these measure the deflection of an elastomer, which is used in a
dynamic model to calculate pHRI torque [288]. Likewise, pHRI torque can be
controlled by regulating elastomer deflection. Readers are directed to [288] for
further reading on the eSEA.

5.2.2 System Dynamics

Fig. 5.3 illustrates the system dynamics. A motor controller (ESCON 50/5) gen-
erates a torque, ua, from a setpoint, uc. ua is transmitted through the gearbox,
rotating it through Θg. The gearbox actuates the cables, rotating the motor-side
component of the eSEA. The elastomer deflection (Θms − Θg) is used with a
dynamic model to compute the pHRI interaction torque, τe.
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Figure 5.1: The exoskeleton test bench. Reproduced from [288]. c© 2019 IEEE.

Figure 5.2: The eSEA device. Reproduced from [288]. c© 2019 IEEE.

Bowden cables have highly nonlinear dynamics, dependent on tension and
cable curvature [47]. Although solutions exist to measure these dynamics [311],
they are nontrivial for the system in its current configuration. Cable dynamics
have thus been neglected, by approximating Θms as Θg, measured by a motor
encoder (maxon 421988).

Motor
Controller

Motor-
Gearbox

Unit
Cables eSEA

Human

uc ua gΘ msΘ e�

hΘ

Exoskeleton/Non Human Subsystem

Figure 5.3: System dynamics. The exoskeleton subsystem is contained in the
dotted lines. Θ denotes a general vector of position, velocity and acceleration

(θ, θ̇, θ̈).
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5.2.2.1 Internal Motor Controller Dynamics

To evaluate the accuracy of the motor controller, two sinusoid signals of amplitude
0.05 Nm and 0.09 Nm, swept from 0-5 Hz at 1 Hzmin-1 were commanded at the
motor. The cable drive was disconnected from the motor-gearbox unit for these
tests. It was found that ua had an approximately linear drop-off with increasing
frequency from uc. This was modeled as a first order linear filter and fit to a
transfer function, with a time constant, τc = 0.03488 s. Eq. 5.1 displays this in
the time domain.

u̇a =
uc − ua
τc

(5.1)

5.2.2.2 Exoskeleton Dynamics

The dynamics of the robotic sub-system are given by Eq. 5.2.

Jmg = nua − fv θ̇g − fcsig(θ̇g)− τe + Jmgd̂4 (5.2)

Jmg is the inertia of the motor-gearbox unit, fv is the viscous friction coeffi-
cient, fc is the coulomb friction coefficient and sig is the sigmoid function. d̂4 is a
disturbance estimate. The value of Jmg, and the gearbox ratio, n, were calculated
from datasheet values as 0.663 kgm2 and 74 respectively [312]. To compute fv and
fc, d̂4 and τe were removed from Eq. 5.2 and linear regression was performed on
the data from the signals used to evaluate the motor controller dynamics. This re-
sulted in fv = 0.5551 Nmsrad-1 and fc = 0.4688 Nm . These values were validated
with three multitoned sinusoids. Table 5.1 summarizes the results.

Table 5.1: Model fitting results. T = Training signal, V = Validation signal.

Signal Type T1 T2 V1 V2 V3
RMS Error (rads-2) 0.320 0.536 0.436 0.592 0.539

5.2.2.3 Human Dynamics

The human dynamics have been modeled with a passive (inertial) component and
active component:

Jhθ̈l = τe + τ̂h (5.3)
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where Jh is elbow inertia, estimated with anthropomorphic data to be 0.22
kgm2 [313–315]. θ̈l is the acceleration of the load-side component of the eSEA and
τ̂h is an estimate of human torque.

5.2.2.4 Elastomer Dynamics

The elastomer dynamics are briefly presented in Eq. 5.4:

τe = k3θ
3 + k1θ +

∫ t

0
kv

(
∆θ̇ − τr

η

)
+

N∑
i=1

p(ri)Ei[v](tk) (5.4)

∆θ is the compression of the elastomer in rad (θms - θl), θ̇ is rate of compression
in rads-1, t is time, τr is the torque due to rate-dependencies and k3, k1, kv and η
are model fitting terms. p(ri) and E[v](t) model rate-independent hysteresis. Full
details of this model are published in [288].

5.2.3 Disturbance Observer Design

To compute d̂4, a disturbance observer (DOB) was used, operating at 1 kHz:

˙̂
d4 = −L(θ̈gp − θ̈gm) (5.5)

where θ̈gp and θ̈gm are the predicted and measured values of θ̈g respectively. L
is the gain value, chosen as 5 in this work.

5.2.4 Summary

The dynamics of the entire system in state space is:

ẋ1 = x2

ẋ2 =
1

Jh
τe + τh

ẋ3 = x4 (5.6)

ẋ4 =
1

Jmg
(nua − τe − fvx4 − fcsig(x4)) + d̂4

u̇a =
uc − ua
τc

where x1, x2, x3 and x4 respectively correspond to motor-side angle, motor-side
velocity, load-side angle and load-side velocity of the eSEA.
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5.3 Controller Formulation

5.3.1 Model Predictive Controller

5.3.1.1 Controller Derivation

MPC generates a control action by solving an optimization problem to minimize
a cost function, given here by Eq. 5.7:

`(τe, τd, u̇a) = |τ − τd|2Q + |u̇a|2R (5.7)

with positive definite weighting matrices Q and R. τd is a possibly time-varying
signal and u̇a is the rate of change of control, with a setpoint equal to 0. The
open-loop cost of an input sequence uc(·|t), predicted at time t, is given by:

J {τe(·|t), τd(·|t), u̇a(·|t)} =

Np∑
k=0

` {τe(k|t), τd(k|t), u̇a(k|t)} (5.8)

with predicted torque, τe(k|t), predicted desired torque, τd(k|t) and predicted
control rate, u̇a(k|t). In this work, the prediction horizon was chosen as 0.5 s,
discretized in 0.05 s intervals and thus Np = 10. The optimization problem is
formulated as:

min
uc(·|t)J {τe(·|t), τd(·|t), u̇a(·|t)} , (5.9)

s.t. x(k + 1|t) = f (x(k|t), u(k|t)) , uc(k|t) ∈ U ∀ 0 ≤ k ≤ Np − 1

U represents input constraints, here it was constrained to be within ±0.221 Nm,
the nominal torque of the motor [312].

5.3.1.2 Predicting Human Dynamics

The MPC law solves the optimization problem in Eq. 5.9, subject to the model
dynamics in Eq. 5.2.4. To predict x2, it is necessary to compute τ̂h, an estimate
of active human torque. This was achieved by first assuming any disturbance on
the dynamics of x2 is attributable to human motion. A DOB was then created,
shown in Eq. 5.10:

˙̂τh = −L · Jh · (ẋ2p − ẋ2m) (5.10)

where ẋ2p and ẋ2m are, respectively, the values of ẋ2 predicted by the model in
Eq. 5.2.4 and the measured value of ẋ2, i.e. load-side eSEA acceleration, derived
by differentiation of a position, then velocity signal. Each of these was filtered
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with a 4th order Butterworth filter prior to differentiation. L was selected as 0.25
through iterative tuning and the DOB operated at 1 kHz. To extrapolate τ̂h over
the prediction horizon, the past 11 values of τ̂h as predicted by Eq. 5.10 were fit
with 2nd order polynomial coefficients, which were used to predict the next 11
values over the horizon.

5.3.1.3 Stability of MPC

Stability of MPC is typically guaranteed by ensuring that the cost function de-
creases under closed-loop control. There are two ways of designing the controller
appropriately: 1) By constraining the final states to be within a certain region,
the so-called terminal region [316], or 2) by designing the prediction horizon to be
sufficiently long [317]. In this work, it was decided to first select these parameters
through iterative processes and then, if stability could still not be achieved, to
then design these parameters rigorously. However, stability did not prove to be an
issue and thus a more rigorous design was deemed unnecessary.

5.3.1.4 Real Time Implementation of MPC

The MPC law was implemented on the myRIO at 20 Hz, using the ACADO
libraries [318]. 20 Hz was deemed sufficient based on the 10 Hz bandwidth of
human motion [46]. To decrease latency the optimization problem was not solved
to optimality; rather, only one iteration was made per time step.

5.3.2 Sliding Mode Control

In the SMC architecture, pHRI torque control is achieved by controlling the posi-
tion of the motor-side component, θ̈ms relative to the load-side component. This
controller was implemented at 200 Hz on the myRIO.

5.3.2.1 Controller Derivation

The derivation for SMC begins with the canonical dynamics of the controlled
variable, θ̈ms [167]:

θ̈ms = ẋ4 =
1

Jmg
(nua − τe − fvx4 − fcsig(x4)) + d̂4 (5.11)

A second order, integral sliding surface is defined based on error metrics:

s = ˙̃x+ 2λx̃+ λ2
∫
x̃ (5.12)
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x̃ = xd − xa (5.13)

The goal is to regulate the surface dynamics at 0:

ṡ = ¨̃x+ 2λ ˙̃x+ λ2x̃ (5.14)

ṡ = 0 = ẍd −
[

1

Jmg
(nua − τe − fvx4 − fcsig(x4)) + d̂4

]
+ (5.15)

2λ [ẋd − ẋa] + λ2 [xd − xa]

ua =
1

n
{Jmg

[
ẍd + 2λ (ẋd − ẋa) + λ2 (xd − xa)

]
+ (5.16)

τe + fvx4 + fcsig(x4)− Jmgd̂4}

Eq. 5.16 is the "equivalent control", ueq, which achieves ṡ = 0 if the surface dy-
namics are precisely known. However, modeling inaccuracies introduce uncertainty.
Thus, Eq. 5.16 is altered to use hat notation on uncertain parameters:

ueq =
1

n
{Ĵmg

[
ẍd + 2λ (ẋd − ẋa) + λ2 (xd − xa)

]
+ (5.17)

τ̂e + f̂vx4 + f̂csig(x4)− Ĵmgd̂4}

To account for the uncertainty, a switching term is introduced:

ua = ueq + ksmcsgn(s) (5.18)

To derive the value of ksmc, the sliding condition, Eq. 5.19, is used. Satisfying the
sliding condition is equivalent to ensuring that s2 remains a Lyapunov function of
the closed-loop system, thereby ensuring stable control.

1

2

d

dt
s2 ≤ −η |s|

sṡ ≤ −η |s|
(5.19)

Eq. 5.18 is used in the expression of the surface dynamics and substituted into
Eq. 5.19. ksmc is chosen such that the inequality in Eq. 5.19 is satisfied:

ksmc ≥
1

n
{Junc

∣∣ẍd + 2λ(ẋd − ẋa) + λ2(xd − xa)
∣∣ (5.20)

+ |τeunc|+ |fvunc |+ |fcuncsig(x4)|+ |Juncd4|+ Jmaxη}
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where the subscript "unc" refers to an "uncertainty" variable:

|a− â| = |â− a| = aunc (5.21)

The control law, Eq. 5.18, is discontinuous across the surface, leading to "control
chattering". To avoid this, the sgn function has been replaced by a saturation
function, sat:

ua = ueq + ksmcsat
s

φ
(5.22)

where φ is the width of a smoothing layer. In pilot trials, the desired acceleration,
θ̈d, was too noisy to use. Consequently, θ̈d was set to 0 in the SMC law. Further-
more, it was not possible to implement the inverse filter required to compensate
for the motor controller dynamics (the 5th state in Eq. 5.2.4), due to high-gain
like noise amplification in the control signal. Hence, for SMC, it is assumed that
ua = uc.

5.3.2.2 Model Inversion

The SMC law controls position, thus to command a given elastomer torque, the in-
verse of Eq. 5.4 must be used to compute a setpoint. The forward elastomer model
was first partially analytically inverted, and then coupled with a DOB–based inver-
sion procedure. This work has been previously published and readers are directed
to [319] for further information.

5.3.2.3 Gain Selection

The SMC law has seven parameters to select: fvunc , fcunc , Junc, τeunc , η, φ and λ.
fvunc and fcunc were chosen as 25% of fv and fc respectively. Junc was selected to
be small, 0.05, in reflection of the fact that Jmg was identified from a datasheet. η
is chosen as 0.001. τeunc was chosen as a polynomial function, such that its value
increased with increasing elastomer deflection, as per [288]:

τeunc = 1.5∆θ + 1.5 (∆θ)3 (5.23)

and such that the uncertainty at ∆θ = 12.5 deg (0.22 rad, approximately the
elastomer’s full scale range) was close to 0.38 Nm, the maximum error observed
when training the model [288]. The final two variables, φ and λ, are tuned to be
comparable to the MPC law, as described in Section 5.4.
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5.3.3 Impedance Controller Formulation

As mentioned, pure torque or position control may not be safe for human-in-the-
loop systems. An alternative is the use of interaction controllers such as impedance
control, which renders the device to act as a spring-damper system [155].

5.3.3.1 Model Predictive Control

Unlike SMC, MPC does not require a cascaded control system to implement
impedance control. Rather, it can be achieved in one control layer, by altering
the cost function:

`
(
τe, τd, θh, θd, θ̇h, θ̇d, u̇a

)
= (5.24)∣∣∣τe − τd −Kp (θh − θd)−Kd

(
θ̇h − θ̇d

)∣∣∣2 + |u̇a|2R

Ideally, R = 0, such that the solution to the optimization problem renders a spring-
damper system with characteristics defined by Kp and Kd. In practice, choosing
R = 0 caused numerical issues, thus it was set to a small value: 0.005.

5.3.3.2 Sliding Mode Control

Impedance controllers with inner torque control loops are typically implemented
by a cascaded control architecture [300], illustrated in Fig. 5.4. A setpoint is com-
puted with a high-level PD controller. The PD controller acts on elbow position
error, guiding the elbow to a trajectory with spring-damper characteristics defined
by the PD gains.

SMC Control
Architecture

d�PD
Controller Exoskeleton

Human

uderrΘ

hΘ

ex�desΘ

h�

Figure 5.4: SMC impedance control architecture.

5.4 Experimental Procedure

Two sets of experiments were designed to compare the controllers, one with the
load-side of the exoskeleton fixed to a desk, and the second with human subjects
in-the-loop. For the fixed output experiments, the values of ẋ1 and ẋ2 in Eq. 5.2.4
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were set to 0. An "operating space" defined the range of torques and frequencies
of elastomer compression over which to conduct experiments. Its vertices, ranging
from 0-4 Nm and 0-1.5 Hz, were dictated by the validated workspace of the inverse
elastomer model required for SMC [319].

5.4.1 Controller Tuning

To comparably tune the controllers, a sinusoidal signal with parameters defined
by the centroid of the operating space, 1.7 Nm and 0.6 Hz, was used as a nominal
case. The cables were twisted at 180 deg and the output was fixed.

5.4.1.1 MPC

The remaining MPC parameters were the weighting values, Q and R. R was fixed
at 1 and Q was varied. Q = 35 was chosen as the final value. Although higher
values yielded less error, they resulted in more overshoot at the extreme setpoint
values.

5.4.1.2 SMC

The SMC law had two remaining parameters to tune: φ and λ. φ was selected such
that the surface did not saturate for the tuning case, which occurred at φ = 1.5. φ
was then held at 1.5 and λ was varied. λ = 9 was chosen as the final gain. As with
MPC, higher values resulted in less RMS error, but with increased overshoot. Fig.
5.5 illustrates the performance of both tuned controllers. The RMS errors were
0.386 Nm for MPC and 0.590 Nm for SMC. It is interesting to note that there is a
smaller phase difference for MPC compared to SMC, likely due to the predictive
ability of MPC.

5.4.2 Fixed Output Experiments

12 sinusoid setpoints were chosen corresponding to intervals in the operating space.
The controllers tracked the setpoints for 22 cycles; the first 10 to reach steady state,
and the remaining cycles for analysis. Each experiment was repeated at three cable
twist angles: 180 deg, 0 deg, and 270 deg, to evaluate the controllers’ robustness
to varying cable configurations.
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Figure 5.5: Controller tuning results. Top: MPC, Bottom: SMC.

5.4.3 Human-in-the-loop Experiments

5.4.3.1 Calibration and Familiarization

Prior to the trials, subjects were instructed to extend and flex their elbow to
comfortable limits, to record their range of motion. They were then granted 30
s-60 s of "free movement" with each controller, to familiarize themselves with the
feeling of using the exoskeleton. The interaction torque setpoint was set as 0 Nm
during this time.

5.4.3.2 Backdriven Experiments

The first task evaluated the "backdrivability" of each controller. The control goal
is to track the user’s motion with no elastomer compression (0 Nm interaction
torque). Subjects were shown a display of their motion and a target trajectory.
They were asked to track four sinusoids of frequencies: 0.1 Hz, 0.15 Hz, 0.2 Hz, and
0.25 Hz, each with a peak-to-peak amplitude of 90 deg, beginning at full elbow
extension.

5.4.3.3 Activities of Daily Living Experiments

The second task required subjects to slowly and smoothly cut three slices of bread,
a common ADL, while wearing the exoskeleton. This was conducted once in back-
driven mode, and again with a setpoint of 2 Nm acting to flex the elbow. The
task was aimed at determining the ability of the controllers to command constant
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torques in the presence of non-zero load-side motion. Subjects began with their
arm at full extension for 15 s to allow the controllers to reach steady state.

5.4.3.4 Impedance Control

The third task evaluated the ability of each controller to render a desired
impedance. Subjects were instructed to slowly move their forearm from full exten-
sion to 90 deg over two seconds and back over two seconds. Subjects performed 10
cycles, the middle five were used for data analysis. This was repeated with each
controller for gains of: Kp = 0, Kd = 0 (i.e., backdriven), Kp = 0.75, Kd = 0.25
and Kp = 1.5, Kd = 0.25.

5.5 Results

5.5.1 Fixed Output Experiments

The results of the fixed output experiments are summarized in Fig 5.6. SMC was
not able to track the 3 Nm, 1 Hz signal without triggering the ESCON 50/5 safety
features, thus no data is included for this test. This, combined with lower RMS
error values in all other experiments, indicates that MPC has outperformed SMC
for the fixed output condition. Moreover, both controllers had similar results for
each angle of twist, indicating their robustness to changing cable configurations.

Figure 5.6: Fixed output results. Top row: 180 deg. Middle row: 0 deg. Bottom
row: 270 deg. M = MPC; S = SMC.



88 Control of pHRI Torque with the Elastomer-Based Series Elastic Actuator

5.5.2 Human-in-the-loop Experiments

5.5.2.1 Backdriven Results

The backdriven task results are summarized in Fig. 5.7. For all subjects and all
frequencies, the RMS interaction torque is lower for SMC, indicating that it was
able to achieve the 0 Nm setpoint with less error than MPC.

Figure 5.7: Backdriven task results. Top left: 0.1 Hz, Top right: 0.15 Hz, Bottom
left: 0.20 Hz, Bottom Right: 0.25 Hz.

5.5.2.2 ADL Results

Fig. 5.8 summarizes the ADL results. The median values for each controller are
close to the setpoints. However, the spread of the data indicates that overall, SMC
tracked the setpoint more closely. From examining the subjects’ trajectories during
the task it appeared that they moved similarly for each controller, facilitating a
fair comparison.

5.5.2.3 Impedance Control Results

Fig. 5.9 summarizes the impedance control task results, normalized to the maxi-
mum value of desired torque during the cycles analyzed. In general, MPC has ren-
dered the desired impedance values more accurately than SMC. Fig. 5.10 presents
an exemplar of impedance torque tracking for Subject 2.
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Figure 5.8: Boxplots of torque tracking for ADL experiment. Subject 1 (S1) to
Subject 4 (S4). Top: 0 Nm setpoint; Bottom: 2 Nm setpoint. Horizontal dashed

line indicates setpoint.

Figure 5.9: Summary of impedance controller testing. Top left: Subject 1, Top
right: Subject 2, Bottom left: Subject 3, Bottom right, Subject 4.

5.6 Discussion and Conclusions

The aim of this work was to develop an MPC architecture to control pHRI torque
in a robotic exoskeleton, including in impedance control, and benchmark it to
SMC. The clear performance variation across the different experiments indicates
that conclusions about which controller is most suited to pHRI control must be
made in a task-dependent context.

5.6.1 Performance Comparison

In the fixed output experiments, setpoints with low frequency and low amplitude
were typically tracked similarly by both controllers. As the amplitude and fre-
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Figure 5.10: Impedance rendering, Subject 2. Top: Kp = 0; Kd = 0. Middle: Kp

= 0.75; Kd = 0.25. Top: Kp = 1.5; Kd = 0.25. Left: MPC; Right: SMC.

quency increased, MPC consistently performed with less error than SMC. It is
likely that the predictive ability of MPC resulted in better performance for the
faster signals. For the human-in-the-loop experiments, the results are less conclu-
sive. In the backdriven and constant torque tasks, SMC performed more accurately
than MPC.

The main difference between the experiments is the degree of model accuracy.
In the fixed-output experiments, the values of ẋ1 and ẋ2 in Eq. 5.2.4 are clearly 0.
Conversely, the accuracy of the model of ẋ2 in the human-in-the-loop experiments
largely depends on the accuracy of the extrapolator predicting τ̂h. This suggests
that with a well-known model, MPC offers more accurate torque tracking over a
wider range of frequencies than SMC. However, the robustness of SMC can better
compensate for modeling uncertainties.

In contrast to the other human-in-the-loop experiments, MPC clearly provided
more accurate impedance rendering than SMC. This may be due to the "single-
layer" implementation that is possible with MPC. To implement an SMC-based
impedance controller requires a cascaded control system. In this work, the SMC-
based impedance control is governed by a PD-based controller. PD controllers
are, however, notoriously difficult to tune and have limited bandwidth. Any errors
resulting from the PD controller are propagated to the low-level SMC. Conversely,
MPC can implement impedance control in a single layer. This, combined with the
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predictive ability of MPC, may have resulted in more accurate performance than
SMC.

When Kp = 0, Kd = 0 in impedance control, this is equivalent to backdriven
control. However, in Fig. 5.10, for these gains, the controllers have performed com-
parably, which contrasts with the earlier backdriven experiments. The probable
explanation is that for MPC, setting Kp and Kd to 0 results in a ratio of state to
rate of control weighting of 1:0.005; far larger than 35:1, as it was in the backdriven
experiments. In this work, the ratio 35:1 was set as per the procedure outlined
in Section 5.4; and fixed for the rest of the experiments (aside from impedance
control) to try to ensure a fair comparison. However, the nature of fixed-output
experiments differs to that of human-in-the-loop experiments. Future work could
investigate techniques such as gain-scheduling to implement task-, or operating
point-specific tuning to improve performance.

5.6.2 Qualitative Comparison

Comparing the controllers qualitatively also offers interesting insights. MPC was
simpler to tune; with only one state weighting and the prediction horizon dis-
cretization to be chosen, in contrast to seven variables for SMC.

The one-layer implementation of an MPC-based impedance controller is also
a significant advantage over SMC. It is simpler and achieved more accurate
impedance rendering than SMC, for the results presented here. This one-layer
implementation could also be extended to realize other high-level controllers, with
appropriately designed cost functions [179].

Another major advantage of MPC is that it allows torque to be directly con-
trolled by considering it in the cost function. Conversely, the SMC law is a position
controller, which requires that the elastomer dynamics be inverted to convert a
torque setpoint to a position setpoint. MPC does not require the inversion scheme;
consequently, its implementation is simpler.

5.6.3 Extrapolating Human Torque

The results suggest that an accurate model is required for precise torque track-
ing with MPC. A crucial component of the model is the prediction of the second
state, x2. It is particularly challenging to model, as it includes the dynamics due
to human motion. Predicting human motion is nontrivial; in this work, a relatively
simple polynomial extrapolation method has been used. This was motivated by
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its low computational load and simplicity. Authors have proposed more complex
methods based on, for example, EMG [304], machine learning [320], Kalman fil-
ters [321] and statistical latent variables [322]. Such approaches could be used to
improve state prediction and thus performance of MPC in exoskeleton control.

5.6.4 Conclusions

This chapter compares MPC and SMC for pHRI torque control in an elbow ex-
oskeleton that is actuated by an eSEA. For a well-known model, MPC controlled
pHRI torque more accurately than SMC. In the presence of uncertain human
motion, the robustness properties of SMC resulted in more accurate torque con-
trol than MPC. MPC, however, was able to render a desired impedance more
accurately than SMC. This is thought to be due to its one-layer implementation,
whereas SMC-based impedance control requires a cascaded architecture.

MPC also offers various qualitative advantages, such as simpler tuning and
the ability to provide model-based control for an eSEA with complex dynamics
without the need for an inversion procedure. Overall, the results suggest that MPC
offers a powerful control method for pHRI torque control, however, further work
is required to obtain a reliable prediction of human dynamics.

A limitation of the experimental procedure is that instructions were verbally
given. While every effort was made to ensure subjects’ motion was informed in
the same manner, differences may have arisen. Additionally, some instructions,
e.g. "cut the bread slowly and smoothly" were interpreted differently by subjects.
This may have led to differences in the motion used to perform certain tasks.

Secondly, the value of elastomer torque in this experiment was taken as the
real-time calculation of elastomer torque on the myRIO computer. Any errors
in the model will thus be propagated to the reference torques presented here.
However, since both controllers use the same model, the comparison of controllers
remains fair.



Chapter 6

Comparing the pHRI of Spring-
and Elastomer-based Compliance

The previous three chapters laid the foundation for achieving good physical
human-robot interaction (pHRI) by implementing accurate torque measurement
and control with the elastomeric series elastic actuator (eSEA). This chapter ex-
pands on this by further investigating the pHRI of an elastomer element compared
to a spring. A range of quantitative and qualitative measures are used to evaluate
motion smoothness and human perception of motion when interacting with an
elastomer and a spring. 10 participants took part in a cross-over study designed
to eliminate learning effects. The elastomer appears to provide marginally more
comfortable and smoother interaction than the spring, however, the mechanical
design of the spring mechanism and small sample size prevent firm conclusions
from being drawn.

The following is adapted from a published manuscript:
c© 2018 IEEE. Reprinted, with permission, from C. Jarrett and A. McDaid,
Comparing Physical Human-Robot Interaction with Spring-and Elastomer-Based
Series Elastic Actuators, Proc. 2018 40th Ann. Int. Conf. IEEE Eng. Med. Biol.
Soc. (EMBC)., July 2018.
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6.1 Introduction

One of the primary challenges in rehabilitation robotics is designing safe, natural
and compliant physical human-robotic interaction (pHRI). Series elastic actuators
(SEAs) [40] have been suggested as one method of implementing better pHRI in
rehabilitation robots and authors have found success using this system [49, 142].
SEAs separate the motor and load by a compliant element, most often a spring.
This can increase comfort, and sense torque by measuring spring deflection.

In recent years, a growing trend has seen viscoelastic elements such as elas-
tomers used in SEAs, rather than springs [53, 57]. Parietti et. al used a viscoelas-
tic end effector to connect the wrist with the motor drive [57]. Austin et. al used
hysteretic rubber springs and achieved robust torque control [53]. One of the jus-
tifications for using an elastomer over a spring is that the inherent damping of
elastomers could improve pHRI by reducing unwanted oscillations.

Most researchers incorporate provisions for natural pHRI. In some cases, com-
fort is increased by the inclusion of kinematic redundancy [105], while control
algorithms can also act to give a more "natural" feel to the pHRI [162]. However,
regarding SEAs, to the best of our knowledge there is no study that directly as-
sesses human interaction with an elastomer-based SEA compared to a spring-based
SEA.

In this chapter, we propose to quantitatively and qualitatively compare human
interaction with a spring and elastomer, to determine which is more suited for
an SEA in a rehabilitative robotic exoskeleton. "Good" interaction is defined as
comfortable and smooth motion for the user. The flexion/extension of the wrist is
used as a 1-DOF case study.

6.2 Design and Characterization of a Test Rig

6.2.1 Selection of Compliant Elements

Two identical rotary springs were obtained from a supplier (McMaster-Carr,
9271K115), and Ninjaflex (Ninjatek) was chosen to build an elastomer with com-
parable properties. Ninjaflex is 3D printed, thus it is possible to, "fine-tune" the
properties of the elastomer by altering print settings. The form of the elastomer
used is identical to our previous work [59].
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6.3 Mechanical Design

Two rigs were designed in order to compare the characteristics of the compliant
elements. Each rig was enclosed by "Mechanism Housings", 60mm square and
48mm high, to blind the participants to the specific mechanisms being tested.
Therefore, CAD models rather than photos are used in Fig. 6.1 for clarity.

To operate the rigs, a handle (omitted for conciseness) is attached to the
"Centre Pieces" and a shaft by an interference fit and a screw. Each rig contains
"Engagement Surfaces". As the wrist (and shaft) rotate, each set of surfaces con-
strain the motion of each compliant element (spring or elastomer) in one direction.
For a given direction, one leg of each spring rotates freely with its "Centre Piece"
while the other is constrained in one direction by an "Engagement Surface" (The
"Engagement Surface" at the bottom is not visible). For the elastomer, in a given
direction, two arms are engaged by engagement surfaces and the other two are
free. A rotary encoder (AMS5048A) at the rigs’ bases measures wrist rotation.
This is read at 1 kHz by a myRIO (National Instruments) connected to a PC for
real-time display.

Figure 6.1: Testing rigs. Left: Spring, Right: Elastomer. c© 2018 IEEE.

6.4 Characterization of Compliant Elements

The initial aim was to match the quasi-static stiffness of the springs and elastomer
and evaluate if the elastomer’s viscoelasticity improved human interaction. To
this end, a torque sensor (Futek FSH00646) was attached to the rigs’ bases and
grounded to a desk. The rigs were manually driven through three sinusoidal cycles
of 10 deg amplitude at a slow frequency of 0.01 Hz, guided by an on-screen aid.
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However, hysteresis was also observed in the spring mechanism, shown in Fig.
6.2. Consequently, the loading stiffness of the compliant elements was matched
instead, and the influences of differences in hysteresis and viscoelasticity on user
comfort were compared. Through iterative testing, 70% infill was found to yield
a Ninjaflex elastomer with suitable properties, illustrated in Fig. 6.2. The loading
stiffness is approximated as the gradient of a linear fit for the loading curves:
0.0502 Nmdeg-1 for the spring and 0.0480 Nmdeg-1 for the elastomer. The loading
data was obtained by manually extracting subsets of data. Fig. 6.2 includes a
close-up of the spring’s equilibrium point for later discussion.

Figure 6.2: Torque-displacement. Left: All data; Right: Loading data. c© 2018
IEEE.

6.5 Experimental Design

To evaluate which compliant element provided better interaction, two tasks were
conceived and a cross-over study design was used. The experimental procedure was
approved by the University of Auckland Human Participants Ethics Committee
(UAHPEC), approval #019707. 10 participants, six males and four females, were
recruited to take part in the study. They had a mean age of 26.7±4.2 years. All
participants except one were right-handed.

6.5.1 Study Design

Participants were randomly assigned to two groups and asked to perform two
blocks of tasks with their dominant hand. Group A used the spring for the first
block and the elastomer for the second, while Group B used the elastomer for
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the first block and the spring for the second. Participants were instructed to pay
attention to their physical interaction with each device and they were blinded as
to which mechanism they were using.

6.5.2 Physical Setup

Participants were seated at a computer desk facing the screen, which was rotated
to ensure the directions of physical and on-screen movement aligned. The testing
rig was clamped to the desk, while their forearm was supported by a brace. The
height of the chair was adjusted to achieve a comfortable shoulder pose.

6.5.3 Task Description

1. Familiarization: Prior to performing the tasks, participants were familiarized
with each mechanism by tracking an on-screen sinusoid of 10 deg amplitude
and 0.2 Hz frequency, for 30 s.

2. Task A. Trajectory Tracking : Participants tracked an on-screen multi-tone
sinusoidal trajectory for 60-90 s, with their on-screen motion controlled by
the flexion/extension of their wrist. The trajectory is defined by Eq. 6.1.

θd = 0.04 sin(2π × 0.1t) + 0.04 sin(2π × 0.2t) + . . . (6.1)

0.04 sin(2π × 0.4t) + 0.04 sin(2π × 0.5t)

3. Task B. Pong Game: Participants played a game of Pong for 60-90 s. Players
move a paddle with their wrist motion to stop a ball leaving their side of the
screen. A 2-3 minute break was granted between tasks while the mechanisms
were swapped. To elicit more dynamic responses, the paddle moved as a
mass-damper system, with acceleration defined by Eq. 6.2.

ẍ =
F − cẋ
J

(6.2)

where F is a virtual force equal to the angle of the wrist, c is virtual damping,
set to 0.011 Nmsrad-1, ẋ is the velocity of the paddle and J is virtual inertia,
set to 0.00001 kgm2. Occasionally while adapting to the game, participants
would "lose" the paddle, as it travelled off-screen. If it seemed unlikely that
they would recover it, its position was reset.
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6.5.4 Data Processing

Each dataset was first processed by extracting the final 45 s of each task. Fre-
quency content analyses for each trial revealed that no motion had frequencies
exceeding 3 Hz. A zero-lag lowpass filter with a stopband of 4 Hz was applied to
the raw position data to eliminate noise. Velocity was obtained by differentiating
the filtered signal, then filtering the subsequent data. This process was repeated
for each derivative until jerk was obtained.

6.5.5 Quantitative Metrics

Four metrics were used to quantify "smooth and comfortable motion": RMS accel-
eration, Vibration Dose Value (VDV), log dimensionless jerk (LDLJ) and Spectral
Arc Length (SPARC). The first two are inspired by ISO2631, which measures com-
fort during whole-body vibration. The others are drawn from literature [323].

1. RMS Acceleration: The RMS acceleration is defined by Eq. 6.3.

arms =

√
1

T

∫ T

0
a2(t)dt (6.3)

where T is the duration in seconds and a(t) is the acceleration.

2. Vibration Dose Value: The VDV is defined by Eq. 6.4

V DV =

∫ T

0

4
√
a4(t)dt (6.4)

where T is the duration in seconds and a(t) is the acceleration.

3. Log Dimensionless Jerk : LDLJ is a jerk-based metric, defined by Eq. 6.5.

LDLJ = log

(
(t2 − t1)5

v2p

∫ t2

t1

∣∣∣∣d3θdt3
∣∣∣∣2
)

(6.5)

where t2 − t1 is the duration of the movement signal in seconds, vp2 is the
peak speed and θ is the position signal.

4. Spectral Arc Length: SPARC measures smoothness based on the complexity
of its Fourier magnitude spectrum [323]. A smaller value indicates a smoother
signal. It is defined by Eq. 6.6
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SPARC =

∫ ωc

0

( 1

ωc

)2

+

(
dV̂ (ω)

dω

)2
 1

2

dω, V̂ (ω) =
V (ω)

V (0)
(6.6)

ωc = min
{
ωmax
c , min

{
ω, V̂ (r) < V ∀ r > ω

}}
where V(ω) is the magnitude spectrum, V̌ is the normalized magnitude
spectrum, V(0) is the DC magnitude, ω is the frequency and ωc is dependent
on: V , a magnitude threshold set to 0.05 [323] and ωmaxc , the maximum
frequency, set to 4 Hz.

6.5.6 Survey Design

Participants completed an exit survey comparing the first mechanism to the sec-
ond. They were asked to rate it as "much less", "less", "no different", "more"
or "much more" for four categories: comfort, naturalness, control and effort. Two
open-ended questions asked participants to describe how their wrist motion felt
for each mechanism.

1. Coding Scheme: A coding scheme was developed to analyze participants’
responses to the comparative ratings. As the first device differed depending
on which Group the participant was in, each answer was first interpreted in
terms of the spring mechanism. For example, if a participant from Group B
rated their first device (elastomer) as "more comfortable" than the second
(spring), this answer was interpreted as the spring being "less comfortable"
than the elastomer.

A numeric rating scheme was applied, shown in Table 6.1 and the average of
all participants’ responses was computed for each category. A negative value
implies that the spring was rated "less" and a positive average implies the
spring was rated "more", than the elastomer for that category.

Table 6.1: Numeric ratings. c© 2018 IEEE.

"Much Less" "Less" "No Difference" "More" "Much More"
-2 -1 0 1 2

2. Open-Ended Responses: In total, 30 comments were extracted from the open-
ended responses and common themes were established [324]. Each comment
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was assigned to at least one theme and labelled as positive, negative or
neutral. Comments regarding smoothness or ease of motion were deemed
"positive" if the participant thought the device was smooth or easy to use,
"negative" if not and "neutral" if neither a good nor bad tone could be es-
tablished. All comments regarding linearity and nonlinearity were considered
neutral.

6.6 Results

6.6.1 Quantitative Metrics

An "inter-block" analysis compares the metrics from the first device participants
used first to the second, to determine if learning effects are present and an "inter-
device" analysis is used to compare the spring to the elastomer. Signed rank
Wilcoxon tests (α = 0.05) are used for the comparisons.

6.6.1.1 Inter-Block Analysis

The inter-block results are shown in Table 6.2. For the trajectory tracking task,
there was no evidence of a difference for RMS acceleration, VDV or LDLJ and some
evidence of a difference for SPARC. For the Pong game, there was no evidence of a
difference for LDLJ or SPARC, some evidence of a difference for RMS acceleration
and strong evidence of a difference for VDV.

Table 6.2: Inter-block metrics. (1 = Block 1, 2 = Block 2). c© 2018 IEEE.

Trajectory Tracking Pong Game

Metric Median p Value Median p Value1 2 1 2
RMS Accel (degs−2) 47.5 47.5 0.32 59.1 59.3 0.065

VDV (degs−2) 997.0 1005.5 0.28 1349.0 1336.0 0.020
LDLJ (-) 35.9 35.7 0.16 35.7 36.1 0.49
SPARC (-) 7.78 7.12 0.065 9.51 10.2 0.56

6.6.1.2 Inter-Device Analysis

The inter-device results are shown in Table 6.3. For the trajectory tracking task,
there was no evidence of a difference for LDLJ or SPARC, some evidence of a
difference for RMS acceleration and strong evidence of a difference for VDV. For
Pong, there was no evidence of a difference for any metric.
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Table 6.3: Inter-device metrics. (S = Spring, E = Elastomer). c© 2018 IEEE.

Trajectory Tracking Pong Game

Metric Median p Value Median p ValueS E S E
RMS Accel (deg/s2) 53.1 43.5 0.049 59.1 59.2 0.63

VDV (deg/s2) 1098.0 903.1 0.0059 1370.8 1335.0 0.77
LDLJ (-) 35.9 35.7 0.11 35.7 36.1 0.70
SPARC (-) 7.55 6.85 0.56 9.83 10.2 0.92

6.6.2 Survey Results

6.6.2.1 Scale Comparisons

Table 6.4 details the results for the comparative questions in the survey. The
spring was considered less comfortable and less natural compared to the elastomer.
Participants reported having less control, but exerting less effort with the spring.

Table 6.4: Mean responses to questionnaire scales. c© 2018 IEEE.

Comfort Naturalness Control Effort Exerted
-0.2 -0.3 -0.3 -0.2

6.6.2.2 Open Ended Responses

Table 6.5 details the open-ended responses. For both devices there is a roughly
equal proportion of positive and negative comments for smoothness and ease of
movement. A number of participants commented that the spring felt nonlinear,
while comments varied as to the linearity or nonlinearity of the elastomer.

Table 6.5: Number of open-ended responses for each theme. Pos. = Positive,
Neg. = Negative. c© 2018 IEEE.

Theme
Tone Spring Elastomer

Pos Neg Neutral Pos Neg Neutral
Smoothness 2 2 - 1 1 -
Linearity - - - - - 2

Nonlinearity - - 4 - - 1
Ease of Movement 3 3 - 3 3 -

Miscellaneous - - 3 - - 5
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6.7 Discussion

For the trajectory tracking task, two metrics suggest interaction with the elas-
tomer was better: RMS acceleration and VDV. SPARC also has a lower median
value for the elastomer, suggesting a smoother motion profile, although this result
is not significant. For the Pong game, the metrics suggest that motion smoothness
was identical between the spring and elastomer. However, we can note that RMS
acceleration and VDV show evidence of a difference between blocks of tasks, be-
ing higher for the second block. The other metrics show similar trends, implying
that participants’ motion was not as smooth when playing for the second time,
regardless of which device they were using.

One reason may be that the paddle was controlled as a mass-damper system,
which took some time to adapt to. Using the last 45 s of each trial for analysis was
designed to eliminate this learning effect, but one hypothesis is that participants
became aware that if they lingered, the paddle would move too far; hence they
needed to compensate with quick movements in the opposite direction.

Additionally, it is mentioned in [323] that smoothness is task-dependent. Po-
tentially, the nature of the Pong game prevents significant differences from being
observed. An alternative task may have resulted in different outcomes.

Survey responses were varied. Table 6.4 implies that the elastomer was con-
sidered more comfortable, had a more natural feel and was easier to control than
the spring. However, these are only slight differences. It is interesting to take into
account the responses to the open-ended questions, where four comments were
related to the nonlinearity of the spring mechanism. Participants noted that it
was easier at small angles and quickly became more difficult, effectively having a
deadzone. This is illustrated in Fig. 6.2 by the sudden change in gradient of the
spring curve at the equilibrium point and can be attributed to a design flaw in
the testing rig. Despite best efforts, slight shifting of the spring body may have
occurred as the legs were engaged, resulting in lower stiffness at the equilibrium
point. This would also explain why it was considered slightly harder to control
and was considered to require less effort.

The other responses were balanced, with approximately equal numbers of pos-
itive and negative comments regarding smoothness and ease of movement for both
compliant elements. Overall, the results suggest that the elastomer may provide
better interaction, although the difference is slight.



Conclusions 103

6.7.1 Limitations

One limitation is the spring mechanism’s hysteresis, thought to be due either to
the tightening of the spring coils or friction in the rig. Although it was less than
the elastomer, it is likely that this difference was not large enough to be fully
perceptible, which would contribute to the similarities in both the quantitative
and qualitative data. Future studies should use different springs that are easier to
mount (thus mitigating the deadzone) and less likely to contain inherent hysteresis.
Additionally, it is not certain that the deadzone was constant throughout the
study. Three comments on nonlinearity came from latter participants, which may
be coincidental but could also signify a worsening deadzone.

Furthermore, because the human wrist can produce 20 Nm of torque [283],
it is possible that these dynamics overpowered the reaction torques of the spring
and elastomer. Future work could compare them for passive motion, which may
yield more conclusive results. Finally, while the sample size of 10 participants was
sufficient for a preliminary investigation, it limits the strength of the statistical
conclusions. Given the subjective nature of the topic, future studies with more
participants are needed to obtain more definitive conclusions.

6.8 Conclusions

This chapter compares a spring and elastomer in terms of pHRI at the wrist joint.
On balance, there is minor evidence to prove an elastomer provides better inter-
action, with both quantitative and qualitative evidence to suggest that it allowed
smoother and more comfortable motion than a spring. Further investigation and
a larger study size is needed for statistical significance and to generalize to other
joints, but this pilot study holds promise for the use of elastomers in SEAs to
improve pHRI.





Chapter 7

Application I: A Tool for Virtual
Normalization of Physical
Impairment

This chapter presents a use case of the elastomeric series elastic actuator (eSEA).
Here, it is implemented in a wrist exoskeleton and used in conjunction with a
computer algorithm to virtually restore impeded wrist function. The ability of
the eSEA to simulate impaired dynamics is demonstrated, in addition to its
modularity and potential to be used as part of broader therapy protocols.

The following is a adapted from a published manuscript:
C. Jarrett and A. McDaid. 2017. Virtual Normalization of Physical Impairment:
A Pilot Study to Evaluate Motor Learning in Presence of Physical Impairment.
In: Frontiers in Neuroscience, sect: Neural Technology, 11(1).
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7.1 Introduction

A major neuroscience and clinical question is how best to invoke motor learning, a
critical component of the rehabilitation process [178]. It is difficult to completely
understand why neurologically impaired patients cannot learn to perform certain
tasks, as there are many underlying factors that contribute to motor learning
deficits. Often the presence of physical impairment, such as issues with strength
or range of motion (ROM), can confound results. This can make it unclear whether
the inability to perform aspects of a task is physical, a neurological motor learning
deficit, or a combination of both.

This is illustrated in multiple domains. One example is the administration of
botulinum toxin type A (BoNT-A), commonly used to reduce spasticity in chil-
dren with cerebral palsy (CP) [325–332]. BoNT-A addresses issues due to neural
spasticity and in cases where patients exhibit motion impairment after injections,
it can be unclear whether this is a result of dosage, issues with the structural
properties of muscle, or a fundamental incapacity for neural plasticity and mo-
tor learning. Similarly confounding issues have been reported in other studies,
alluding to the uncertainty of drawing conclusions when motor learning appears
poor in children with CP [211]. Self-exploration and problem solving are critical
to the motor learning process, but these can be impacted by motor difficulties,
preventing optimal learning [333].

The emergence of bio-mechatronics systems, specifically rehabilitation
robotics, has provided researchers with a new suite of tools for interacting with
humans and hence the ability to investigate the fundamental mechanisms of reha-
bilitation and motor learning [334, 335]. Robots have served as a useful research
platform, igniting debate about the most efficient way to stimulate motor learn-
ing. Some authors promote the well-developed "assist-as-needed" (AAN) paradigm
[336] while others suggest that error-augmentation (EA) is more effective [187].
The most recent evidence suggests that the answer depends on a range of factors,
from frequency of feedback to initial skill level [222, 231, 337, 338]. In other words,
the potential for motor learning is largely subject-dependent. Moreover, recent re-
views indicate that a gap exists between current technology and true clinical needs
[339].

In order to optimize rehabilitation a therapist must better comprehend the
fundamental subject-specific causes of motion deficit [340]. Recent studies have
investigated the separation of neural components of torque such as spasticity,
from non-neural components such as muscular stiffness [30, 341, 342]. While this
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provides a valuable analysis of motion, and enables the effectiveness of various
treatments to be analyzed, in these studies the cognitive ability to motor learn
was not considered as a component of observed motion. Given the importance
of motor learning in rehabilitation and to provide further insight into the causes
of motion issues, it would be useful to evaluate motor learning independently of
confounding physical impairment.

Melendez-Calderon et. al conducted a study which demonstrated that motor
learning could be achieved without physical motion [343]. This built on studies
focused on adaptation to environments after virtual training with visual feedback
[343–345]. In the case of physical impairment, force production might be lim-
ited, which could affect both virtual exploration and conclusions regarding motor
learning. Participants’ motion could also be scaled in a purely kinematic sense and
with no regard to dynamic models, as was previously used to investigate transfer
of knowledge between scaling conditions [346–348]. To the best of our knowledge
no conclusive method has been developed to specifically study motor learning
independently of physical impairment in patients with physical disability.

In this study, we ask whether it is possible to use a robotic exoskeleton as a tool
to evaluate the motor learning capacity of an impaired individual by normalizing
their physical abilities in a virtual environment and investigating their ability to
learn a task in this environment. The robotic exoskeleton rehabilitation device is
used to simulate a physical impairment on healthy participants and visually aug-
ment the residual motion on a display, thus "normalizing" the "impairment". The
"impairment" is manifested as a set of constraints on motion. A case study is pre-
sented, where we speculate that the virtual normalization of participants’ abilities
can be used to evaluate the cognitive ability to motor learn irrespective of physical
impairment. The exoskeleton will therefore be used as a tool to diagnose sources
of motion deficit and evaluate the motor learning capacity of impaired individ-
uals, serving as a valuable aid for clinicians to create optimized, subject-specific
therapy routines. This also has potential to lead to enhanced and harmonized
human-robotic interaction for people with impairment. Moreover, it provides a
platform for further research into motor learning in the presence of impairment.
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7.2 Materials and Methods

7.2.1 System Architecture and Model of Learning

The architecture of the entire human-exoskeleton system proposed in this chapter
is described in Fig. 7.1, with the human represented by the blocks encompassed
by the dashed lines.

A movement is planned, resulting a motor command which is translated into
a desired Cartesian coordinate, xd, which is converted via inverse kinematics to
a desired joint angle(s), θd. The Neuromuscular System block encompasses the
neuromuscular dynamics of the human, the output of which is a wrist torque,
τw. This human torque, along with the external torque exerted on the wrist by
the robotic exoskeleton, τ r, determines the wrist kinematics. The human and
robot torques are fed back internally to inform the human’s motor planning. The
exoskeleton torque is comprised of the resistive torque due to the constraints
imposed by the simulated impairment, while the Neuromuscular System block
encompasses any real impairment, which then affects the generated wrist torque.

As the wrist is coupled to the exoskeleton, the angle of the exoskeleton is
equal to the angle of the wrist, θw. This kinematic output, θw, is converted into
Cartesian coordinates, xw, then passed through the normalization (which is unity
in the healthy state) to be presented visually on screen as feedback (in the form
of the cursor) to the participant, xc. The behavior of the dynamic target, xt, is
related to the normalized wrist kinematics by a simulated model, in this case
a viscous damper. The target and cursor locations are viewed by the human to
inform motor planning for the subsequent motion. This has been intentionally
modeled as a black-box because, while it is understood the relationship between
wrist movement and corresponding target movement can be learned, literature
documents multiple mechanisms by which learning occurs [349] and this is not of
direct relevance to this work.

7.2.2 Participants

A convenience sample of 10 participants, 8 male and 2 female, with no cognitive
or physical impairments, were recruited for the study. The study was approved
under the guidelines of the University of Auckland Human Participants Ethics
Committee (UAHPEC), reference number #013729, and written and informed
consent was obtained from all participants in accordance with these guidelines.
Study size was considered sufficient, given the similarity of the results in the
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Figure 7.1: Human-robot system architecture. Underbars denote a vector of
values relating to different DOFs of wrist motion.

healthy population and exploratory nature of the study, where the aim was to
technically and experimentally prove the concept of virtual normalization. All
participants were coincidentally dominant in the right hand.

7.2.3 Exoskeleton Device

The 3 degrees-of-freedom (DOFs) AW-TEX robotic wrist exoskeleton was used
in this study [350]. Flexion/extension (FE) and radial/ulnar deviation (RU) are
actively controlled. The third DOF is passive, designed to accommodate forearms
of differing lengths. The exoskeleton is shown in Fig. 7.2.

Series Elastic Actuators (SEAs) are used at the active joints and are driven by
remotely located motors with Bowden cables. An inner controller based on sliding
mode control regulates the relative displacement of the SEA components, thus
controlling the torque in an impedance-based architecture [59].

7.2.4 Implementation of Simulated Impairment

The present study is performed with healthy participants with a simulated CP-like
impairment so that we can use each person as their own control in a cross-over
study. CP describes a group of disorders with a variety of phenotypic manifesta-
tions and studies have varied in their attempts to describe the "average" kine-
matics of people with cerebral palsy [351, 352]. In this study, the impairment is
modeled with two components: (i) a simulated contraction, implemented by a
linear torque spring restricting motion in the extension direction from 5 deg; (ii)
a velocity-dependent torque, simulating restricted torque production and applied
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Figure 7.2: AW-TEX wrist exoskeleton.

throughout the workspace. The simulated impairment is manifested as a set of
"constraints," and is mathematically described in Eqs. 7.1 and 7.2:

τfe =

−sgn(θ̇fe)[Kp(θfe − 5) +Kdθ̇fe +Kv θ̇fe], θfe > 5 deg.

−sgn(θ̇fe)[Kv θ̇fe], θfe ≤ 5 deg.
(7.1)

τru = −sgn(θ̇ru)[Kv θ̇ru], ∀θru (7.2)

where τfe and τru are the torques applied to the wrist in the flexion/extension and
radial/ulnar deviation axes; θfe and θru are the flexion/extension and radial/ulnar
deviation angles of the wrist; θ̇fe and θ̇ru are the angular velocities of the wrist
in the flexion/extension and radial/ulnar deviation axes; Kp and Kd are the stiff-
ness and damping of the wall that restricts the ROM, set to 2 Nmdeg-1 and 0.1
Nmsdeg-1 respectively; Kv is the gain applied to implement the velocity-based
resistance, set to 0.02 Nmsdeg-1 and sgn is the sign function. Operation of the
exoskeleton in this mode is hereafter referred to as the "constrained" state.

7.2.5 Impairment Assessment

A calibration routine was developed to evaluate the task-independent physical
ability of patients in the healthy (exoskeleton in backdriven mode) and constrained
states. This extracted three subject-specific measurements:

(1) Self-selected neutral position. These coordinates were used as the partici-
pants’ origins for the remainder of the experiments.
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(2) ROM, obtained by asking participants to move their wrist as far as possible
in each direction.

(3) Position-dependent velocity, this was recorded by asking participants to
perform eight blocks of five linear movements, alternating between the flex-
ion/extension and radial/ulnar deviation axes, (a total of four blocks per axis).
Fig. 7.3 illustrates the visual representation of the workspace shown to partici-
pants, displayed as nodes placed at 10 deg intervals in the workspace measured
by the preceding test. They were the locations at which average velocities were
measured. One minute rest periods were enforced after four blocks of movement to
eliminate effects of fatigue. The routine was completed twice: first in the healthy
state, then with the constraints applied and separated by a 2 min break.

Figure 7.3: Presentation of nodes in FE workspace during velocity calibration.

7.2.6 Kinematic Normalization

To normalize the ability of the participants in their constrained states, two steps
were required. The first is to shift the position of the cursor such that the con-
strained ROM centers on (0, 0). The second step is to apply a position-dependent
scaling factor to the velocity of the cursor such that it matches the position-
dependent velocity recorded in the healthy state. This was achieved with the aid
of Gaussian Radial Basis Functions (GRBFs). GRBFs are advantageous due to
their ability to describe any continuous function; and have been used in other
robotic rehabilitation research to model patient torque as a function of workspace
position [68, 183, 201]. The nodes at which velocities were recorded during the
calibration phase served as the locations of the RBFs.
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The first step was to compress and shift the node coordinates in the healthy
workspace into the constrained workspace, illustrated by the green plot in Fig.
7.4. The compressed healthy RBF was then evaluated at the nodes describing
the constrained workspace. This allows the calculation of the ratio of healthy to
constrained velocity at each of the constrained velocity nodes, as described by Eq.
7.3:

SFn =
vhn
vin

(7.3)

where SFn is the scaling factor at the nth constrained node, vhn is the estimated
healthy velocity at the nth constrained node and vin is the constrained velocity at
the nth constrained node. This creates a discrete set of scaling factors which are
used to create a second RBF that normalizes velocity in the constrained workspace.
The RBF allows the algorithm to capture velocity characteristics that vary with
wrist position.

Eq. 7.4 describes the RBF that was used to derive the scaling factor:

SFj(θj) = Y a+ w (7.4)

where SFj(θj) is the scaling factor as a function of motion at joint j, θj , Y is the
regressor matrix, composed of Gaussian basis functions as illustrated in Eq. 7.5,
a is a set of weightings applied to each basis function and w is a linear bias term
applied to the output layer, calculated by multiplying an additional weighting
coefficient by the current position:

Y =

[
g1 0

0 g2

]
(7.5)

where n is equivalent to the number of nodes that were obtained in the ROM test
and gn refers to the Gaussian radial basis function, defined in Eq. 7.6:

gn = e−
d2n
2σ2 (7.6)

where e is the exponential function, dn is the distance of the cursor from the nth

node and σ is the width of each basis function; defined as the average distance
between nodes.

Eq. 7.4 contains a linear bias term, the purpose of which is to reproduce global
behavior of the RBF function [353]. In previous work in rehabilitation robotics
involving RBFs, the linear bias term was omitted [68, 183, 201]. In this research, we
set the value of w to 0 in the RU axis, to mirror the previous studies and investigate
if the linear bias term can significantly improve the normalization algorithm. An
example of the resulting scaling factor is illustrated in Fig. 7.5 for both axes.
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Figure 7.4: Compression of an RBF describing healthy velocity into the
constrained workspace.

Figure 7.5: Scaling factor function to normalize velocity in the constrained
workspace. Left: FE, Right: RU.
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7.2.6.1 Validation of Normalization Algorithms

To validate the normalization, participants were subjected to the constraints, with
their cursor velocity normalized by the subject-specific scaling factor RBF. They
were asked to try to track the moving target, which was a recording of their
movement during the healthy calibration. The velocity of the cursor was recorded
for comparison with the velocity of the healthy movement. Four movement blocks
were performed, in the same structure as the calibration routine.

7.2.7 Case Study: Motor Learning Dynamic Cursor Model

To evaluate the use of the algorithm in conducting kinematic motor learning ex-
periments, a task where the target has a mass-damper relationship with the cursor
is implemented. The aim was to prove that when their constrained velocity was
normalized, participants could perform the task to the same standard with the
same amount of learning as they did in the healthy state. Eight participants, six
males, and two females, continued onto this phase of the study.

7.2.7.1 Study Design

The participants were randomly separated into two groups, to conduct a cross-over
study. Each group was tested for performance in the task across two sessions; each
conducted in one of the healthy and constrained states. Each session consisted of
a familiarization phase, followed by three blocks of movement in an acquisition
phase, details below. Group A conducted the first session in the healthy state,
followed by the constrained state one week later and vice versa for Group B. The
design is illustrated in Fig. 7.6. In the constrained state, participants’ residual
motion was augmented to allow them to reach the same velocity in task space
as they could under "healthy" states. The one week break between experimental
states served as a washout period, similar to comparable motor learning crossover
studies [204].

7.2.7.2 Task Description

Participants were seated in front of a computer screen, upon which their wrist
position was represented by a blue cursor and a target was illustrated in green,
Fig. 7.7. During task execution, the yellow origin was always visible. The goal of
the task was to reach the target, with "success" occurring when participants had
been within a 2 deg radius for 750 ms. Only one target appeared at a time. Targets
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Figure 7.6: Design of cross-over study.

were initially placed at a distance equal to 20% of the smallest ROM measurement
across both axes. One participant’s targets were placed at 25% of this distance,
due to a small ROM (∼10 deg in the radial direction) which would have placed the
initial location of the targets within the 2 deg threshold for target achievement.
To make the task non-trivial and require some level of adaptation, the targets
were programmed to be virtually connected to the participants’ movement as a
function of wrist velocity, according to Eq. 7.7:

ẍt =
ct(ẋc − ẋt)

mt
(7.7)

where ẍt is the acceleration of the virtual target, mt is the virtual mass of the
target, ct is the damping coefficient, ẋc is the velocity of the cursor and ẋt is the
velocity of the target. The movement of the target is thus related to the kinematics
of the participants’ wrists and the difficulty can be varied. Based on pilot trials the
mass and damping were set to 5 kg and 18 kgms-1 respectively, to ensure the task
was non-trivial and required some learning and adaptation. No external torque
field was applied (except the constraints) and consequently, the task requires pure
kinematic adaptation.

Participants were instructed to: "Try and catch each target by moving toward
it. The target will disappear if you have been successful and turn red if you fail
to achieve it." They were further informed that a successful reach required that
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they were over the target for approximately 1 s and they had 10 s to reach each
target. Targets were considered failed if their position exceeded the outer boundary
(illustrated as the red circle in Fig. 7.7) or if the participant had not achieved it
within 10 s of it appearing.

Figure 7.7: Illustration of motor learning task.

7.2.7.3 Experimental Procedure

Familiarization phase Prior to conducting the task, participants underwent
a familiarization phase, consisting of reaching 16 randomly ordered, stationary
targets in both the positive and negative directions for each axis. Targets were
placed at the same distance as for the main task.

Acquisition phase Following familiarization, participants performed three
blocks of the main task, separated by a 1–3 min break. Both targets were visited
15 times each, in a randomized order, after which the RU target was made to
reappear as a stationary target, serving as a catch trial to test for after-effects.
Ideally, there would have been a subsequent catch trial in the FE axis as well;
however, this would have been predictable, affected by a prior catch trial in the
RU axis and generally confounded results [354, 355].
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7.3 Results

A representative response from the validation of the normalization algorithms is
presented in Fig. 7.8. Three metrics from the healthy and constrained velocity
profiles are extracted and presented in Fig. 7.9. In Tables 7.1 and 7.2, the median
values for all participants’ metrics across the four trials from the validation are
presented, in addition to the RMS error normalized as a percentage of the healthy
velocity. All statistical analyses used an α level of 0.05.

The dominant frequency was measured by a Fast Fourier Transform (FFT).
When the dominant frequency data was tested with a Wilcoxon signed rank test,
there was no evidence of a difference between the healthy and constrained velocity
profiles for either the RU (p = 0.50) or FE (p = 0.75) axes. Also reported are
the power components measured at the dominant frequencies, a measure of the
amplitude of the signal at that frequency. A Wilcoxon signed rank test on this
data revealed no evidence of a statistical difference in the FE axis (p = 0.19) and
strong evidence of a difference in the RU axis (p = 0.0098).

The absolute peak velocities of the constrained- and healthy-target states were
extracted and the median of these was used as an indicator of the peak velocity in
each state. A Wilcoxon signed rank test revealed no evidence of a difference in the
peak velocities for the FE axis (p = 0.32) but strong evidence of a difference in the
RU axis velocities (p = 0.027), with the medians reported in Tables 7.1 and 7.2.
This suggests the specific normalization algorithm may have had an effect. The
median RMS errors are also reported as a percentage of the maximum healthy-
target velocity and were 21.0% and 22.1% for the RU and FE axes respectively.

Table 7.1: Summary statistics for algorithm validation in RU axis. H = Healthy,
C = Constrained (Normalized).

Metric
Dominant
Frequency

(Hz)

Power
Components

(degs-1)

Peak Velocity
(degs-1)

Normalized RMS
Error (%)

State H C H C H C H - C
H
× 100%

Median (n = 10) 0.24 0.24 37.6 34.5 51.2 47.3 21.0
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Table 7.2: Summary statistics for algorithm validation in FE axis. H = Healthy,
C = Constrained (Normalized).

Metric
Dominant
Frequency

(Hz)

Power
Components

(degs-1)

Peak Velocity
(degs-1)

Normalized RMS
Error (%)

State H C H C H C H - C
H
× 100%

Median (n = 10) 0.21 0.22 69.6 66.6 95.0 91.8 22.1

Figure 7.8: Comparison of normalized and healthy velocities for the FE axis.

7.3.1 Motor Learning Task

Participant 6’s adaptation to achieving the RU Target is shown in Fig. 7.10, com-
paring performance between the first RU Target in Block 1 (left), the last RU
target in Block 3 (center) and the catch trial (right). In the leftmost plot, the
participant has failed to achieve the target before it reached the boundary. In the
center plot, the target was successfully achieved, and the rightmost plot illustrates
a clear after-effect as the participant overshot before settling on the stationary tar-
get.

Two metrics were used to measure task performance; (i) number of successful
targets achieved; (ii) sum-of-squared-error (SSE) measured from the time of target
appearance to success (to reflect aspects of both settling time and overshoot); in
addition to magnitude of after-effects observed on the catch trial (to quantify the
amount of learning).
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Figure 7.9: Results of calibration validation for all participants (n = 10). Left:
RU axis; Right: FE axis. Top: Dominant frequency; Middle: Spectral power

component at dominant frequency. Bottom: Median peak velocity.

Figure 7.10: Adaptation to achieving the RU target. Left: First attempt, Block 1.
Center: Final attempt, Block 3. Right: Catch trial.



120 Virtual Normalization of Physical Impairment

Qualitatively observing participants indicated that they used one of two meth-
ods to complete the task. Either they would immediately move toward the target,
or initially move away from the target, giving themselves more "run-up" to reach
the target. Therefore, for a given participant, the after-effect is either the maxi-
mum overshoot of the target (when participants immediately moved toward the
target) or the maximum initial error (when participants chose to move away from
the target initially). For each participant, the metric was calculated as the median
value across the three blocks.

Fig. 7.11 illustrates one participant’s task metrics across the three blocks of
trials for the RU Target in the constrained state. An increase in the number of tar-
gets achieved is accompanied by a decrease in SSE, representing an improvement
in performance.

Figure 7.11: Improvement in metrics, RU target, Constrained.

Both inter-session and inter-state analyses are presented. Inter-session analy-
sis is performed using a Wilcoxon signed rank test, where statistical differences
between sessions would imply that one week was insufficient time to washout
learning. These results are summarized in Fig. 7.12 and Table 7.3. There was no
evidence of a difference between Sessions 1 and 2 for either target (FE, RU), for
the number of targets achieved (p = 0.89, p = 0.94), or the SSE (p = 0.15, p =
0.20). There was also no evidence of a difference for the magnitude of after-effect
on the catch trial (p = 0.74). The results conclude that one week was indeed
sufficient to washout learning.

Healthy and constrained states are also compared and the results summarized
in Figure 7.13 and Table 7.4. Wilcoxon signed rank tests were performed and for
the SSE, there was no evidence of a difference for either the FE or RU target (p
= 0.55, p = 0.15). For the number of targets achieved, there was no evidence of
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a difference for the RU target (p = 0.16), but there was evidence to suggest a
difference in the metric for the FE target (p = 0.016). For the magnitude of the
after-effect on the catch trial, there was no evidence of a difference between the
states (p = 0.74).

Table 7.3: Inter-session summary statistics.

FE Target RU Target After Effect
Magnitude

Metric Targets
Achieved SSE Targets

Achieved SSE Distance
(deg)

Session 1 2 1 2 1 2 1 2 1 2
Median
(n=8) 11 11 746.6 694.4 9.5 10.5 813.9 697.9 -4.65 -4.31

Figure 7.12: Inter-session results. Left: FE target; Middle: RU target; Right:
After-effects.

Table 7.4: Inter-state summary statistics (H – C). H = Healthy, C =
Constrained.

FE Target RU Target After Effect
Magnitude

Metric Targets
Achieved SSE Targets

Achieved SSE Distance
(deg)

State H C H C H C H C H C
Median
(n=8) 12.5 10 734.6 706.4 11 9 879.9 697.9 -4.50 -4.31
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Figure 7.13: Inter-state results. Left: FE target; Middle: RU target; Right:
After-effects.

7.4 Discussion

7.4.1 Validation of Normalization Algorithm

Overall, the results from the calibration phase show that the algorithms were able
to adequately normalize the velocity of the participants’ cursor, despite their mo-
tion being constrained. For the majority of participants, the dominant frequency
of motion of the normalized cursor matched that of the healthy-target motion.
Where there is a difference, it is on the scale of 0.05 Hz and can be considered
negligible. This is reinforced by a Wilcoxon signed rank test, suggesting no evi-
dence of a difference in dominant frequency in either the RU or FE axes. When
the power components of the dominant frequencies are considered, there is strong
evidence of a difference for the RU axis, (p = 0.0098) and no evidence to suggest
that the power components are different for the FE axis (p = 0.19).

The discrepancy in power components for the RU axis is not surprising, given
the additional cognitive load associated with target tracking in comparison to
free motion; participants constantly adjust to try and stay on the target and
thus perfect tracking cannot be expected. This is reflected in the high frequency
components of the graph shown in Fig. 7.8. Moreover, the median values were
similar for the constrained and healthy velocities in the RU axis (37.6 degs-1 and
34.5 degs-1), indicating that despite being unable to conclude they are statistically
similar, the values are reasonably close.

Some further insight can be gained by examining the peak velocities attained
in the healthy and normalized states. A Wilcoxon signed rank test on these values
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revealed no statistically significant differences for the FE axis, but strong evidence
of a difference for the RU axis. However, the median values of healthy and con-
strained velocity in the RU axis are 51.2 degs-1 and 47.3 degs-1 respectively, which
is a relatively small error of 7.62%. Furthermore, the boxplots in Fig. 7.9 visually
appear very similar. This suggests that the constrained velocity peaks in the RU
axis were comparably close to the healthy velocity peaks.

As with the power content of the dominant frequency, some differences between
peak velocities are to be expected, due to the difficulties associated with target
tracking. While these metrics provide some insight into the performance of the
algorithm, they are also strongly linked to individuals’ cognitive abilities in target
tracking. Considering the frequency components of motion, as opposed to peak
velocities, offers an analysis more closely focused on the non-cognitive aspect of
the motion.

The normalized RMS error was quite large, albeit similar in both the RU
and FE axes, at 21.0% and 22.1% respectively. Less weight should be attached
to the RMS values, however, since they are not representative indicators of the
algorithms’ performance due to phase lag and high-frequency motion components
induced by the cognitive load of target tracking. The healthy-target was intended
as a guide; thus we are not interested in matching its time-dependent position
exactly. The values of the RMS error should therefore be regarded as a measure
of comparing the two algorithms to each other, rather than explicitly evaluating
their performance individually. From the RMS metric, it is obvious that the two
algorithms have performed comparably.

Overall, we can conclude that the velocity in the constrained state was restored
reasonably closely to the original healthy-target velocity by both algorithms. This
justifies further exploration of this method as a tool to normalize patient physical
ability in tasks requiring motor learning.

7.4.2 Motor Learning Task

In general, the weight of evidence from this experiment suggests that both al-
gorithms were able to normalize constrained velocities such that learning of the
task was not hindered. In terms of task metrics, the only case in which there was
evidence of a statistical difference was the number of times the FE target was
achieved (p = 0.016). Further information can be gleaned by examining the me-
dian number of times the FE target was achieved in the healthy and constrained
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states: 12.5 and 10 respectively; implying that it was easier to reach in the healthy
state.

One reason may be due to the differing algorithms used. The normalization
algorithm in the FE axis was supplemented with a linear bias. Simultaneously,
most participants qualitatively noted that motion with the exoskeleton felt less
restrained in the FE axis. This led to greater sensitivity in the FE axis, which could
have led to less consistent performance, potentially explaining the non-significant
result for the FE target. Additional human biomechanical and/or exoskeleton
dynamics may have contributed to differences in each axis.

One of the primary aims of this research was to create a tool with which
motor learning can be studied; thus we must attempt to quantify the amount
of learning that took place. The fact that task performance was similar when
the algorithm was applied is promising. However, this alone does not reflect the
amount of learning that occurred. Haith and Krakauer distinguish between model-
based learning, requiring an internal model, and model-free learning, operating
on a trial-and-error basis with no internal model formed [349]. From a technical
viewpoint, it does not matter whether the learning that occurred was model-based
or model free, since both fall under the accepted definition of "motor learning,"
and thus it suffices to show that the normalization allows equivalent learning across
states.

Catch trials are often included in motor learning studies to test for after-effects
[204, 356]; and are commonly cited as evidence that an internal model was formed,
since they are predictive errors [178, 349, 357]. In the present study’s catch trials,
participants displayed substantial after-effects and no evidence of a difference was
found between the healthy and constrained states for the magnitude of after-
effects (p = 0.74). This provides evidence that the learning was the same despite
the physical limitations imposed by the constraints. A limitation of the study is
that the catch trial was only conducted in the RU axis and thus conclusions cannot
be drawn with regards to the FE axis. This was done so as to avoid subsequent
catch trials affecting each other [354, 355]. A further limitation of the catch trial
analysis in this study is that two participants used different strategies to reach
the target, initially pulling away from it. Therefore, the absolute values of their
metrics are larger than the rest of the participants’ data. While this affects the
spread of the data presented, the statistical analyses remain valid, as after-effects
were consistent for a given participant and paired Wilcoxon tests were used.

Haith and Krakauer also cite adaptation time as an indicator of the mechanism
of motor learning [349]. In the present study, participants required minimal adap-
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tation time, suggesting model-based learning occurred; however, adaptation time
is also influenced by task difficulty. Nevertheless, the presence of after-effects pro-
vides quantifiable evidence that learning did occur, regardless of the mechanism
by which it transpired.

One limitation of the study is the simulation of physical impairment; this
adds dynamics that participants must compensate for. The familiarization phases
in both the impairment assessment and in the motor learning case study were
designed to ensure that participants had "learned" the constraints as much as
possible before the tasks were conducted. However, in previous studies, it was
found that learning of dynamic and kinematic transformations occur indepen-
dently of, and in parallel to, each other [358]. Consequently, in this study it may
be that "learning" of the constraints did not interfere with learning the kinemat-
ics required to complete the task. The lack of a systematic difference in metrics
between the healthy and constrained states strengthens this conclusion. However,
there may be some interference in learning the transformation between physical
and normalized motion with the learning of the task kinematics.

The majority of metrics used to evaluate motor learning and task performance
displayed no significant differences between the states. Thus the weight of evidence
concludes that the normalization allowed participants to learn and complete the
task to the same standard in the constrained state as in the healthy state. This
significant because it lends justification to the potential use of the normalization
algorithms to conduct studies on patients with physical impairment. Physical im-
pairment has often been cited as a confounding factor in motor learning studies,
as researchers are unable to determine whether poor results are due to an inability
to motor learn or because of physical barriers [211, 333, 337]. Using normalization,
therapists may be able to evaluate the cognitive ability of a patient independently
of their physical impairment, alleviating the compounding factors surrounding
motor learning.

It is acknowledged that the task presented here is quite specific and that it
may not be considered as useful for restoring function. However, we argue that it
is the concept that is important, rather than the specific task, and the concept
is easily generalized to more complex tasks. Furthermore, the purpose of the nor-
malization is not to provide restoration of physical function, but as a tool with
which therapists can fairly compare individuals’ (with and without impairment)
inherent ability to motor learn and provide subject-specific, optimized therapy
programs informed by this knowledge. This study is intended as an exploratory
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investigation of the concept of the normalization and future work will examine
the use of this technique in patients with cerebral palsy, which will lead to further
understanding of motor learning in impaired participants.

7.4.3 Comparison of Algorithms

The final matter to address is the comparison of each algorithm. Both algorithms
were able to individually restore velocity capabilities to a decent standard. When
the validation of the calibration is considered, it was the algorithm used in the
FE axis that provided better results. However, it is important to consider that the
only metrics where it significantly outperformed the RU algorithm were the mea-
surement of peak velocities and the power component of the dominant frequency,
which are affected by cognitive difficulties and are not considered the optimal mea-
sures of performance. Furthermore, for both algorithms, the summary statistics
for all metrics were comparably close between the healthy and constrained velocity
profiles.

The algorithm used in the RU axis overall provided better performance in
the motor learning task, where no evidence of a difference between healthy and
constrained states was found for any metric. This contrasts with the FE axis,
where significantly more targets were achieved in the healthy state.

It is therefore difficult to say conclusively which algorithm was superior. The
linear bias added to the algorithm in the FE axis gave no clear advantage over
the standard algorithm in this application. In contrast, the algorithm in the RU
axis performed sufficiently, despite the lack of a supplementing bias factor, and
matches the structure of RBF used in the research that originally inspired our use
of RBFs [68, 183, 201]. Consequently, this shall be used in future development of
this normalization tool.

7.4.4 Limitations

The primary limitation of this study is the method of simulating physical impair-
ment. The torques exerted by patients in the healthy and constrained cases are
quite different. While this does simulate the fact that patients with impairment
tend to tire more quickly than their healthy counterparts, it is possible that fatigue
may be a compounding factor on the results. The focus of this preliminary study,
however, was to investigate whether the kinematics of the constrained participants
could be normalized and thus kinetics were not considered. In future, EMG could
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be used to measure torque, and further studies will focus on incorporating kinetic
data into the algorithm to give a fairer normalization of the abilities of impaired
individuals.

There is also difficulty associated with accurately replicating a physical im-
pairment. In reality, these are not modeled simply. However, the purpose of this
study was to show that the kinematics can be normalized in the presence of a
torque field that restricts motion. In this respect, the impairment can be treated
as a black box, with the only important phenomenon being that it has an impact
on kinematics. The use of biomechanical models could be considered for more ac-
curately representing actual impairments; however, this was considered to be out
of scope for a preliminary study.

The pilot sample size reduces the strength of the statistical outcomes. However,
as a preliminary investigation into the feasibility of the algorithm, a small sample
size was considered sufficient and has gleaned significant relevant information to
provide interesting results and motivate further investigation into this work.

7.5 Conclusions

A new technique for investigating motor learning in physically impaired individuals
has been proposed in an investigative pilot study focusing on wrist motion. Mea-
surements of velocity as a function of position are used to derive subject-specific
scaling factors that normalize the velocity of individuals to a "healthy" benchmark.
Healthy participants were subjected to an artificial impairment that restricted
both range of motion and velocity in the RU and FE axes of the wrist. The algo-
rithms were statistically proven to restore velocity accurately. In a crossover study
participants were able to complete the task with the same performance when the
algorithm was applied to their constrained state as they did in the healthy state,
with some evidence that motor learning had occurred. Overall, the results show
promise for the further investigation of this technique in exploring motor learning
in impaired individuals.





Chapter 8

Application II: A Framework for
Closing the Loop between
Human Experts and Robots in
the Assessment of Movement
Disorders

This chapter presents a second use case of the elastomeric series elastic actua-
tor (eSEA). A framework is developed that combines clinician knowledge with
robotic measurements, in order to improve the diagnosis of movement disorders.
The premise of the framework is that movement disorders can be characterized as
dynamic systems. An algorithm searches an a priori database of known disorders
for the most informative probing motion that distinguishes an unknown movement
disorder in a given patient. The resulting dynamics, in conjunction with therapist
input, are used by the algorithm to make a probabilistic estimate of which disor-
der is most likely. The chapter concludes by detailing the preliminary work that
has been conducted to validate the approach. It is proposed to render movement
disorders on a robotic test bench and use a new lower-limb exoskeleton based
on the eSEA to measure data for the algorithm. The new eSEA exoskeleton is
passive and contains a stiffer elastomer to suit the magnitude of torques required
for the lower-limb device and thus uses an updated sensor model.
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Sections 8.1-8.4 are adapted from a published manuscript:

c© 2019 IEEE. Reprinted, with permission, from C. Jarrett, C. Shirota, A.
McDaid, D. Piovesan and A. Melendez-Calderon., A framework for closing the
loop between human experts and computational algorithms for the assessment of
movement disorders, Proc. 2019 IEEE Int. Conf. Rehabil. Robots (ICORR)., June
2019.

The remainder of the chapter is unpublished work relating to the validation of
the framework.
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8.1 Introduction

Abnormal neuro-mechanics commonly occur as a result of neurological disorders
such as stroke, cerebral palsy or Parkinson’s disease. These disorders can cause
a wide range of issues including, but not limited to increased muscle tone (hy-
pertonia), increased muscle activation, essential tremor and contractures [4, 359–
361].

In a clinical setting, the assessment of such disorders is typically done with
manipulation of the limb by a trained clinician, followed by a rating on an assess-
ment scale, e.g., the Modified Ashworth Scale. However, the subjectivity of such
scales results in poor inter- and intra-rater reliability [13]. Moreover, these tests
primarily assess passive muscle tone, or the extent to which hypertonia occurs
[362]. However, hypertonia can be caused by compounding disorders that are not
necessarily easily distinguished by manual assessments [16]. Misdiagnoses may re-
sult in the delivery of ineffective treatment, leading to patient discomfort, reduced
quality of life and burden on medical infrastructure [363–365].

Instrumented assessments have proven more effective at assessing various
movement disorders, due to their ability to measure kinetic and kinematic quan-
tities in a standardized manner [241]. These assessments range from measuring
joint torques and angles [366], often with isokinetic dynamometers [243], to more
complex protocols involving electromyography (EMG) [367]. Unfortunately, such
assessments are not always clinically practical. While measurements made with
isokinetic dynamometers are highly repeatable, they can be prohibitively expen-
sive. Further, although EMG has been proven particularly successful at distin-
guishing movement disorders in research contexts, its repeatability is dependent
on factors that are not easily controllable in a clinical setting; for example clinician
training, electrode placement [368] and environmental noise [369]. Consequently,
while instrumented assessments can improve diagnostic outcomes, there is a need
for methods which rely on tools that are practical in clinical settings [241].

In [370, 371], authors showed how the instruction of specific probing motions to
clinicians during physical manipulation of a patient’s limb could significantly im-
prove the clinician’s perception of the underlying impairment. Along those lines, in
[60, 372], the authors proposed an approach in which clinicians and computational
algorithms jointly participate in the diagnosis process. The approach consists of
feeding kinematic and kinetic information during physical manipulation of the
patient’s limb to a computational algorithm which would iteratively suggest "op-
timal" manipulation strategies to the clinician. The authors suggested that these



132 A Framework for Assessment of Movement Disorders

strategies could consider the nonlinear effects of human perception and stereo-
typical forces produced by different types of impairment, essentially augmenting
human capabilities in a traditional clinical setting.

The primary focus of this chapter is to extend this concept into a formalized
framework. It builds on the framework outlined in [60, 372], with the addition of an
"information map" to identify the most informative probing motions that would
aid the diagnosis and classification of disorders on a given patient. The framework
is designed as a "clinician-in-the-loop" system, where a clinician’s expertise is
integral to the diagnosis. They have two important roles in the framework, to
a) collect measurements and b) provide input to an algorithm to evaluate which
movement disorders are most likely, based on their interaction with the patient’s
limb. The framework is exemplified with the identification of disorders on a single
joint; the extension to multidimensional systems is discussed at the end.

8.2 Overview of the Framework

The goal is to accurately diagnose a patient with an unknown movement disorder
with a minimum amount of probing motions executed by a clinician. The approach
operates on the premise that the dynamics of a limb that can be measured dur-
ing physical manipulation are distinct across disorders (although such differences
are not always perceivable by the clinician) [373]. An a priori database contains
measurements collected from patients with various known movement disorders.
The clinician guides the patient’s limb through an "informative" motion, and the
measured dynamics (i.e., position, force, etc.) are used to classify the patient be-
ing assessed into one of the disorders in the database. New probing motions are
selected based on the measurements, database information and the clinician’s ex-
pertise, accelerating the classification process. The overall flow of the framework
is illustrated in Fig. 8.1.

8.2.1 Database

The database contains data from patients with various categories of movement
disorders, collected and labelled a priori. Both the input probing motion (e.g.,
limb position, velocity and acceleration) and the response (e.g., interaction torque
between the clinician and the patient’s limb, EMG) are recorded as part of the
database. Each category of disorder must contain enough patients to capture the
inherent variability of the category. Additionally, variables such as patient fatigue
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Clinician estimates an impairment based on their experience. 

Computer scans information map for most informative
location, based on new measurement and therapist input.

Clinician executes the motion while sensor data  
(kinematic and dynamic)  

is measured by the computer.

New data are used to update probability of each category
of impairment. Computer informs clinician of outcome.

Does the clinician  
think the algorithm will  
yield any further useful  

information?

End of diagnosis process. 

No

Computer plans a probing motion based on the desired
location from the information map.

Yes

Figure 8.1: An overview of the framework. Adapted from [372]. Blocks related to
the information map are highlighted as new additions. c© 2019 IEEE.
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and their effects on the response variables could be assessed and added as input
variables with different levels of uncertainty. While an assessment of factors such
as fatigue is inherently complex, quantitative procedures do exist (e.g. [374, 375]).

8.2.2 Information Map

Next, the database is summarized into the information map. This is an abstract
space, detailing which areas of a search space are most informative to distinguish
between the different movement disorders. The approach is inspired by previous
literature, notably unmanned aerial vehicle path planning [376]. The information
map can be thought of as an extension of look-up tables. A given set of input
variables (describing the probing motion) is a "location" in the map. At each
location, the information map contains the responses observed across all movement
disorders for the given input. Formally:

Φ = (φ1, φ2, φ3 . . . φj) , Tm = (τ1, τ2, τ3 . . . τj) (8.1)

where each vector Φ is a "location" in the map, described by input variables φ1−j
and τn−m is the response measured from the nth patient of the mth category for a
given Φ. Each category need not contain the same number of patients.

8.2.2.1 Information Value

The information value of a location is related to how distinct the response data
are between movement disorders. Locations where the response variables are more
distinguishable correspond to highly informative areas, while locations with ho-
mogenous responses between movement disorders are less informative.

There is an important distinction to note between the information value of a
given location in the information map and the location that is most informative
in a given context. To illustrate this, consider that a child diagnosed with cerebral
palsy has a hypertonic knee joint. In children with cerebral palsy, hypertonia due
to rigidity is rare [373]. There may exist some location in the information map
where patients with rigidity and patients with some other movement disorder
are clearly distinct. However, for this particular patient, this location would be
uninformative because the clinician can already rule out rigidity as the likely cause
of hypertonia.

From now on, the term "inherent information" is used to refer to the informa-
tion value in locations which result in large differences in response measurements
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for different disorders, regardless of the knowledge of a specific patient’s disor-
der. The term "contextual information" is used to refer to the information value
of a location given prior and/or current knowledge of a patient’s disorder. This
knowledge could come from a clinician’s experience, but would also be obtained
throughout the assessment, as various diagnoses are ruled out.

8.2.2.2 Summarizing Information

Two options for summarizing the information are now discussed, in addition to
corresponding options for quantifying how informative a location, Φ, is.

1. Centroids

Recall that each location in the information map, Φ, contains m categories
of movement disorder with measurements from multiple patients for each
category. A centroid for each category at each Φ can be defined as the value
that minimizes the squared Euclidean distance to each torque value within
the category. When a new measurement is made, its Euclidean distance to
each category’s centroid can be used as a measure of similarity. In this case,
one measure of how informative a given Φ is would be the spread of the
centroids. Measurements made at a Φ where the centroids of each category
are further apart would be easier to categorize and hence more informative
than a Φ where the centroids are close.

2. Distributions

In this method, the information at each Φ is described as a set of distribu-
tions, one per movement disorder category. As each measurement is made,
a probability can be calculated that it belongs to each distribution.

This is particularly powerful, as there is no requirement for the distributions
to have the same general form (i.e., one category may be normally distributed
while another is multimodal). They thus allow for full adaptability to a
range of datasets. In this case, it could be possible to use either the variance
of the distributions themselves or a more complex measure of similarity
between distributions, e.g., the Kolmogorov-Smirnov test, as a measure of
how distinct the distributions are and thus, of how informative a location is.
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8.2.3 Diagnosing a Patient

The process of diagnosis is akin to system identification/classification, where the
clinician provides an input to the dynamics of the joint to induce a system’s
output; the relationship between input and output is then used to identify the
system/classify the disorder. This process is initiated by an algorithm, which se-
lects an input motion to be executed by the clinician. The first movement can be
informed by a clinician’s estimate; otherwise, with no prior information, it will be
the same for each patient.

The algorithm generates a set of probabilities, each representing the probabil-
ity that a patient has a given movement disorder from the database. These are
updated after each movement, as new measurements are collected. The algorithm
suggests new movements based on the probabilities; as various movement disor-
ders are deemed less probable, it chooses locations in the information map that
help discriminate between the remaining options.

This process iterates, until the therapist judges that the algorithm is not yield-
ing any further useful information. This may occur: 1) if the probabilities are not
changing significantly and they are satisfied with the diagnosis based on their ex-
perience and perception of the interaction forces, or 2) if they disagree with the
outcome.

8.2.3.1 Generating and Executing a Trajectory

It is important to ensure that the trajectory can be followed with minimal con-
scious effort, such that the clinician can remain aware of their interaction with the
patient’s limb while executing the trajectory.

Voluntary, discrete human movements can be defined by minimum jerk tra-
jectories [377]. Thus, specifying a minimum jerk trajectory, with the informative
location as its midpoint, would be a sensible choice. Additionally, replaying the
trajectory on-screen would allow the clinician to gauge the trajectory prior to
execution, thereby permitting more focus on interaction with the limb during ex-
ecution. A periodic display could also facilitate repeated executions of the desired
movement.

The amount of focus required by the clinician to execute the probing motion
would be further reduced by placing some level of tolerance on how accurate the
trajectory needs to be. Provided the trajectory is within reasonable bounds of the
optimal trajectory, the algorithm could use this "sub-optimal" information when
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it attempts to make a diagnosis. This is also advantageous because the likelihood
of precisely replicating a trajectory is low.

Finally, it is possible that not all trajectories contained in the information map
are feasible, due to factors such as limited patient mobility (e.g., contractures, de-
formities, pain). In all cases, the algorithm should choose a motion that is optimal
for the available search space, which can be defined by information provided by
the clinician.

8.3 A Guiding Example

8.3.1 Problem Outline

In this example, it is assumed that one wishes to determine whether spasticity
or dystonia is the underlying cause of a hypertonic leg. The two disorders require
significantly different treatments; therefore, in the interest of efficiency and patient
comfort, a correct diagnosis is essential. These disorders are commonly diagnosed
by manipulating the leg about the knee [241]; however, making the diagnosis is
not trivial, particularly in mild cases [363–365].

8.3.2 Simulating an Information Map

Spastic- and dystonic-like torques were simulated from a neuro-mechanical model
of the knee joint. The model was based on [60], with modified biomechanical
properties to simulate a leg [313, 378, 379]. It contained parameters that were
varied to subdivide the spastic-like and dystonic-like simulations into five levels
of severity, analogous to the Ashworth scale [380]. Hereafter, these categories are
denoted by a letter, D for dystonic-like and S for spastic-like, and a number, 1-5,
to represent the severity. In this example, each severity (e.g., D1, S5) is considered
as a separate category.

The inputs to the model were joint angles and velocities, while the output was
knee torque [60]. Consequently, each location Φ describes a position and velocity
value, with knee torque chosen as the response variable.

Φ =
(
θ, θ̇
)
, Tm = (τ1, τ2, τ3 . . . τnm) (8.2)

where knee angle and velocity are, respectively, θ,θ̇ and τnm is the torque mea-
surement from the nth patient of the mth category for a given Φ.

The information map was generated from simulation in MATLAB/Simulink.
The simulated knee joint was excited with a swept sine wave, from 0 Hz to 0.3 Hz
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at 0.5 Hzmin-1, with an amplitude of 130 deg. 0.3 Hz was chosen such that the
maximum velocity of the input sinusoid was ∼120 degs-1. These parameters were
based on an estimate of the average range of motion of the knee joint [381], and
the maximum knee velocities tested in spasticity assessments reported in literature
[243]. A constraint was placed on the torque applied to the knee to generate the
input trajectory. It was derived from an estimate that a clinician could generate
a safe pulling force of 10 kgf on a shank of average length [313]. In addition,
the range of the information map’s output was limited to the intersection of all
category output ranges.

8.3.3 Summarizing Information

Statistical distributions were used to summarize the raw data into informative
quantities; in particular, Gaussian distributions were assumed. Thus, each Φ con-
tains a distribution for each movement disorder category:

I(Φ) = {f(µD1, σD1), f(µS2, σS2) . . . f(µD5, σD5), f(µS5, σS5)} (8.3)

where µx is the mean and σx the standard deviation of the torque measurements
from category x. Each distribution summarizes the data collected from all "pa-
tients". This was emulated by setting the mean value µ as the output torque from
the swept sine simulation. The across-patient variability σm was derived from the
spasticity data in [382]:

σm(θ, θ̇) = 0.1µm(θ, θ̇) + 0.5 (8.4)

Thus, at every Φ (i.e., every value of θ, θ̇), there were 10 distributions, one per
movement disorder category. The next step was to define which Φ are highly infor-
mative for distinguishing the 10 movement disorders. Here, the standard deviation
of the mean values was used as an indicator of how distinct the distributions were
from each other, and hence which locations were most informative.

8.3.4 Iteratively Guiding the Clinician

Once the most informative location is identified, the algorithm instructs the clin-
ician to execute a movement that passes through the highly-informative Φ, col-
lecting the torque measurements as it passes through the θ, θ̇ of the target Φ. The
torque values are analyzed by the algorithm and it evaluates which category of
movement disorder the unknown case could belong to. If the trajectory is not able
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to be followed exactly, the closest point to the optimal Φ is taken (provided it is
in reasonable bounds), and the information stored there is used instead.

One way of comparing new data measurements with those contained in the
database is with a naïve Bayes classifier. This uses Bayesian probabilities to cal-
culate the likelihood that a given measurement belongs to each category in the
database. Each category in the database is assigned an initial probability; as new
movements are performed; the sensor data are used in conjunction with clinician
input to update the probabilities. In the context of the previous guiding example,
this is described as:

P (Cm|τ) =
P (Cm)L(τ |Cm)

P (τ)
(8.5)

where P (Cm) is a vector containing the probabilities that a patient’s movement
disorder belongs to each of the 10 categories. It is recursively updated after each
measurement by replacing it with the value of P (Cm|τ), a vector of probabilities
that the patient’s movement disorder belongs to each category Cm given that τ has
just been measured. L(τ |Cm) is the likelihood that a measurement τ was obtained,
if it is assumed that it came from a given category, and P (τ) is the probability of
obtaining a given τ . It can be thought of as a factor that normalizes the result to
between 0 and 1, i.e., a probability.

If it is assumed a clinician has no prior knowledge about a patient, each cat-
egory of movement disorder is equally likely (i.e., P (Cm) is initially 0.1 for all
categories). The algorithm now suggests an informative Φ to visit. After the clin-
ician has executed the appropriate trajectory, P (τ |Cm) can be calculated by:

L(τ |Cm) =
1√

2πσm2
e−

(τ − µm)2

2σm2
(8.6)

where µm is the mean torque measurement for the mth category at a given Φ and
σm is the variance of the torque measurements of the mth category torque at the
Φ. Furthermore, at each step, there exists the option for a clinician to change the
values in P (Cm) if they have intuition about which movement disorders are most
likely, thereby incorporating their knowledge into the final decision.

Each update to P (Cm) changes the contextual information. Depending on the
probabilities, some disorders may have been ruled out, and thus the most infor-
mative Φ changes with each iteration of the algorithm. At each Φ, the k most
likely categories are selected, and the information map is recomputed to identify
where these k categories are most distinct, and a new Φ is suggested. This process
is illustrated in Fig. 8.2.



140 A Framework for Assessment of Movement Disorders

F
igure

8.2:A
representative

exam
ple

of
three

m
ovem

ents
m
ade

under
the

fram
ew

ork.T
his

process
iterates

untilthe
clinician

has
gained

suffi
cient

inform
ation

from
the

algorithm
.Initially,allm

ovem
ent

disorders
are

deem
ed

equally
likely

(10%
each;

left).A
s
new

inform
ation

is
obtained,the

probabilities
change

and
new

inform
ative

locations
are

selected
based

on
w
here

the
k
conditions

w
ith

the
highest

probabilities
are

m
ost

distinct.H
ere,k

=
5.

c©
2019

IE
E
E
.



Discussion 141

8.4 Discussion

8.4.1 Data Collection and Labeling

One of the key assumptions of the work presented here is that the movement dis-
orders in the database are correctly diagnosed. In a clinical setting, this is not
trivial. However, in the construction of a reference database, there is no require-
ment to be limited to a clinical setting; the database could be built in a clinical
research environment instead. Techniques such as EMG have successfully distin-
guished movement disorders in research contexts [367]. Furthermore, the use of
imaging techniques such as CT scans or MRI, nerve conductivity tests, and mus-
cle biopsies, could aid a well-informed categorization. It would also be possible to
use unsupervised machine learning tools to automatically cluster categories. This
approach would, however, require large amounts of data to yield reliable results.

The resolution to use when partitioning movement disorders into different cat-
egories is also important. Here, spasticity and dystonia were partitioned into 5
levels, to match the number of severities of the Ashworth scale. While further
partitions are possible, discussion would be needed as to what level of resolution
is clinically relevant.

8.4.2 Choice of Output Variable

An important aspect of the framework is the choice of response variable, i.e., what
quantity should be recorded as the joints are manipulated. Here, interaction torque
was used, as it is informative and measurable with tools commonly used in cur-
rent clinical practice. However, while a computer-assisted algorithm may improve
diagnoses of patients’ disorders, it may still struggle to isolate one movement dis-
order as the most likely diagnosis, e.g., if the severity of a patient’s disorder falls
midway between two of the categories, resulting in equiprobable diagnoses. One
solution is to include more output variables when defining the information (e.g.,
muscle activity or derivatives of the torque signal). Alternatively, if the algorithm
cannot identify a single diagnosis, it is also useful to eliminate categories. If the
diagnosis can be narrowed to a few movement disorders, the clinician would then
select which one they deem to be most likely based on their experience, patient’s
history, and perception of the interaction torques.

It has so far been assumed that the clinician measures torque with a sensor,
which is passed to the algorithm. Consider now that a clinician has no sensor. The
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probability vector would be initialized in the same manner, based on the clini-
cian’s estimates. As movements are performed, the probabilities can be updated
according to which disorders they deem to be most likely, as per their interaction.
The algorithm would suggest new trajectories based on this feedback alone. This
enables the algorithm to be used without an accompanying sensor.

8.4.3 Information Map

In the example provided, the movement disorder was assumed to affect only one
joint. Extension to multi-joint diagnoses is feasible by the addition of variables to
the vector Φ. It could contain kinematics for multiple joints, thereby specifying
multi-joint trajectories. It was also assumed that limb dynamics are time invariant.
Biomechanical properties change as patients "warm up" and spasticity measure-
ments in particular are known to vary within a day [383]. It would be possible to
add a time- or history-based input variable to the information map, to adjust the
information content based on previous trajectories. Areas of the map that were
informative on the first movements may no longer provide the same information,
changing their contextual information value.

A pertinent addition to the framework would be information such as height,
weight, gender and similar factors that influence interaction torque. With such
information, measurements could be normalized for these factors, potentially in-
creasing the accuracy of diagnoses.

Finally, it is rare that a patient will present solely with one movement disorder.
Often, it is more common for a mixture of disorders to be present, e.g., mixed
dystonia and spasticity. In the current framework, these could be accounted for
with new categories; each mixture would cause a different dynamic response and
thus could be considered a different category. Some measure of caution is needed
to ensure that the number of categories does not grow exponentially; which would
result in longer diagnosis times and increased propensity for mistakes.

8.5 Configuring the eSEA for a Lower Limb Device:
Towards Validation of the Framework

As future work, it is planned to validate the proposed framework using a lower-limb
exoskeleton built with the elastomeric series elastic actuator (eSEA) as the sensor
that collects data for the algorithm. It is preferred that this device be passive and
manually actuated, as this allows the therapist to manipulate the limb similarly to
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a standard clinical assessment, gauging their interaction with the limb. They thus
remain in-the-loop and are able to give input to the algorithm at each iteration.
To this end, the eSEA was implemented in the knee exoskeleton illustrated in Fig.
8.3. The component that previously actuated the eSEA with Bowden cables and
a motor has been replaced by a handle drive, such that the human actuates the
eSEA. A CAD representation is given in Fig. 8.4.

Figure 8.3: The passive eSEA configuration, implemented in a knee exoskeleton.

Figure 8.4: CAD representation of the passive eSEA.
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8.5.1 Characterization of the Elastomer

The elastomer presented in Chapter 3 had a full-scale sensor range of 4.5 Nm.
Torques in the knee joint due to spasticity are typically in the range of 40-60 Nm
[242, 384, 385]. Consequently, a new, off-the-shelf, elastomer was chosen for the
passive exoskeleton (33-92R, Ruland Manufacturing Co.). As this is a different
material, and stiffer than the previous elastomer, new data had to be collected to
retrain the dynamic model presented in Chapter 3.

8.5.1.1 Data Collection

A new testing rig, presented in Fig. 8.5, was constructed to collect data to retrain
the model. In this setup, a torque wrench was used to compress the elastomer.
A Futek torque sensor (FSH00648) was used to measure the torques applied,
while an AMS5048A encoder measured elastomer deflection (as in Chapter 3).
The elastomer was subjected to ∼15 deg of compression prior to further data
collection, in order to eliminate the Mullins effect.

In total, five categories of test were performed. All motion was guided by
an onscreen aid, unless otherwise stated. The categories were chosen such that
a mixture of low and high frequency data could be collected, at a range of am-
plitudes. Special emphasis was given to impulse-like testing, given the nature of
typical spasticity assessments [243, 367]. Each category contained tests at varied
frequencies and amplitudes, resulting in a total of 12 datasets.

1. Quasistatic Compressions: The elastomer was compressed to ±15 deg at a
rate of 0.01Hz, for 5 compressions in each direction.

2. Dynamic Testing : Three dynamic tests were performed, consisting of 10
sinusoid cycles at 0.25 Hz, 0.5 Hz and 1 Hz. Due to the slow elastomer
compression rates, it was not always possible to achieve the full 15 deg
range; in these cases, matching the frequency of motion was prioritized.

3. Step-Stair Oscillations: The elastomer was compressed to 5 deg and 10 deg,
held, and then compressed at each amplitude with small 1-2 deg oscillations.
The oscillations were unguided.

4. Impulse Testing : The elastomer was compressed as fast as possible to ∼10
deg and ∼15 deg in both directions and allowed to relax instantly. 10 im-
pulses were performed on each side. The speed of the impulse testing was
unguided.



Configuring the eSEA for a Lower Limb Device: Towards Validation of the
Framework 145

5. Impulse and Hold Testing : The procedure was the same as for impulse test-
ing, except that the compression was maintained for 1 s before allowing the
elastomer to relax.

Figure 8.5: Testing rig for characterization of the Ruland elastomer.

8.5.1.2 Model Structure

The model structure from 3 was retained, with one modification. Exemplar data
in Fig. 8.6 shows that there is a deadzone in the elastomer, where the position
changes without a corresponding change in torque. This arises for two reasons:
1) the geometry of the Ruland elastomer and the geometry of the eSEA housing
do not align exactly, and 2) the elastomer sustained some permanent plastic de-
formation during the elimination of the Mullins effect. To account for this, the
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sensor model was modified to include the deadzone width as an additional param-
eter to optimize. The bounds for this parameter were chosen based on a visual
examination of the data. Eq. 8.7 and 8.8 describe the model.

Figure 8.6: Deadzone present in passive eSEA configuration (circled in red).
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∆θ = ∆θa −∆θdz (8.8)

where the parameters in Eq. 8.7 retain their definitions from Chapter 3, θa is
the deflection of the elastomer measured by the encoder and θdz is half the width
of the deadzone.

8.5.1.3 Training Procedure

The model training procedure in Chapter 3 was restricted by the fact that the
quasistatic tests contained some high frequency components, due to controller
limitations. This meant that it was not possible to train the rate-independent and
rate-dependent model components separately. For the present elastomer, com-
pressions were made manually, thus it was easier to achieve smooth and slow
compressions of the elastomer. Consequently, a two-part model fitting procedure
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was utilized. Initially, only the data from the quasistatic tests were used to fit the
rate-independent model parameters. As with the model fitting procedure in Chap-
ter 3, a Genetic Algorithm (GA) was used to fit the elasticity and rate-independent
parameters. The GA was initialized with a population of 200 and a time limit of
4 hours. After 4 hours, an interior point optimization routine refined the result.
Table 8.1 illustrates the bounds and optimized values for the rate-independent
parameters.

Table 8.1: Parameter constraints and optimized values for rate-independent
parameters.

Parameter α (-) β (-) ω (-) k1
(Nmrad-1)

k3
([Nmrad-1]3) θdz (deg)

Lower Bound 0 0 0 0 0 0
Upper Bound Inf Inf 0.1 10000 10000 6

Optimized Value 17.1 0.75 0.0403 7.07 1590 5.00

A second optimization routine was then performed to select the remaining
rate-dependent parameters. In this test, the rate-independent parameters were
allowed to vary slightly, within bounds informed by the optimized values in Table
8.1. This allowed maximum flexibility in model fitting. The GA was initialized
with a population of 300 and allowed to run for 12 hours, before an interior point
optimization algorithm refined the parameters. Table 8.2 presents the bounds and
final optimized values.

Table 8.2: Parameter boundary conditions and optimized values for full model.

Parameter α (-) β (-) ω (-) k1
(Nmrad-1)

k3
([Nmrad-1]3)

A
(-) (deg)

θdz

Lower Bound 0 0 0 0 0 0 0
Upper Bound 100 15 0.05 250 2500 1000 6

Optimized Value 12.8 12.7 0.0046 83.0 1155 414 2.81
Parameter B (-) m (-) n (-) ε1 (-) ε2 (-) kv (Nmsrad-1)

Lower Bound 0 0 0 0 0 0
Upper Bound 1000 4 1 1 1 1000

Optimized Value 428 0.890 0.829 0.0253 11.5 0.217

8.5.1.4 Model Fitting Results

Table 8.3 presents the model fitting results and Fig. 8.7 illustrates a typical fit.
Results are presented as a percentage of full-scale sensor range (% FSR), which



148 A Framework for Assessment of Movement Disorders

was 47.8 Nm for this elastomer. The average model error across all tests was 3.27%
FSR, which is comparable to the model fitting error ranging from 0.78% FSR -
1.63% FSR presented in Chapter 3 for the softer elastomer. This is promising
because it illustrates that the dynamic model can be successfully adapted for
elastomers made of different materials, in addition to illustrating its scalability to
larger torque ranges.

Figure 8.7: Representative results for model fitting on 15 deg amplitude, 1 Hz
training data.

Table 8.3: Model fitting errors. +: A test in the direction of positive compression,
-: A test in the direction of negative compression.

Training
Signal QS+ QS- 0.25Hz 0.50Hz 1Hz

Step
Stair 5
deg

Model
Fitting Error
(% FSR)

5.35 2.97 3.27 3.43 2.64 1.34

Training
Signal

Step
Stair
10 deg

Step
Stair
15 deg

Impulse
10 deg

Impulse
15 deg

Impulse-
Hold 10
deg

Impulse-
Hold 15
deg

Model
Fitting Error
(% FSR)

2.29 5.04 2.74 3.19 3.33 3.66
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8.5.2 Model Validation

The new model was validated on one minute’s worth of random, unguided motion.
Fig. 8.8 presents the results. This data was fit with an RMS error of 3.82% FSR.
This is similar to the fit on the training data and highlights the transferability of
the model to new signals.

Figure 8.8: Validation of proposed model parameters.

8.6 Validation of the Approach

One of the major challenges with testing the framework on human participants is
defining the ground truth. As a first step, it is proposed to test the framework on a
robotic test bench, in a setup similar to that displayed in Fig. 8.9. Spastic-like and
dystonic-like dynamic systems will be rendered on the robotic limb and subjects
will use the passive eSEA exoskeleton to manipulate the robot and "diagnose"
the rendered impairment. The robot would be able to mimic the behavior of an
impaired limb in a repeatable manner and thus allow the efficacy of the framework
to be evaluated without uncertainty regarding the ground truth. This approach
has been used elsewhere in rehabilitation research [60, 386].
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Figure 8.9: Attachment of the passive eSEA knee brace to a robotic leg.

8.7 Conclusions

The framework presented in this chapter is a foundation to investigate the concept
of combining clinician knowledge with the accuracy afforded by robotic assessment
tools. It is hoped that by including clinician input and creating a protocol that can
easily be integrated into current therapy practice, its uptake will be facilitated.
The framework is not intended as a standalone solution, but rather as develop-
ment towards a tool that clinicians can use to help themselves make more accurate
diagnoses. As a step towards validating the framework, the eSEA was successfully
implemented in a passive knee exoskeleton, illustrating its versatility and mod-
ularity, in addition to the scalability of the elastomer model derived in Chapter
3.



Chapter 9

Discussion

This chapter summarizes the thesis and presents the overarching conclusions.
A summary of findings is discussed first, before three unifying themes are pre-
sented. These are physical human-robot interaction (pHRI), modularity and ver-
satility, and applications of the elastomeric series elastic actuator (eSEA). The
three themes draw on various chapters of the thesis and illustrate how they are
interlinked. An additional section discusses how this research might translate to
clinical practice and commercialization. The chapter concludes by discussing high-
level limitations, suggesting future directions of research and illustrating how each
of the original research objectives were achieved.
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9.1 Summary of Findings

The main aim of this research was to develop an elastomeric series elastic actuator
(eSEA) as a means of improving the design of rehabilitation robots and providing
a platform for further research into rehabilitation science. It was speculated that
the eSEA could provide a simple, modular and versatile device that would im-
prove the physical human-robot interaction (pHRI) of rehabilitation robots. The
dynamic model, inversion and control methods presented in this thesis, in addition
to the applications of the eSEA across different biological joints, prove that the
eSEA does provide a simple, versatile, and promising means of improving pHRI
in rehabilitation robots.

Chapter 3 of the thesis presented a dynamic model of an eSEA. For the first
time in eSEA literature, rate-independent hysteresis was explicitly included in
the model. It was shown that the model was able to measure torque with an
RMS error of no more than 1.59% of the full-scale sensor range (% FSR) (0.0712
Nm) in validation, an accuracy that is on par with, or exceeding, state-of-the-art
eSEA models. The model error was then evaluated over the course of 8-9 h of
elastomer compressions, mimicking its use in a physiotherapy clinic. During these
experiments, the RMS error varied by no more than 3.32% FSR (0.148 Nm),
indicating its reliability during sustained use. It is interesting to note that the
variation in model accuracy tended to be linked to intensity of use, suggesting
that an accurate torque measurement could be achieved by monitoring the use of
the elastomers throughout the day.

Chapter 4 inverted the dynamic model so that a model-based control strategy
could be used to regulate pHRI torque with the eSEA. The forward dynamic
model from Chapter 3 is complex and analytical inversion is nontrivial. The model
was successfully inverted by first partially inverting it, then compensating for
inaccuracies with a disturbance observer (DOB)-based architecture. Five torque
setpoints were chosen for validating the model, and these were successfully inverted
with a maximum error of no more than 4.20% of the maximum desired torque,
compared to as much as 21.5% when omitting the DOB. Importantly, this was
implemented in real-time, indicating its suitability for use in a practical system.

Chapter 5 combined the work of Chapters 3 and 4 to implement two torque
controllers on an elbow exoskeleton that is actuated by the eSEA. For the first
time with an eSEA system, model predictive control (MPC) was used to regulate
pHRI torque. This was compared to sliding mode control (SMC) across a range of
experimental conditions. It was found that when the dynamics could be accurately
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predicted, MPC performed superiorly to SMC. However, when uncertain human
dynamics were introduced, SMC controlled torque more accurately than MPC.
The two controllers were also compared as impedance controllers. MPC was able
to render a desired impedance more accurately than SMC. This is thought to be
due to the one-layer architecture that is possible with MPC. MPC had the added
advantage of not requiring an inversion of the elastomer model. This allowed torque
to be directly controlled, and simplified the architecture compared to SMC, which
required that the elastomer model be inverted to implement torque control.

Chapter 6 qualitatively and quantitatively compared the pHRI of a spring
and elastomer element in terms of motion smoothness and human perception of
the interaction. However, results were limited by the mechanical design of the
spring element, which contained significant hysteresis. Nonetheless, the evidence
was slightly in favour of the elastomer element. This encourages future investiga-
tion and supports the hypothesis that elastomers provide better interaction than
a spring.

Chapters 7 and 8 examined two applications of the eSEA related to human-
robot interaction and therapy. The main contribution of Chapter 7 was the devel-
opment of a protocol that can virtually normalize physical impairment. The aim
was to use it as an both an assessment tool, and as a means of investigating motor
learning; two applications identified as potentially beneficial uses of rehabilitation
robots. A tool that separates the cognitive and physical aspects of motor learning
could prove valuable in testing whether motor learning processes differ between
healthy and impaired people. The normalization algorithm also built on state-of-
the-art assist-as-needed controllers, by using Gaussian radial basis functions to
assess which areas of the workspace participants were weakest in, and adjusting
the virtual normalization accordingly.

Chapter 8 discussed the development of a framework that used robotics as
assessment tools. The framework was based on modeling movement disorders as
dynamic systems, iteratively comparing unknown cases to an a priori collected
database of labeled disorders and updating a probabilistic estimate of which di-
agnosis is most likely. It relied on a clinician being in-the-loop, and was designed
to be used with technology similar to that which would already be found in a
clinic, fulfilling two criteria previously identified as crucial for uptake of robotic
assessments [246]. The chapter concluded with a discussion of how to validate
the framework; part of which included the successful adaptation of the eSEA and
sensor model to a new knee exoskeleton.
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9.2 Physical Human-Robot Interaction

pHRI was identified in the literature review as a crucial aspect of rehabilitation
robot design. It can be evaluated in a number of ways, both quantitatively and
qualitatively.

An important design consideration for rehabilitation robots is safe and com-
fortable pHRI. A system with safe pHRI should not exert excessive force on a
patient, should not move their limbs beyond a safe range of motion (ROM) and
should be well received by users. This can be achieved by a combination of me-
chanical and control design. The eSEA has both mechanical stops to limit the
ROM and a range of error checks in software. Moreover, this thesis has presented
experiments conducted on a number of people. No participant declined to take
part due to fear of injury and no injuries were reported.

Comfort is another pHRI factor that is influenced by mechanical and con-
trol design. Electric motors and their transmission systems introduce numerous
issues that impact the quality of pHRI, including reduction of backdrivability, and
increase of friction, backlash and actuator size. Chapter 5 illustrated the back-
drivability of the eSEA, with average interaction torques of approximately 1% of
maximum healthy human elbow torque [283]. Chapter 5 also presented a model of
motor-gearbox friction and illustrated that it can be modeled and compensated
accurately. The size of the electric motor and gearbox was mitigated by using cable
drives; this allows the motor-gearbox unit to be placed on a desktop, removing its
weight from the user.

Quantitatively, pHRI is also significantly influenced by the quality of torque
measurement and control. In this respect, Chapters 3-5 represent a collective body
of work that can be used to assess the torque sensing and control capabilities of the
eSEA. Chapter 3 illustrated that the eSEA can be used as an accurate torque sen-
sor and Chapter 5 solved the complementary problem of torque control, showing
that the eSEA can be used to regulate interaction torque at the elbow joint. Accu-
rate torque measurement and control are crucial requirements towards achieving
a desired human-robot interaction. The results in Chapter 5 also confirmed that
the oscillation occasionally observed in the setpoints obtained from the inversion
procedure (refer to Chapter 4, Fig. 4.6) did not prevent stable control from being
achieved over the majority of the bandwidth that the eSEA was characterized for.

It is important to discuss the role of elastomer stiffness when evaluating torque
measurement and control performance. Torque measurement/control in SEA de-
vices relies primarily on position measurement/control. In spring-based designs,
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the stiffness-resolution tradeoff presents complications. Higher torque ranges are
achieved at the cost of lower resolution. This also affects control: as the stiffness
increases, controlling small increments in torque becomes more difficult. Nonlinear
elastomers can partially mitigate this problem: they typically undergo small com-
pressions for small torques, yet can "stiffen" to provide higher torques at higher
compressions. In this thesis, the majority of the elastomers used were relatively
soft, resulting in an easier control problem. The stiffer elastomer was only used
for measurement and it is unknown whether it could be accurately controlled. If
issues did arise, options to improve the resolution include increasing the radius of
the elastomer relative to the driving motor and/or using higher-resolution position
sensors.

Chapter 6 further evaluated the pHRI of an elastomer in terms of quantitative
smoothness metrics and compared it to a spring. The chapter also examined pHRI
in terms of human perception. In both cases, there was only minor evidence to
suggest that the elastomer provided better interaction than the spring. While a
conclusive comparison is difficult to draw from this data, it should be noted that
this evidence also suggests that the pHRI of the elastomer was, at worst, equivalent
to a spring. Section 9.7 discusses directions to further compare the pHRI of spring
and elastomer elements with the aim of obtaining more certain conclusions.

Finally, on several occasions, unstructured feedback was received by users of
the elbow and knee exoskeletons. In the case of the elbow exoskeleton, various users
reported positively about their interaction with the robot. While this feedback
cannot be attributed to the eSEA alone (as in both cases the entire robot was
being interacted with), it does reflect positively on the system as a whole. The
knee exoskeleton received some negative feedback, however, this was primarily
from users manipulating the device (i.e., performing the role of the clinician) and
was due to the deadzone present, which affected their manipulation of the handle.
The deadzone was unintentional and will be removed from future iterations.

9.3 Modularity and Versatility

One important requirement outlined at the beginning of the thesis was that the
eSEA device be modular and versatile. The outcome of this aim can be evaluated
by examining contributions from several chapters. Firstly, both active and pas-
sive configurations have been discussed. Chapters 5 and 7 are studies that used
active (motor-driven) versions of the eSEA while Chapter 8 presented the eSEA
implemented in a passive (manually-driven) exoskeleton.
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Active devices allow for precise force control, which lends advantages in motor
learning studies and creates opportunities to develop artificially intelligent therapy
programs, adapting difficulty as patients progress. On the other hand, passive
devices tend to be simpler, both in design and use, and more cost-effective. The
design of the eSEA ensures that it can be used in either passive or active devices,
without major changes to the essential mechanical structure. As identified in the
literature review, such modularity is likely to decrease cost and encourage uptake
amongst clinicians.

The eSEA was also shown to be modular across joints. Chapter 5 presented the
eSEA in an elbow exoskeleton, Chapter 7 presented it in a wrist exoskeleton and
Chapter 8 presented it in a lower-limb knee exoskeleton. Modularity has previously
been identified as a relatively unexplored, yet promising, means of reducing the
cost of rehabilitation robots [61]. With only minor alterations, the eSEA can be
used across different joints and in different configurations, highlighting its potential
as a highly modular and reusable technology.

Although torque characteristics vary significantly between joints, the studies
in this thesis indicate that simply changing the elastomeric element provides an
effective means of accommodating different specifications. In Chapter 3 a dynamic
model of an elastomer was derived, then inverted in Chapter 4 and used in Chapter
5 to study torque control with the eSEA. In Chapter 8, the requirements changed
as the eSEA was implemented in a knee exoskeleton, necessitating torques an order
of magnitude higher than that of the original elastomer. However, the model was
able to be retrained with data from a stiffer elastomer, resulting in an RMS error of
3.82% FSR in validation, which is comparable to that of the original model from
Chapter 3. This proves that the model is scalable and adaptable, which shows
promise for transferring the eSEA between joints.

The simple and modular design of the eSEA can be compared to current com-
mercial devices. These are usually very large, expensive and often targeted at
rehabilitating the entire arm [75]. Such designs are well-suited for functional re-
habilitation, i.e. goal-directed training. However, they may not be optimized for
impairment-based rehabilitation, i.e. targeted training of individual limbs. Re-
search has suggested that both types of training are important under different
circumstances [387]. The simpler design of the eSEA, which targets one joint at a
time may be more suited, and easier to use, for impairment-based rehabilitation.

Overall, the simple mechanical design, interchangeable elastomers and adapt-
able elastomer model, make the eSEA highly versatile and easily deployable across
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a range of joints in both passive and active designs. This could help to reduce the
overall cost of a rehabilitation system, by implementing reusable technology and
creating less complex devices.

9.4 Human-Robot Interaction and Therapy-Related
Applications

The literature review identified various applications for robotics in rehabilitation
settings. These were split into four main categories: therapeutic interventions,
studying/stimulating motor learning, robotic assessment and assistive technolo-
gies. Robotics can provide unique benefits for each of these categories and identi-
fying areas where robots can effectively supplement clinicians’ work was identified
as crucial for their adoption in clinical practice. In this thesis, two applications
were presented, which belong to the motor learning and robotic assessment cate-
gories.

Chapter 7 presented the eSEA device used as a tool to normalize physical
impairment independently of cognitive ability, for the purpose of studying motor
learning. While this used an older sensor model and control system from the work
in [59], it illustrates how the current eSEA, its sensor model, and its control system
could combine to be used in future motor learning studies. In general, studies on
motor learning that utilize robots depend on the application of precise forces and
the measurement of subsequent dynamics. Chapters 3-5 thus lay an important
foundation for future applications using the eSEA.

In Chapter 8, it was proposed to use the eSEA as a torque sensor to validate
a framework aimed at diagnosing movement disorders. This application belongs
to the robotic assessment category. The measurement of torque is derived directly
from the work presented in Chapter 3, with minor adaptations for the torques
resulting from lower-limb dynamics. Moreover, the eSEA was transferred to a
manually actuated knee exoskeleton. This is advantageous as it allows clinicians
to use it in a manner that is similar to a conventional assessment of movement
disorders, which is important for successful adoption by clinicians [246]. The appli-
cation serves as one example of the many interesting applications that are made
possible by having an accurate sensor model that enables the measurement of
pHRI torque.

The literature review identified that engineers should consider how rehabil-
itation robots might be used in clinical applications. In particular, they should
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be designed as tools that augment the abilities of clinicians, rather than replace
them. The two applications here showcase the potential for the eSEA to: 1) be
integrated into current clinical practice and 2) provide a level of measurement,
data insight, and control that could not be achieved by a human clinician. Im-
portantly, particularly in the second application, the clinician remains an integral
part of the diagnostic process. Designing robots to be incorporated into clinical
practice both improves outcomes by including clinician knowledge and increases
clinicians’ propensity to use such devices. Without full clinical trials, it cannot be
claimed that the eSEA is proven in clinical use. However, the applications pre-
sented in Chapter 7 and Chapter 8 demonstrate its potential to be used in clinical
applications.

9.5 Translation to Clinical Practice

The overarching aim of this research is to develop technologies to help survivors
of neurological injuries. It is therefore essential to discuss how the research in this
thesis would translate to clinical practice and commercialization.

Crucially, the eSEA design must be evaluated in comparison to other actuators.
In this thesis, the evidence was only marginal that it provided smoother motion
and felt more comfortable than a spring. This should be investigated further, in ad-
dition to evaluating and comparing the other advantages of eSEAs (compactness,
energy storage, etc.). This may be an continuing process throughout development,
however, it is important to be able to justify the cost of commercialization.

One of the main limitations of the sensor model and control system presented
in Chapters 3-5 is that the dynamic model had a relatively low maximum torque
of 4.5 Nm. This may suffice for certain joints (e.g. wrist, finger), but is likely to
be too low for other joints. However, the purpose of Chapter 3 was derive a model
structure and it was later shown to successfully generalize to stiffer elastomers in
Chapter 8. One of the first steps towards translation should be to create a set of
design specifications for different elastomers. This is essential to ensure that the
eSEA can cater to a wide range of design requirements. Next, the model from
Chapter 3 should be retrained for the new elastomers and verified as to whether
it still yields reasonable accuracy.

The long-term performance of the elastomers should also be verified. While
the model error was shown to be fairly consistent over the course of 8-9 h, it
is important to extend these results to evaluate how the elastomer properties
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change over the course of days. This also requires a means of monitoring how many
compression cycles the material has undergone. Many techniques for this exist, see
for example rainflow counting methods [388] and energy-derived methods [389].
In a clinical setting, it is important for a clinician to know when the elastomer
should be changed in order to ensure reliable operation of devices.

While the eSEA, mechanically speaking, is fairly robust, it would be beneficial
to undergo at least one more design iteration before commercialization. Currently,
it is not a straightforward process to swap the elastomers or swap the eSEA
between joints. The former, at least, should be a process that is easily achieved by
clinicians in a clinical setting. Ideally, the elastomers should be able to be changed
without the use of specialized tools.

The exoskeletons into which the eSEA is integrated also require further tech-
nical development. Specifically, the cable transmissions used for the active version
of the eSEA are currently poorly designed. A solution is needed to reliably tension
the cables, and maintain this tension during use. Improvements in the cable mech-
anism will have a particularly influential effect on the control of the device; they
are one of the more significant sources of uncertain dynamics. These refinements
will help to ensure the robustness of the robots deployed in clinical settings.

9.6 Limitations

This section presents high-level limitations; each chapter in the thesis typically
contains a detailed overview of limitations pertaining to each individual study.

One limitation is that the study comparing the pHRI in terms of movement
smoothness and human perception between a spring and elastomer element did
not allow firm conclusions to be drawn. This is partly due to the design of the
spring mechanism and may also have been influenced by the small sample size (n
= 10). However, movement smoothness and human perception are not the sole de-
terminers of pHRI: torque sensing and control also have significant influence, and
the results from Chapters 3-5 reflect positively on these aspects. Moreover, even if
they are only shown to be non-inferior to springs in terms of movement smoothness
and human perception, eSEAs are still worth pursuing for their alternative ben-
efits. These include increased energy storage, compactness and nonlinear torque
characteristics that mitigate the stiffness-resolution tradeoff [53, 55–57, 153].

A limitation of the sensor model and control system is that the the maximum
bandwidth of testing and characterization was 1.5 Hz. This is below the maximum
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frequency of voluntary human motion of 5 Hz [46]. In this case, results were limited
by the motor-gearbox combination used to compress the elastomer. Rehabilitation
exercises are typically conducted at low frequencies, and thus these results support
the use of the eSEA for certain exercises. However, the robustness of the eSEA
system would be improved by characterizing the sensor, and implementing control,
at higher frequencies. This would also enable it to be used in a wider range of
clinical scenarios.

Another limitation is the lack of patient testing. For a rehabilitation device
to be truly validated, testing with patients is essential. However, this thesis was
focused mainly on technical development and, from a practical perspective, initial
technical validation should be performed on healthy participants. Only following
this validation should devices be tested with patients. The present work has ex-
tensively tested the technical aspects of the eSEA on healthy participants and the
device is now well-placed for patient testing.

Other limitations that have already been discussed include a lack of evaluation
of the elastomer properties over its life cycle, the limited torque range of the
elastomer model presented in Chapters 3-5 and the limited mechanical robustness
of the current exoskeletons.

9.7 Future Work

Some elements of future work regarding the commercialization of the device have
already been covered; here, the focus is on future research directions. One poten-
tial research thread would be to investigate alternative elastomer designs. It has
already been mentioned that using different elastomers is a simple and effective
means of accommodating torque requirements for different biological joints. Fur-
ther customization of the torque-displacement characteristics could be achieved
by means such as altering the geometry, using new materials or using composite
materials. Ultimately, the torque profile of the elastomer could be "shaped" for
different applications and a clinician could have a selection of elastomers available
for use in various rehabilitation exercises.

An important future direction is to build on Chapter 6, further investigating
the hypothesis that elastomers can provide smoother motion and are perceived as
providing better interaction than springs. New hardware should be constructed
that better isolates the dynamics of each element. It would also be interesting
to conduct experiments across several joints. In the study from Chapter 6, only
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the wrist joint was examined and conducting experiments on interaction at other
joints may provide more conclusive evidence. Moreover, the sample population in
Chapter 6 was rather small (n = 10) and future studies should investigate larger
population sizes. Overall, this will provide valuable research to add to the body of
evidence that will ultimately determine whether eSEAs are viable and beneficial
actuators.

The literature review in Chapter 2 established four areas where rehabilitation
robotics could be usefully applied. Two such applications were explored in this
thesis, and each provides an avenue for future development. In Chapter 7, an
algorithm was presented that measures patient impairment as a function of wrist
workspace and virtually augments their abilities on-screen. The chapter focused
on the technical validation of this tool, by using an exoskeleton to simulate a
wrist impairment in healthy participants. A natural extension of this work would
be to test this algorithm on actual patients. Following this, it could be used to
investigate motor learning hypotheses in impaired populations.

The second application, presented in Chapter 8, proposed a framework for di-
agnosing movement disorders. In this thesis, the framework was illustrated by a
guiding example that focused on distinguishing spasticity and dystonia. As dis-
cussed in Chapter 8, the framework could be validated for use in a clinical setting
by rendering the impairments on a robotic test bench and using the eSEA to
collect the data for the algorithm. This would both validate the framework and
validate the eSEA device for use on the knee joint.

Finally, one of the goals of this thesis was to design a device that could be
used as a platform for further research. With the eSEA technically validated, the
opportunity is now present to use it in exoskeletons and to apply it in clinical
scenarios, investigating topics across rehabilitation science.
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9.8 Conclusions

The original objectives of the thesis were achieved as follows:

1. Develop an accurate and reliable means of using the eSEA to measure torque.
Chapter 3 presented a model of the eSEA that was able to accurately mea-
sure torque, and do so reliably over the course of 8-9 h.

2. Implement a control system to enable the eSEA to be used in an active ex-
oskeleton.
Two control systems, SMC and MPC, were compared in Chapter 5 to control
pHRI torque at the elbow joint using the eSEA.

3. Assess the quality of pHRI of eSEAs, specifically in comparison to spring-
based designs.
The quality of the pHRI provided by an elastomer, in terms of quantitative
smoothness metrics and human perception, was compared to that provided
by a spring in Chapter 6. The elastomer appeared to provide slightly better
pHRI than the spring.

4. Demonstrate the use of the eSEA in applications related to human-robot in-
teraction and therapy.
Chapters 7 and 8 presented two applications of the eSEA in applications
related to human-robot interaction and therapy. These applications were
aimed at investigating motor learning and using the eSEA as a robotic as-
sessment tool.

5. Demonstrate the modularity of the eSEA.
The eSEA was shown to be modular and versatile, used across the elbow,
wrist and knee joint, in both active and passive configurations.

Overall, this thesis has provided a thorough technical validation of the eSEA.
Its contributions include novel modeling and control for eSEA-based systems, in
addition to proposing novel applications and illustrating how the eSEA may be
used as part of those applications. This technology could be used to improve the
overall design of rehabilitation robotics and for further research on rehabilitation
science, improving the translation of robotic technologies to clinical use and ulti-
mately improving outcomes for survivors of neurological injuries.
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