
Towards personalized 
robot-assisted gait training

Simone Fricke



TOWARDS PERSONALIZED

ROBOT-ASSISTED GAIT TRAINING

Simone Sarah Fricke





TOWARDS PERSONALIZED
ROBOT-ASSISTED GAIT TRAINING

DISSERTATION

to obtain
the degree of doctor at the University of Twente,

on the authority of the rector magnificus,
prof.dr. T.T.M. Palstra,

on account of the decision of the Doctorate Board,
to be publicly defended

on Friday 10 July 2020 at 12.45

by

Simone Sarah Fricke
born on 20 July 1990
in Bremen, Germany



This dissertation has been approved by:

Supervisor:
prof.dr.ir. H. van der Kooij

Co-supervisor:
dr. E.H.F. van Asseldonk

Cover design: Milou Mulder
Printed by: Ipskamp printing
ISBN: 978-90-365-5002-4
DOI: 10.3990/1.9789036550024

c© 2020 Simone Sarah Fricke, Enschede, The Netherlands. This dis-
sertation is published under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License, which permits unrestricted use, distri-
bution, and reproduction in any medium, provided the original work is properly
credited and any changes to the used material are indicated.



GRADUATION COMMITTEE

Chairman/secretary
prof.dr.ir. H.F.J.M. Koopman University of Twente

Supervisor
prof.dr.ir. H. van der Kooij University of Twente

Co-supervisor
dr. E.H.F. van Asseldonk University of Twente

Committee members
prof.dr. A.C.H. Geurts Radboud University
dr.ir. J.C. Moreno Spanish National Research Council
dr. A.R. den Otter University of Groningen
prof.dr. J.S. Rietman University of Twente
dr. E. Swinnen Vrije Universiteit Brussel
prof.dr.ir. P.H. Veltink University of Twente



This work is part of the research programme AWARD with project number 12850,
which is financed by the Netherlands Organisation for Scientific Research (NWO).



Contents

Summary 9

Samenvatting 11

1 General introduction 15
1.1 Robot-assisted gait training . . . . . . . . . . . . . . . . . . . . . . 16
1.2 Robot-assisted assessment of sensorimotor impairments and gait . 24
1.3 Thesis objectives and outline . . . . . . . . . . . . . . . . . . . . . 26
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2 Design and evaluation of a lower limb perturbator to estimate hip
joint impedance during walking 41
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
2.2 Requirements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
2.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3 Performance-based adaptive assistance for diverse subtasks of
walking in a robotic gait trainer: Description of a new controller
and preliminary results 61
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
3.4 Discussion and conclusion . . . . . . . . . . . . . . . . . . . . . . . 69
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

4 Automatic versus manual tuning of robot-assisted gait training
in people with neurological disorders 73
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

7



References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5 Effects of selectively assisting impaired subtasks of walking in
chronic stroke survivors 101
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

6 General discussion 123
6.1 Major findings and implications . . . . . . . . . . . . . . . . . . . . 124
6.2 Future steps and recommendations . . . . . . . . . . . . . . . . . . 129
6.3 Final remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

Acknowledgements 139

Biography 141

Scientific contributions 143

8



Summary

Robot-assisted gait training (RAGT) is a promising tool to improve walking func-
tion after stroke and spinal cord injury (SCI), especially when combined with con-
ventional physical therapy. The way how the robot is controlled can have a large
influence on active participation of the user and the effectiveness of the training.
Previous studies suggest that personalized assistance based on patients’ abilities
can be beneficial as it can increase active participation of the user. Besides, robotic
gait trainers cannot only provide training, but also have the potential to be used for
assessment of walking function and impairments affecting walking function. The
goal of this thesis is to take a next step towards personalized robot-assisted gait
training by 1. developing assessment tools to quantify walking function and un-
derlying impairments affecting walking function, and 2. improving subtask-based
assistance and optimizing assistance tuning based on users’ walking abilities.

Knowledge about the mechanical properties of the joints (i.e. joint impedance)
can be used to monitor patients’ progress, improve training protocols and adjust
controllers for RAGT. While ankle joint impedance during walking has been de-
termined in previous studies, hip joint impedance during walking is unknown. The
goal of Chapter 2 is to develop and evaluate a device that can be used to determine
hip joint impedance during walking, and to get first estimates of apparent hip joint
impedance during walking. We developed the LOPER (LOwer limb PERturbator)
which has negligible effects on the walking pattern when attached to the upper
leg, and can apply force perturbations during swing phase. Through application of
perturbations at different instances of the swing phase, we were able to get first es-
timates of the time-varying behaviour of the apparent hip joint impedance during
walking in healthy participants. In the future, the device and applied estimation
methods should be evaluated in people with neurological disorders. In addition,
the device and estimation methods should be extended to the knee joint to be able
to estimate knee joint impedance and possible interactions between knee and hip
joint impedance.

The minimal assistance that a user needs to walk in a robotic gait trainer can
be a measure of the user’s walking function. The lower this assistance is, the better
the walking function. Controllers that automatically adjust assistance based on
users’ performance could be used as assessment tools for walking function. How-
ever, results from current automatically-tuned (AT) algorithms can be difficult to
interpret, as assistance is adjusted for several intervals of the gait cycle which are
not directly related to functional aspects of gait. In addition, it is not known how
the applied assistance is affected by changes in training parameters, such as partial
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body weight support (PBWS) and walking speed, that can occur during therapy.
In Chapter 3, we describe a controller that automatically adjusts the assistance
for various subtasks of walking (e.g. foot clearance, stability during stance) based
on users’ performance. The effects of changes in PBWS and walking speed on
the applied assistance and subtask performance were evaluated. Experiments in
ten healthy participants showed that subtask performance, and thus applied assis-
tance, was influenced by both, PBWS and walking speed. The applied assistance
by the AT subtask-based controller can be used as an assessment tool of walking
function, but only if PBWS and walking speed are kept constant.

Manual tuning of subtask-based assistance can be difficult, time-intensive and
depends on subjective decisions of therapists. Automatic assistance tuning can
tackle these problems, but potentially has drawbacks, too. The goal of Chapter 4
is to determine differences and similarities between manually- and automatically-
tuned (MT and AT) subtask-based assistance in people with neurological disorders
(stroke or SCI). Participants’ preferences, time to tune the assistance, final assis-
tance levels and errors compared to reference trajectories were analyzed. Partici-
pants did not prefer one approach (AT or MT) over the other regarding comfort,
safety, and amount and effect of applied assistance. We found several advantages
of AT assistance compared to MT assistance in people with neurological disorders
who were walking in the LOPES II gait trainer: quicker assistance tuning, lower
assistance levels and separate tuning of each subtask resulting in a good perfor-
mance for all subtasks. Clinical trials are needed to show whether these apparent
advantages of AT assistance also result in better clinical outcomes.

In Chapters 3 and 4, automatic assistance tuning was performed for all subtasks
simultaneously. We did not consider whether assisting one subtask (e.g. the most
impaired one) would also affect other subtasks. In Chapter 5, we aimed to get
a better understanding of separate assistance for the most impaired subtasks of
walking after stroke: foot clearance (FC), stability during stance (SS) and weight
shift (WS). Performance for the impaired, assisted subtasks clearly improved in
mildly impaired chronic stroke survivors compared to walking in LOPES II without
assistance. Our WS assistance can be further optimized so that users shift the
weight better towards the paretic leg. Performance improvements for the assisted
subtasks only rarely resulted in more general changes of the walking pattern,
i.e. effects on other subtasks or spatiotemporal parameters. Therefore, in mildly
impaired stroke survivors, assistance for various subtasks of walking can be tuned
simultaneously resulting in quick assistance tuning. There is no need for specific,
time-intensive, tuning protocols in these patients, such as tuning subtasks after
each other while starting with the most impaired subtask.

To sum up, we developed assessment methods and a control algorithm that
automatically adjusts subtasks-based assistance based on users’ performance. We
have taken a next step towards personalized robot-assisted gait training. In the
discussion we show that there are still some challenges to overcome in order to ap-
ply the optimal robotic gait assistance for each individual. Future research should
focus on the long-term effect of various controllers and a better understanding of
the exact effect of RAGT on neurorehabilitation after stroke and SCI to further
personalize and improve RAGT.
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Samenvatting

Robotisch ondersteunde looptraining is een veelbelovende training voor het verbe-
teren van de loopfunctie na een beroerte of dwarslaesie, vooral in combinatie met
conventionele fysiotherapie. De manier waarop de robot aangestuurd wordt kan
een grote invloed hebben op de eigen activiteit van de patiënt en de effectiviteit
van de training. Eerdere studies suggereren dat gepersonaliseerde ondersteuning
op basis van de vaardigheden van de patiënt voordelig kan zijn. Bovendien kun-
nen looprobots niet alleen voor de training gebruikt worden, maar ze zouden ook
gebruikt kunnen worden voor het meten van de loopfunctie of beperkingen die de
loopfunctie bëınvloeden. Het doel van dit proefschrift is om een volgende stap
te zetten naar gepersonaliseerde robotisch ondersteunde looptraining door 1. het
ontwikkelen van meetmethoden voor de loopfunctie en beperkingen die de loop-
functie bëınvloeden, en 2. het verbeteren van subtaak-gebaseerde ondersteuning
en het optimaliseren van het instellen van de ondersteuning op basis van de loop-
capaciteiten van de patiënt.

Kennis over de mechanische eigenschappen van gewrichten (i.e. gewricht-
impedantie) kan gebruikt worden om de voortgang van patiënten te volgen, oe-
fenprotocollen te verbeteren en aansturingsmechanismen voor robotisch onder-
steunde looptraining aan te passen. De enkel-impedantie is al in eerdere studies
bepaald, maar de heup-impedantie is onbekend. Het doel van Hoofdstuk 2 is
om een apparaat te ontwikkelen en te beoordelen dat gebruikt kan worden om
de heup-impedantie tijdens het lopen te meten, en om een eerste schatting van
de heup-impedantie te maken. We hebben de LOPER (LOwer limb PERturba-
tor) ontwikkeld die verwaarloosbare effecten op de loopcyclus heeft als die aan
het bovenbeen is vastgemaakt, en die krachtverstoringen tijdens de zwaaifase kan
aanbrengen. Door het aanbrengen van verstoringen op verschillende tijdstippen tij-
dens de zwaaifase, hebben we eerst schattingen van het tijdsvariante gedrag van de
heup-impedantie tijdens het lopen in gezonde proefpersonen gekregen. In de toe-
komst zouden het apparaat en de gebruikte schattingsmethoden in proefpersonen
met neurologische aandoeningen geëvalueerd moeten worden. Daarnaast moeten
het apparaat en de schattingsmethodes uitgebreid worden naar het kniegewricht
om knie-impedantie en mogelijke interacties tussen knie- en heup-impedantie te
kunnen schatten.

De minimale ondersteuning die een gebruiker nodig heeft om in een robotische
looptrainer te lopen zou een maat voor de loopfunctie kunnen zijn. Hoe lager deze
ondersteuning is, hoe beter de loopfunctie. Aansturingsmechanismen die auto-
matisch de ondersteuning aanpassen gebaseerd op de prestaties van de gebruiker
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zouden als meetinstrumenten voor de loopfunctie gebruikt kunnen worden. Uit-
komsten van eerdere studies met een automatisch aangepaste ondersteuning zijn
moeilijk te interpreteren omdat de ondersteuning voor een aantal intervallen van
de loopcyclus, die niet aan functionele taken gerelateerd zijn, wordt aangepast.
Daarnaast is onbekend hoe de ondersteuning bëınvloedt wordt door veranderin-
gen in oefenparameters, zoals de mate van gewichtsondersteuning of loopsnelheid,
die tijdens de therapie kunnen optreden. In Hoofdstuk 3 beschrijven we een aan-
sturingsmechanisme dat automatisch de ondersteuning voor diverse subtaken van
het lopen (bijv. creëren van voldoende ruimte tussen de teen en de grond tij-
dens de zwaaifase (‘foot clearance’), stabiliteit tijdens de standfase) aanpast op
basis van de prestaties van de gebruiker. We hebben het effect van veranderingen
van de gewichtsondersteuning en loopsneldheid op de toegepaste ondersteuning
en prestaties voor verschillende subtaken beoordeeld. Metingen in tien gezonde
proefpersonen lieten zien dat prestaties voor verschillende subtaken, en dus ook de
hoeveelheid ondersteuning, afhankelijk waren van beide oefenparameters (loopsnel-
heid en gewrichtsverplaatsing). De toegepaste ondersteuning van het automatische
subtaak-gebaseerde aansturingsmechanisme kan als een meetinstrument gebruikt
worden, maar alleen als de gewichtsondersteuning en loopsnelheid constant zijn.

Het handmatige aanpassen van de op subtaken gebaseerde ondersteuning kan
moeilijk en tijdrovend zijn, en is afhankelijk van subjectieve beslissingen van the-
rapeuten. Een automatische aanpassing van de ondersteuning kan deze problemen
voorkomen, maar heeft mogelijk andere nadelen. Het doel van Hoofdstuk 4 is om
handmatig en automatisch aangepaste (‘manually-tuned’ en ‘automatically-tuned’,
MT en AT) op subtaken gebaseerde ondersteuning te vergelijken in proefpersonen
met neurologische aandoeningen (beroerte en dwarslaesie). We hebben de voorkeu-
ren van de proefpersonen, de tijd om de ondersteuning aan te passen, uiteindelijke
niveaus van ondersteuning en fouten ten opzichte van referentiepatronen geanaly-
seerd. Wat betreft het comfort, de veiligheid, de hoeveelheid ondersteuning en het
effect van de ondersteuning, hadden proefpersonen geen voorkeur voor één van de
manieren (MT of AT). We hebben een aantal voordelen van de AT ondersteuning
vergeleken met de MT ondersteuning in proefpersonen met neurologische aandoe-
ningen gevonden die in de LOPES II looptrainer liepen: snellere aanpassing van
de ondersteuning, lagere ondersteuningsniveaus, en de ondersteuning werd voor
elke subtaak apart aangepast wat leidde tot goede prestaties voor alle subtaken.
Klinische studies zijn nodig om te laten zien of deze mogelijke voordelen van de
AT ondersteuning ook tot betere klinische uitkomsten leiden.

In Hoofdstuk 3 en 4 werd de ondersteuning voor alle subtaken tegelijkertijd
automatisch aangepast. We hebben niet onderzocht of ondersteuning voor één
subtaak (bijv. de meest aangedane subtaak) ook andere subtaken bëınvloedt. Het
doel van Hoofdstuk 5 is om beter te begrijpen wat er gebeurt als de meest aan-
gedane subtaken (foot clearance (FC), stabiliteit tijdens de standfase (SS) en ge-
wichtsverplaatsing (‘weight shift’ (WS)) apart ondersteund worden. De prestaties
voor de aangedane, ondersteunde subtaken waren aanzienlijk verbeterd vergeleken
met lopen zonder ondersteuning in licht aangedane proefpersonen die een beroerte
hebben gehad. Onze WS ondersteuning kan verder verbeterd worden zodat proef-
personen hun gewicht beter naar het paretische been verplaatsen. Verbeteringen
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van de prestaties voor de ondersteunde subtaken leidden slechts zelden tot al-
gemene veranderingen van het looppatroon, i.e. effecten op andere subtaken of
spatiotemporele parameters. Dat betekent dat in licht aangedane patiënten met
een beroerte de ondersteuning voor meerdere subtaken tegelijkertijd aangepast kan
worden. Dit leidt tot een snelle aanpassing van de ondersteuning. Het is niet nodig
om in deze patiënten andere, tijdrovende protocollen voor het aanpassen van de
ondersteuning te gebruiken, zoals subtaken na elkaar aanpassen terwijl er met de
meest aangedane subtaak wordt begonnen.

Samenvattend, we hebben meetinstrumenten en een aansturingsmechanisme
dat automatisch op subtaken gebaseerde ondersteuning aanpast afhankelijk van de
prestaties van de gebruiker ontwikkeld. We hebben de volgende stap gezet in de
richting van gepersonaliseerde robotisch ondersteunde looptraining. In de discussie
laten we zien dat er nog steeds een aantal uitdagingen zijn die overwonnen moeten
worden om voor iedereen de optimale robotische ondersteuning te kunnen bieden.
Toekomstige onderzoeken zouden gericht moeten zijn op langetermijneffecten van
verschillende aansturingsmechanismen en een beter begrip van het exacte effect
van robotisch ondersteunde looptraining op de neurorevalidatie na een beroerte of
dwarslaesie om de training verder te kunnen personaliseren en verbeteren.
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1Chapter 1

General introduction

Walking is a common activity of daily living. For most people walking happens
‘automatically’. Therefore, many people are not aware that walking is a highly
complex activity, depending on various systems like the musculoskeletal, nervous
and cardiovascular systems [1]. Unfortunately, since walking is such a complex
activity, it is also prone to disturbances resulting in a diminished ability to walk or
even complete immobility. This can have devastating consequences like a decreased
quality of life, fear of falling and loss of independence [2]–[4].

Stroke and spinal cord injury (SCI) are two disorders of the central nervous
system (CNS) that commonly result in a diminished walking ability. A stroke
occurs mainly in elderly. There are more than 400 000 stroke survivors in the
Netherlands and this number is expected to increase in the coming years [5]. A
stroke is the result of either a rupture of a vessel in the brain (hemorrhagic stroke)
or a blockage of a vessel (ischemic stroke) [6], [7]. In both cases, parts of the brain
get damaged due to a lack of oxygen and nutrients, resulting in sensorimotor
impairments (e.g. spasticity, muscle weakness, lack of muscle control), mostly on
one side of the body, and problems during walking.

SCI can occur at any level of the spinal cord. SCI is often the result of a
trauma (e.g. due to an accident), but can, for example, also be caused by dimin-
ished blood flow to the spinal cord or a tumor [8]. Each year, about 240 people
suffer a traumatic SCI in the Netherlands [9]. No reliable numbers are available
about incidence of non-traumatic SCI, and prevalence of SCI [9]. Damage of the
spinal cord distorts the communication between the central and peripheral nervous
system which can again result in sensorimotor impairments (e.g. spasticity, muscle
weakness, lack of muscle control) and problems during walking. The exact impair-
ments depend on the location of the injury and the severity (complete/incomplete).

Recovery of gait is an important therapy goal after stroke and SCI [10]–[12].
Robot-assisted gait training (RAGT) has been developed to reduce physical load
for therapists, and to provide people with stroke and SCI with intensive and task-
specific training. RAGT can result in effective training, especially when combined
with conventional physical therapy [13], [14]. Still, therapy outcomes of RAGT
could be further improved by increasing active participation of the user. This
could be achieved by adjusting the assistance based on patients’ impairments and
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1

performance during training [15]–[17].
This thesis describes four studies that were performed to improve RAGT by

taking a next step towards personalized robot-assisted gait training. In the intro-
duction, we present previous studies and controllers for RAGT. Subsequently, we
focus on robot-assisted assessment of walking and underlying impairments affect-
ing walking functions. Lastly, we present the goals and outline of this thesis.

1.1 Robot-assisted gait training

A number of principles to enhance recovery after stroke or SCI by common treat-
ments can also be included into RAGT [17], [18]. First, robotic gait trainers can be
used to apply task-specific training. Task-specific training means that a complete
task (e.g. walking) is practised, and training is not only based on impairments
(e.g. muscle strength) or other tasks (e.g. standing). This task-specific training
can lead to plastic changes in the CNS facilitating recovery after stroke and SCI
[19]–[25]. Second, robotic gait trainers can provide training at high dosages which
is beneficial for neurorehabilitation [18], [26], [27]. Third, sensory feedback is cru-
cial for learning. Robotically-guided movements result in sensory feedback from
joint and load receptors [28]. The lower the amount of partial body weight sup-
port (PBWS) during walking in robotic devices, the larger the amount of sensory
feedback. Fourth, RAGT can be combined with feedback (e.g. auditory or haptic,
or visual feedback based on virtual reality) which can further improve recovery
[29]. Fifth, gait variability and active participation are crucial to (re)learn walk-
ing [17], [30]–[32]. However, as discussed later in this thesis (Section 1.1.2), this
gait variability and active participation can be further optimized for RAGT.

RAGT has several advantages compared to previously used therapies, such as
manually-assisted body weight supported treadmill training (i.e. where therapists
manually guide movements of the patients) [17]. RAGT largely reduces physical
load for therapists because therapists do not have to move the legs of the patients
manually when using RAGT [14]. In addition, training protocols depend less on
therapists’ physical capacities and longer training sessions are possible [17], [33].
Robotic gait trainers can provide full assistance which means that training sessions
in severely affected patients can start earlier after stroke/SCI. Training sessions
that were stopped in the past when therapists were fatigued, can continue and
result in more intensive training for patients. Furthermore, sensors integrated in
training devices allow for objective assessments during training. These assessments
can be used to quantify impairments during walking (Section 1.2).

The following sections describe results from clinical studies and especially dis-
cuss previously implemented control algorithms for RAGT and possible improve-
ments.

1.1.1 Effect of RAGT on walking ability after stroke and SCI

Reviews of several studies in stroke and SCI patients (including in total more than
1000 patients) have shown positive effects of RAGT compared to conventional gait
training, but mainly when RAGT was combined with conventional gait training
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[13], [14], [34]–[37]. The probability of independent walking was higher [13], and
a higher walking speed and FAC (functional ambulation category [38]) [14] were
found in stroke survivors who received combined training (RAGT and conventional
therapy) compared to conventional training only. The largest improvements were
seen in participants who received RAGT in the first three months after stroke and
in participants who were not able to walk at the beginning of the therapy [13].

Although reviews indicate that RAGT combined with conventional therapy is
more effective than conventional therapy alone, results should be interpreted with
caution. It cannot be assumed that RAGT always has beneficial effects due to
possibly large differences between studies [13]. Several factors as different patient
populations (e.g. severity, location of stroke/SCI), robotic gait trainers (e.g. end
effector, exoskeleton, differences in transparency and degrees of freedom), train-
ing protocols (e.g. number and duration of training sessions), control algorithms
and outcome measures were used [13], [14], [34]. Especially differences in control
algorithms (and the respective assistance that is applied) can have a crucial effect
on active user participation and gait variability [39], influencing the effectiveness
of RAGT as described in the following section.

1.1.2 Control algorithms for RAGT

Various control algorithms have been developed to apply assistance in a robotic
device [15]. In this thesis, we focus on algorithms that were developed for exoskele-
ton type robotic gait trainers (e.g. Lokomat, LOPES II (Figures 1.1 and 1.2)).
The first developed control algorithms for robotic gait trainers were based on ref-
erence trajectories (Figure 1.3). Reference trajectories were derived from healthy
participants [40], [41], determined based on movements of the less impaired leg of
the patient [42], or by measuring movements of the impaired leg while a therapist
manually assisted movements of the patient [43]. Other, more recent, control algo-
rithms are based on neuromechanical models [44], [45] or apply pulses at specific
parts of the gait cycle [46] (Figure 1.3). However, so far, no extensive clinical stud-
ies have been performed to show the effectiveness of these more recent controllers
in people with stroke or SCI. Most of the previous research was related to con-
trollers that use reference trajectories, and we focus on these reference trajectory
based controllers in the following paragraphs.

Assistive controllers that require reference trajectories can be subdivided into
the following two groups: position control and impedance control (Figure 1.3).
Position control means that the patient is moved along reference trajectories by
the device. This (passive) movement therapy is only suitable for severely or com-
pletely disabled patients. They are provided with sensory feedback and task-
specific training, but they do not have to move their legs themselves [17]. These
position-controlled devices do not require active participation of the user as the
legs are moved by the device. With this guidance, patients with residual motor ca-
pacities are not sufficiently challenged and they will generate less muscle activity,
which is also called ‘slacking’ [41], [47]. Training in a position-controlled device
thus is not suitable for patients with residual movement capabilities.

Impedance control has been developed to increase active participation
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Figure 1.1: The Lokomat gait trainer.
The device can actively assist the hip and
knee joints in the sagittal plane during
walking. Toes can be passively lifted with
toelifters. The FreeD module allows for
active assistance of lateral translation and
transverse rotation of the pelvis, hip abduc-
tion is passively guided. Picture: Hocoma,
Switzerland

Figure 1.2: The LOPES II gait trainer.
The pelvis (mediolateral, anteroposterior),
hip (sagittal and frontal plane) and knee
(sagittal) can be actively assisted. Toes can
be passively lifted with toelifters. Rotation
of the pelvis is possible in all planes. Pic-
ture: Gijs van Ouwekerk, Enschede, The
Netherlands

and movement variability in patients with residual motor capacities. The
torques/forces that are applied by impedance-based controllers depend on devi-
ations from reference trajectories [39]. The larger the deviation from reference
trajectories, the higher the torques/forces that move the user towards the refer-
ence trajectories. Several variations of impedance-based controllers for RAGT have
been developed and were used in previous studies (Figure 1.4). Although this list
might not be exhaustive, the following aspects often differed between controllers:
allowed variability, assistance timing, tunable parameters, assistance tuning and
formulation. For each of these aspects various options are shown in Figure 1.4.
Different options for these aspects can be combined in a specific controller.

A disadvantage of the first impedance-based controllers was that they did not
allow for much spatial and temporal variability during gait [48]. To increase active
participation and gait variability during RAGT, several variations of impedance-
based controllers were developed (see ‘Allowed variability’ in Figure 1.4). To
allow for variability in timing, algorithms which take into account the preferred
cadence of the user can be used [49], [50]. These algorithms check whether the user
advances or runs behind the reference trajectory. Based on this, the replay speed
of the reference trajectory is increased or decreased. This temporal variability
was implemented in the control of devices such as LOPES I and II [51], [52]
as well as the Lokomat [50]. To allow for spatial gait variability, a ‘deadband’
can be included around the reference trajectories [50], [53]–[55]. Free movements
are allowed within this deadband and assistance is only applied outside of the
deadband. This deadband has already been implemented in the control of devices
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High-level assis-
tive controllers

for RAGT

Reference trajectory
Users’ guided along

reference trajectories
based on healthy
volunteers [40],

[41], contralateral
leg [42], or manual

movements of users’
legs by therapists [43]

Position control
User moved along
reference trajec-

tories, no freedom
of movement [33]

Impedance control
User guided along

reference trajectories,
reducing errors between
measured trajectories
and reference trajec-
tories (larger errors

result in larger assis-
tance) [41], [56], [57]

No reference
trajectory

Applied assistance
does not depend on

reference trajectories

Pulse-based
Pulses applied at
specific parts of
the gait cycle

(e.g. push-off) [46]

Neuromechanichal
model-based

Using a neuromuscular
model to choose

amount and timing
of assistance (e.g.

based on kinematics,
gait phase and/or
EMG) [44], [45]

Figure 1.3: Overview of several high-level controllers that can be used for assisting patients during RAGT. Previous studies mostly focused
on impedance-based controllers. Several variations of these impedance-based controllers are illustrated in Figure 1.4.
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Allowed variability

No spatial or
temporal variability

Assistance for all
deviations, replay

speed reference tra-
jectory not adjusted
automatically [48]

Spatial variability
No assistance within

deadband around
reference trajec-

tory [50], [53]–[55]

Temporal
variability

Replay speed of
reference trajectory
adjusted based on

users’ timing [49]–[52]

Combination spa-
tial and temporal

variability [50]

Assistance timing

Whole gait cycle
Same control pa-
rameters applied

for whole gait cycle,
less gait variability
allowed [41], [51]

Specific parts
of gait cycle

Forces not applied
for the whole gait

cycle, but tuned for
specific (chosen) parts

(e.g. subtasks [56],
subphases of gait

[58], or gait split in
bins [43], [59], [60])

Tunable param.

Amount of
assistance

Mostly virtual
spring stiffness, also

called ’guidance
force’ [41], [53], [56]

Reference
trajectory

E.g. range of motion
[61], amplitude or

timing of specific gait
events/subtasks [56]

Variability
Width of deadband
or allowed temporal
deviations [50], [53]

Assistance tuning

Manual tuning
Therapists adjusts
tunable parame-

ters [41], [51], [56]

Automatic tuning
Tunable parameters

are adjusted automat-
ically based on users’

performance [43],
[58]–[60], [62], [63]

Formulation

Joint space
Reference trajectories

in joint space (e.g.
hip and knee)

[41], [50], [56], [57]

End-point space
Reference trajectories
defined with respect

to an anatomical
landmark (e.g. lat-

eral malleolous)
[43], [53], [62]

Combination
joint and end-
point space [60]

Figure 1.4: Overview of several variations that were used for impedance controllers in previous studies. The variations from different
columns can be combined.
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such as the Lokomat and ALEX [50], [53]–[55].

Another disadvantage of many impedance-based controllers is that the same
assistance is applied for the whole gait cycle (‘Assistance timing’ in Figure 1.4)
[41], [51]. This often results in more robotic gait assistance than needed, as most
users do not require assistance for the whole gait cycle [52]. Other variations of
impedance-based controllers were developed that modulate the assistance over the
complete gait cycle to apply assistance only when it is needed [43], [56], [58]–[60].
In [43], [59], [60], the gait cycle was split into several bins and assistance was
adjusted for each of these bins. However, these bins are not related to functional
aspects of gait. This makes it difficult to interpret the resulting assistance levels.
Also, it is questionable whether users need assistance for each instance of the gait
cycle, or only specific functional aspects of gait. Subtask-based assistance [56],
[62] is related to specific functional aspects of gait and common impairments after
stroke and SCI (see Section 1.1.2 for more details).

Various parameters can be tuned for impedance-based controllers (‘Tunable
param.’ in Figure 1.4). The tuning process is often focused on the amount of
assistance which has a crucial influence on active participation of the user [64]. In
most cases, the amount of assistance is defined by the stiffness of a virtual spring
(also called ‘guidance force’ for Lokomat) [41], [51], [56]. The larger the virtual
spring stiffness, the higher the applied forces/torques for a specific deviation from
the reference trajectory.

The tunable parameters, especially the amount of assistance, have been tuned
in two ways in previous studies: manually or automatically (‘Assistance tuning’
in Figure 1.4). Disadvantages of manual tuning are that the assistance is not
continuously adjusted based on patients’ performance, and that tuning results
depend on subjective decisions of therapists. Automatically-tuned controllers have
been developed to overcome these disadvantages and tune the assistance based
on users’ performance [43], [59], [60], [62], [63], [65]. The amount of assistance
(i.e. virtual spring stiffness) for these controllers is adjusted based on deviations
from reference trajectories. So far, these controllers adjust the assistance for the
whole gait cycle (e.g. split into 30 bins with possibly different assistance levels)
[43], [59], [63], each subphase of gait [58] or only assist foot clearance [62]. The
control algorithms do not take into account multiple subtasks of gait and related
impairments of the users which is further described in Section 1.1.2.

In literature, the term ‘assist-as-needed’ (AAN, also called ‘assistance-as-
needed’) is often used for some of the previously described variations of impedance-
based controllers, however, AAN is not clearly defined yet. A broad definition of
AAN is that the robotic gait trainer applies the minimal assistance that is needed
to perform a specific training task [58], [66]–[70]. More specific definitions include
that AAN controllers 1. should promote active participation, by systematically
decreasing assistance and not allowing for slacking [51], [55], [62], [69], 2. allow
for modification of the amount of assistance [41], [51], [56], 3. only assist impaired
parts of the gait cycle [51], [52], [62], 4. allow for free movement for unassisted
parts of the gait cycle [52], [71] and 5. adjust assistance (in real-time) based on
users’ performance/capabilities [60], [69], [71]–[74]. Sometimes, ‘simple’ impedance
controllers are called AAN controllers. However, based on above definitions and

21



1

the fact that simple impedance controllers can result in slacking, they should not
be called AAN controllers. More advanced controllers, that allow for more spa-
tial and temporal variability, and continuously adjust assistance based on users’
performance, match above definitions of AAN better (e.g. [43], [60]).

Subtask-based assistance

Subtask-based assistance has been implemented in the LOPES II gait trainer and
takes into account specific subtasks that are crucial for walking [52], [56]. A sub-
task is defined as the control of joint movements during a specific part of the
gait cycle to complete a specific task. Previous studies suggest that gait can be
subdivided into specific functions or tasks that need to be fulfilled to be able to
walk. Four ‘locomotor functions’ (propulsion, stance stability, shock absorption,
energy conservation) [75] and five ‘prerequisites of gait’ (stance stability, swing
phase clearance, foot prepositioning, adequate step length, energy conservation)
[76] were defined in previous work. These functions/prerequisites, as well as feed-
back from therapists, were used to define the following subtasks for gait training
in LOPES II: weight shift, lateral foot placement, step length, prepositioning,
stability during stance and foot clearance (Table 1.1) [52].

Subtask-based assistance could have some advantages compared to previously
developed controllers. The subtask-based assistance tackles specific parts of the
gait cycle that are often impaired after stroke/SCI (Table 1.1), while allowing for
free movements for unimpaired (and thus unassisted) parts of the gait cycle. Also,
subtask-based assistance resembles more the way that therapists assist a patient:
assessing which subtasks are affected and applying assistance for these specific
subtasks only [77]. Focusing on these subtasks also makes manual tuning of the
assistance easier for therapists [52]. In addition, assistance can be adjusted to
allow for compensatory movements which can play an important role in recovery
of gait [78].

Currently, subtask-based assistance in LOPES II is tuned by the therapist
[56] which might have some disadvantages compared to previously described
automatically-tuned control algorithms. First, although only specific subtasks are
taken into account, the number of parameters that can be tuned is rather large.
Subtasks (Table 1.1) can be tuned separately for each leg, and for each subtask
the assistance and reference trajectory can be adjusted. Tuning each subtask sep-
arately can be difficult and time-intensive for the therapist. Also, assistance is
probably not continuously adjusted based on performance within a session. This
can result in slacking which reduces active participation and gait variability. Sec-
ond, the applied assistance depends on subjective decisions. Despite that some
feedback is provided to the therapist in a user interface (e.g. maximal knee flexion
during swing), therapists can choose to base their decisions on (subjective) visual
assessments of the gait pattern.

To sum up, subtask-based assistance could be beneficial compared to previously
developed controllers. However, further improvements and a better understanding
of the effect of the support is needed to improve subtask-based assistance. Auto-
matically tuning assistance for each subtask based on subtask performance could
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have several advantages. Besides, to get more insight into assistance tuning, this
automatic tuning should be compared to manual tuning (by the therapist). Also,
it is not known yet whether assistance for specific subtasks in people with neuro-
logical disorders leads to only changes for the assisted subtask or an overall change
of the gait pattern (i.e. affecting other subtasks or spatiotemporal parameters).

Table 1.1: Overview of subtasks that are assisted with the LOPES II gait trainer and
common impairments for these subtasks after stroke and SCI. Unless stated otherwise,
subtask performances are compared to unimpaired individuals (e.g. increased/decreased
compared to unimpaired individuals). It should be considered that the exact impairments
in a specific person with stroke/SCI largely depend on the severity and location of the
stroke and SCI. Either one of these impairments or a combination of multiple impairments
can be found in most people with stroke/SCI who have problems during walking.

Subtask Impairments after stroke Impairments after SCI

Weight shift (lateral
pelvis displacement)

insufficient weight shift to-
wards paretic leg [79], [80],
increased weight shift [81]

insufficient weight shift
towards stance leg [82]

Lateral foot place-
ment/circumduction
(hip abduction during
swing phase)

paretic leg: larger step
width and circumduction
[83], [84]

larger step width [85]

Step length (can be
divided into leading
limb angle (maximal
hip flexion) and trail-
ing limb angle (mini-
mal hip flexion))

larger step length paretic
leg than non-paretic leg
[79], [86], paretic leg: de-
creased hip extension dur-
ing stance and decreased
hip flexion during swing
[79], [83], [86]–[88]

decreased step length
[85], decreased hip ex-
tension during stance
[89], [90], decreased hip
flexion during swing
[89]–[91]

Prepositioning (knee
flexion angle end of
swing phase)

increased knee flexion [88],
[92], [93]

increased knee flexion
[89], [94]

Stability during
stance (knee flexion
angle during swing
phase)

increased or decreased
knee flexion (hyperex-
tension) [79], [86], [88],
[93]

increased knee flexion
[89], [94]

Foot clearance (max-
imal knee flexion angle
during swing phase)

decreased knee flexion
(stiff-knee gait) [79], [83],
[87], [88], [93], [95]

decreased knee flexion
[90], [91]
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1.2 Robot-assisted assessment of sensorimotor impairments
and gait

Robotic devices cannot only be used for gait training, but they can also be valu-
able tools for assessment of sensorimotor impairments and gait after neurological
disorders [96], [97].

Assessments of sensorimotor impairments and gait are not often performed on
a regular basis, although they are important for various reasons [97]–[100]. As-
sessments can be used to track patients’ progress and to provide feedback to the
therapists, patients and insurance companies. In addition, therapy can be planned,
evaluated and adjusted based on assessment outcomes. Even though many ther-
apists acknowledge the importance of assessing their patients’ capabilities, sen-
sorimotor assessments are not performed routinely in clinical practice for several
reasons (e.g. high costs, time-consuming tasks for the therapists and patients,
lack of knowledge and skills, and difficulties understanding outcome measures)
[97], [101]–[103].

Robot-assisted assessments can be used to overcome some of the factors that
prevent the routine use of sensorimotor assessments [97], [100]. Measurements
from sensors integrated in the devices can lead to objective and sensitive outcome
measures. Besides, assessment results depend to a lower degree on therapists’
skills and subjective evaluations compared to ‘manual assessment’ of impairments
(i.e. where therapists have to assess impairments by relying on what they feel
and/or see). In addition, when assessment is integrated into training devices, no
additional setup time is needed and robotic assessment can be time-efficient [97].

Various body functions can be measured with robotic devices: for example,
range of motion (ROM), muscle strength, proprioception, joint torque couplings,
joint position sense, joint impedance and walking function [97]. With the Lokomat,
passive range of motion, lower limb position sense and muscle strength can be
measured [97], [104]. In this thesis, we are mainly focused on the assessment of
joint impedance and walking function as described in the following sections. A
comprehensive review of robot-assisted assessment of lower extremity functions
can be found in [97].

1.2.1 Assessment of joint impedance

Modulation of joint impedance during gait is crucial to be able to walk in various
(challenging) environments [105]. Joint impedance is defined as the mechanical
resistance to a perturbation. After stroke and SCI, impairments such as spasticity
or hypertonia can lead to changes in the (control of) muscle activity [28], [106],
[107]. This can then result in an impaired (modulation of) joint impedance and
gait.

Only limited knowledge is available about joint impedance (modulation) during
walking. Joint impedance depends on various factors and is assessed by applying
a mechanical perturbation with a robotic device to the joint and measuring the
response. Previous studies have shown that joint impedance of the ankle, knee and
hip in a static situation (e.g. standing or seated) can depend on muscle activity,
joint angles and velocities [108]–[115]. Based on these results, variations of joint
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impedance during walking can be expected. For the ankle, a large stiffness during
stance phase and a low stiffness during swing phase was found in previous studies
[116]–[118]. Measurements of hip and knee joint impedance are needed to get a
more complete picture of the modulation of joint impedance during walking and
its effect on walking ability. To our knowledge, hip and knee joint impedance have
not been determined experimentally during walking yet.

Assessment of joint impedance during walking leads to high requirements for
the device used to apply the perturbations. First, the device should be transparent
and not affect gait and impedance estimates. Second, the device needs to be
able to apply perturbations that can be used to estimate joint impedance using
system identification techniques. Current robotic gait trainers are not suited for
the assessment of joint impedance during walking as they do not fulfill the above-
mentioned requirements. Lokomat can be used to measure passive joint stiffness of
the hip and knee while the device is moving the leg of the patient [119]. However,
for assessments during walking, current robotic gait trainers are not transparent
enough and the bandwidth is not high enough to apply the perturbations required
for an impedance estimation. Various other robotic devices have been developed
to estimate ankle and/or knee joint impedance during walking [120]–[126]. Even
though devices for the knee were developed, to our knowledge the time-varying
behaviour of knee joint impedance during walking is still unknown. In addition,
none of these devices can be used to determine hip joint impedance during walking.

1.2.2 Assessment of walking function

Current robotic gait trainers can be used to assess various parameters related to
walking function. For example, joint angles and/or interaction forces can usually
be extracted from sensors integrated in the devices [33], [56], [127]. Also, spa-
tiotemporal parameters are often determined based on measurements from these
sensors.

The minimal amount of assistance required by the user can also be a measure
to assess walking function and progress during therapy [59]. For example, low
assistance levels mean that the user is performing well. High assistance levels are
an indication for a diminished performance for the specific assisted aspects of gait.
This assessment method can be especially suited for patients who need assistance
during walking and therefore might not be able to perform other assessments (i.e.
without gait assistance). Automatically-tuned controllers are needed to achieve
objective results. Previously developed automatically-tuned algorithms adjusted
the assistance for various bins of the gait cycle [43], [59], [60]. These bins were not
related to specific functional aspects of gait. Therefore, the outcome measures can
be difficult to understand by therapists and patients. Subtask-based assistance
(Section 1.1.2) would be easier to interpret as the assisted subtasks are related
to specific joints and intervals of the gait cycle. Quantifying these subtasks and
monitoring progress could give more insight into patients’ progress and the effect
of RAGT. This shows again the importance of developing automatically-tuned
subtask-based controllers.
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1.3 Thesis objectives and outline

Results from previous studies suggest that the effect of RAGT can be improved
by personalizing assistance and tailoring the assistance based on patients’ impair-
ments [15]–[17]. The goal of this thesis is to take a next step towards personalized
robot-assisted gait training. To address this goal, we defined two sub-goals:

1. Develop assessment tools to quantify walking function and underlying im-
pairments affecting walking function.

2. Improve subtask-based assistance and optimize assistance tuning based on
users’ walking abilities.

Modulation of joint impedance is crucial for walking and can be diminished by
neurological disorders. The goal of Chapter 2 is to develop and evaluate a device
that can be used for the assessment of hip joint impedance during walking, and to
determine first estimates of apparent hip joint impedance during walking.

During therapy, walking speed and PBWS are often changed when patients
improve their walking ability. This should be taken into account when the ap-
plied assistance is used to quantify walking function. In Chapter 3, we describe
an algorithm that automatically adjusts the amount of subtask-based assistance
depending on users’ performance, and we evaluate whether this algorithm can be
used as an assessment tool for walking function when PBWS and walking speed
vary.

In clinical practice, robotic assistance is often tuned by the therapist (manually-
tuned, MT). This tuning can be difficult and time-consuming, especially when
many parameters can be tuned (simultaneously). The automatically-tuned (AT)
assistance described in Chapter 3 could possibly lead to faster and more objective
tuning of the assistance, however, it has never been compared to MT assistance. In
Chapter 4, differences and similarities between AT and MT assistance in people
with chronic stroke and SCI are described, focusing on participants’ preferences,
the time to tune the assistance, amount of assistance and errors compared to
reference trajectories.

Assisting one specific subtask might also influence other subtasks of walking
or spatiotemporal gait parameters. Chapter 5 aims to give more insight into the
effect of separately tuning impaired subtasks of walking in mildly impaired chronic
stroke survivors. The effects on the assisted subtasks, other subtasks of walking
and spatiotemporal gait parameters are described.

Chapter 6 contains a general discussion of the results from the previous chap-
ters. Also, limitations of this thesis and future perspectives about (personalized)
robot-assisted gait training are given.
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Chapter 2

Design and evaluation of a lower limb

perturbator to estimate hip joint

impedance during walking

S.S. Fricke, R.C. van ’t Veld, A. Vallinas Prieto, A.Q.L. Keemink, H. van der
Kooij, A.C. Schouten, E.H.F. van Asseldonk
This chapter has been submitted in March 2020.

Abstract

Robotic gait trainers and assistive devices can overcome neurological disorders
affecting walking ability. To optimize assistance during walking the joint me-
chanical properties should be known. While ankle impedance during walking has
been studied previously, hip joint impedance during walking received no atten-
tion. Here we developed and evaluated a lower limb perturbator to identify hip
joint impedance during treadmill walking. The lower limb perturbator (LOPER)
consists of an actuator connected to the upper leg via rods. The LOPER applies
force perturbations to a free-hanging leg, while standing on the contralateral leg,
with a bandwidth of up to 39Hz. While walking in minimal impedance mode,
the interaction forces of the LOPER are low (<5N) and the effect on the walking
pattern is smaller than the within-subject variability during normal walking. The
apparent hip joint impedance was estimated at three time points during the swing
phase. Estimates of the apparent stiffness (average 105-139Nm/rad) and damping
(average 3-6Nms/rad) were in the same range as previously reported under static
conditions. The developed LOPER has a negligible effect on the walking pattern
and allows to identify hip joint impedance during the swing phase. Knowledge on
hip joint impedance during walking is relevant for the development of robotic gait
trainers, improving training protocols and clinical decision making.

41



2

2.1 Introduction

Various robotic gait trainers and assistive devices have been developed to over-
come neurological disorders affecting walking ability [1]–[3]. Humans can walk in
various challenging environments and continuously adjust joint impedance, which
describes the mechanical resistance to a perturbation. Neurological disorders, e.g.
stroke or spinal cord injury, can affect joint impedance and walking ability, due
to symptoms like spasticity and hypertonia [4]–[6]. Consequently, a detailed un-
derstanding of joint impedance during walking, in both people with and without
neurological disorders, can improve the design and control of robotic gait trainers
and assistive devices [7]–[9]. Besides, joint impedance assessment in people with
neurological disorders can help improve training protocols and clinical decision
making [9].

Joint impedance is estimated by measuring the response to mechanical pertur-
bations applied to the joint by robotic devices and it is often described in terms
of joint inertia, damping and stiffness [7], [8], [10]–[15]. Identification of hip, knee
and ankle joint impedance has previously been performed under static conditions,
e.g. standing or seated. These experiments showed that joint impedance depends
on various factors, including joint angles, joint velocities and muscle activity [11]–
[14], [16]–[19]. The results imply that joint impedance must vary during move-
ment. Indeed, for the ankle, a time-varying modulation of joint impedance during
walking has been reported [7], [8], [10].

Assessing joint impedance during walking provides additional challenges and
requirements for the device applying the mechanical perturbations. An important
requirement is that the device should be transparent, i.e. not affect normal walk-
ing, when no perturbations are applied. In addition, the device needs to be able to
apply the perturbations required for joint impedance estimation. Various devices
have been developed to determine ankle or knee joint impedance during walking
[20]–[26]. However, to our knowledge, there are currently no devices which both
minimally influence the walking pattern and can determine hip joint impedance
during walking.

Here, we 1. developed and evaluated a LOwer limb PERturbator (LOPER)
to estimate the apparent hip joint impedance during walking; and 2. obtained a
first estimate of apparent hip joint impedance at different time points during the
swing phase in healthy volunteers. Apparent hip joint impedance was defined as
the estimated impedance at the hip, including effects of gravity, the connection
between the device and human, and possible interactions with other joints. Future
studies will be aimed at determining ‘pure’ hip joint impedance which does not
depend on these other effects.

2.2 Requirements

The device should be able to apply force perturbations, while effects on the walking
pattern are negligible. These force perturbations should result in changes in joint
angles that can be used to estimate hip joint impedance with system identification
techniques. First, a force bandwidth of 10Hz is required based on previously deter-
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mined frequency response functions (FRFs) of the hip joint during posture tasks
[12]. Second, the device should not obstruct the range of motion of the hip joint.
Third, we expect that in minimal impedance mode, i.e. when no perturbations
are applied, maximal absolute interaction forces of less than 20N and root mean
square (RMS) interaction forces of less than 10N lead to negligible effects on the
walking pattern [27]. Additionally, the root-mean-square error (RMSE) between
the hip joint angle with and without the device should be lower than the average
within-subject variability of the hip joint angle while walking.

2.3 Methods

2.3.1 Design

LOPER consists of a motor, two carbon fiber rods, an aluminium frame and a
brace, which is connected to the left upper leg of a human walking on a tread-
mill (Figure 2.1). The motor (SMH60, Parker,USA) is attached to the frame of a
split-belt treadmill (custom Y-Mill, Forcelink, The Netherlands) with a steel sup-
port structure. The first carbon fiber rod (1 in Figure 2.1, 0.45m long) is rigidly
attached to the motor shaft and is connected to the second rod (2 in Figure 2.1,
0.84m) via a ball joint linkage. A brace to attach the device to the leg is connected
to the rods with an aluminium frame in between. The brace is fixed with Velcro
straps on the upper leg, just above the knee. A load cell (FUTEK FSH00086,
USA) is implemented between the second rod and the aluminium frame to mea-
sure interaction forces.

We have chosen a design where the actuator is not placed on the human to
minimize the additional load on the user. Moreover, the choice to place the load
cell close to the human limb can result in lower interaction forces and a lower
influence of the device on the walking pattern compared with placing the sensor
farther away from the user [28]. Finally, the design allows for sufficient freedom of
movement in both sagittal and frontal planes. The chosen rod lengths do not limit
the range of motion in the sagittal plane for a person walking on the treadmill. The
connection between the aluminium frame and the brace allows for free rotation of
the leg in the sagittal plane. The ball joint linkage between the two rods allows
for freedom of movement in the frontal plane.

2.3.2 Hardware and software setup

The system to control the LOPER and record the force data is composed of one
master PC (Linux) and six slave devices:

1: a servo drive unit (MOOG MSD 3200 Servo Drive, USA) that controls the
velocity of the motor

2: an amplifier (MOOG PC CB79047-401A HCU, USA) for the signals from
the load cell

3–6: four Beckhoff modules (1x Beckhoff EK1100, 2x Beckhoff EL3008 and 1x
Beckhoff EL4134, Beckhoff Automation GmbH, Germany) which are used
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Figure 2.1: Overview of LOPER (LOwer limb PERturbator) rigidly attached to the
frame of a split-belt treadmill. The actuator is connected to the left upper leg of a user
with two carbon-fiber rods and a brace with an aluminium frame in between. The load
cell is placed close to the user (between carbon rod and aluminium frame) and measures
the interaction forces between the user and the LOPER.

to acquire 3 degrees of freedom (DoFs) ground reaction forces and moments
from the treadmill and to send a synchronization signal to the motion capture
system.

This network of one master and six slave devices is controlled using the EtherCAT
real-time control protocol, which runs through EtherLab. On the master PC,
a compiled Simulink model (Matlab 2016b, Mathworks, US) runs at 1000Hz by
EtherLab, using TestManager and DLS (Beckhoff Automation GmbH, Germany),
to control the device, acquire and save the data from the slaves.

2.3.3 Control

The device is controlled by a modified admittance controller (HC , Figure 2.2) de-
signed to minimize the interaction forces (Fin) in absence of perturbations and
track the desired interaction forces (Fd) of the applied perturbations. The admit-
tance model generates the input (θ̇d) to the black-box velocity controller, imple-
mented in the servo drive unit.

To minimize interaction forces, an admittance control law with low virtual
impedance is implemented. However, a regular admittance controller with low
inertia and damping yielded unstable behavior, while interacting with humans.
Therefore, the Kas + 1 term is included in the numerator of HC , which behaves
similarly to the acceleration feed-forward described by Keemink et al. [29], and
prevents interaction instability. We included this term in the admittance model,
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Figure 2.2: Overview of the control scheme. The admittance model (HC) computes
the desired angular velocity (θ̇d) based on the torque input (τin). This torque is obtained
by multiplying the force input (Fin) with the moment arm in T . Hmotor represents the
motor and rod dynamics and Hhum.,env. are the post sensor dynamics, e.g. human and
brace. Fm represents the interaction force measured by the load cell and Fd is the desired
perturbation force, which is first low-pass filtered through HF .

because the black-box low level controller of the motor does not accept feed-forward
inputs. The perturbations are low-pass filtered (HF ) to prevent overshoot, at the
expense of frequency bandwidth of the perturbation. When tuning the parameters,
first low values for Iv and Bv were chosen resulting in fast dynamics. Then, Ka and
c were chosen to achieve a stable system with sufficient bandwidth. The following
values were chosen for the parameters: c = 0.5,Ka = 0.017, Iv = 0.2, Bv = 3.

2.3.4 Safety

Five features are implemented to assure safety of the user. First, a PVA (position,
velocity, acceleration) limiter prevents that the chosen safety bounds for velocity
(±4.71rad/s) and acceleration (±500rad/s) are exceeded [3]. Close to the position
safety bound (±1.22rad), the PVA limiter limits the motor velocity resulting in
a constant deceleration. Beyond this position bound, the velocity is limited to
0m/s in the direction away from the neutral position. Second, the outputs from
the sensors (encoders and load cells) are continuously checked and the motor is
switched off directly when a threshold for either position (±1.31rad), velocity
(±6.28m/s) or motor torque (120Nm) is reached. These boundaries are slightly
larger than the PVA limiter bounds to prevent that the motor turns off each time
a slightly larger angle is reached. Third, when the servo drive unit detects an angle
larger than ±1.34rad the motor is switched off directly. Fourth, two emergency
buttons are placed close to both experimenter and user, which directly switch off
the motor when pressed. Fifth, users wear a safety harness to prevent falls.

2.3.5 Ethics

The experiments were approved by the ethics committee of the Electrical Engi-
neering, Mathematics and Computer Science faculty of the University of Twente
(approval number: RP 2019-83). All participants gave informed consent prior to
the experiments.
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2.3.6 Device performance in static situations

The performance of the LOPER was evaluated in two tests in which a participant
was standing on his fully extended right leg. The left leg, connected to the LOPER,
was lifted from the ground and relaxed, i.e. free-hanging. In the first test, the force
bandwidth was evaluated using a force perturbation of filtered white noise for 60s
(cut-off frequency 60Hz, peak-to-peak amplitude of 60N). In the second test, step
responses were evaluated for force perturbations with several amplitudes (20, 40
and 60N in forward direction, each applied 10 times).

2.3.7 Device performance during walking

Five participants (4 male, 1 female, 26.4±1.3 years, length 1.71±0.09m, weight
68.4±11.5kg) without any self-reported impairments in their lower limbs walked
two times four minutes on the treadmill to assess the performance of the minimal
impedance mode of the device. Participants walked on the treadmill at 0.5m/s
while following a metronome (36 strides/min.) to keep the stride frequency as
constant as possible. The low walking speed was chosen for all experiments as it
is relevant for clinical applications in people with neurological disorders. In the
first trial, participants walked without the device. In the second trial, participants
walked with the LOPER in minimal impedance mode.

2.3.8 Assessing joint impedance during swing phase

Nine participants (6 male, 3 female, 26.1±1.2 years, length 1.73±0.14m, weight
64.9±12.1kg) without any self-reported impairments in their lower limbs were
included in the joint impedance assessment experiments. To estimate joint
impedance during the swing phase, force perturbations were applied at three onset
times: 50, 175 and 300ms after toe-off. Rectangular pulses with a pulse width of
100ms and an amplitude of 40N (forward) were applied as perturbation in all cases.
In order to time the perturbations appropriately, a phase detection algorithm was
used to detect toe-off based on the vertical ground reaction forces. The perturba-
tion experiments were split into six trials, two trials for each perturbation onset
time, with the trial order randomized for each participant. Each trial lasted four
minutes, with a walking speed of 0.5m/s and a stride frequency of 36 strides/min.
For each trial, the perturbations were applied randomly after every 3-5 strides
during the swing phase of the left leg at the specified perturbation onset time.

2.3.9 Data recording and processing

During all experiments, the load cell measured the interaction forces. For the
experiments during walking, 3 DoF ground reaction forces and moments were
recorded from the treadmill. A motion capture system (Qualysis AB, Sweden)
recorded the movements of the participants and the brace of LOPER. Eight Oqus
600+ cameras were placed around the treadmill and marker movements were
recorded at 128Hz. The synchronisation signal, that was send from the LOPER
setup to the motion capture system, was recorded at 1024Hz using an analog to
digital conversion board. Two markers were placed on the brace of the device to
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be able to calculate the angle of the brace and the direction of the applied forces.
32 markers were placed on bony landmarks and body segments of the participants
to record kinematics of feet, lower legs, upper legs, pelvis and trunk. All data was
processed in Matlab 2018b. In the following sections and figures, a positive sign
indicates a force (of the device) in forward direction, i.e. walking direction, and a
hip flexion angle/torque.

Device performance in static situations

The FRF of the force controller was determined by dividing the following spectral
densities:

HFdtoFm =
HFTHCHmotorHhum.,env.

1 + THCHmotorHhum.,env.
=
SFmFd

SFdFd

(2.1)

where Fd is the input perturbation and Fm the measured interaction force. Welch
averaging with a Hanning window (size: 5000 samples, overlap: 50 samples) was
used to calculate these spectral densities. The bandwidth of the force controller
was calculated as the -3dB point of the FRF.

Step responses were averaged across the ten repetitions to reduce noise. Rise
time was calculated for each perturbation amplitude and defined as the time
needed by the measured interaction force to rise from 10 to 90% of the steady
state response. Percentage overshoot was determined relative to the steady state
response.

Device performance during walking

Gait phase estimates, calculated based on ground reaction forces and moments,
were used to cut the LOPER data into strides, i.e. a full gait cycle. For the walking
trials without perturbations, interaction forces between the device and the human
were averaged over all strides within a participant. The RMS interaction forces
and maximal absolute interaction forces were determined for each participant and
averaged across participants.

Hip joint angles were determined based on the motion capture data. The
measured marker positions were filtered in Matlab 2018b with a 4th order zero-
phase 40Hz low-pass Butterworth filter. In OpenSim 4.0 the gait2392 model was
used to perform inverse kinematics. The resulting hip joint angles were cut into
strides similar to the LOPER data. For each data point of a stride, we determined
whether the data point was 1.5 times the interquartile range below the first quartile
or above the third quartile (of all strides at the same percentage of the gait cycle).
If these limits were exceeded for more than 20% of the data points of a stride, this
stride was considered an outlier and discarded. After outlier removal, strides were
averaged within each participant. For each participant, the RMSE between the
average joint trajectories for the trials with and without the device were calculated.
The RMSE was compared to the average intra subject variability (ISVave) defined
as twice the average standard deviation between strides within a participant [27]:

ISVave =
2

nPart.

nPart.∑
iPart.=1

σiPart. (2.2)
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We assumed that effects of the device were negligible if the RMSE between the
trial without and with the device was smaller than the ISVave for the trial without
the device [27].

Assessing joint impedance during the swing phase

Hip joint angles were determined and processed as described in the previous para-
graph. Interaction forces were filtered with the same 4th order zero-phase 40Hz
low-pass Butterworth filter, after which the interaction forces were resampled to
128Hz. These interaction forces were converted into torques applied to the hip
based on the moment arm of LOPER. This moment arm was determined using
the angle between leg and rod, and the distance between the hip joint and attached
brace, based on the scaled (participant-specific) OpenSim model.

Both, hip joint angles and applied torques, were cut into strides. For each
perturbed step, the most similar unperturbed stride was found, based on the
RMSE between the perturbed and unperturbed strides for the last 25ms before
the perturbation onset time, and subtracted from the perturbed trial. For the last
perturbation onset time (300ms), strides with a swing time shorter than 550ms
(300ms+250ms analysis window) were removed, to avoid the inclusion of the stance
phase in the analysis. Again, outliers were removed as described above, but only
taking into account the range of data points that was used for joint impedance
estimation (25ms before to 250ms after the perturbation).

After removing outliers, average hip joint angles and applied torques were used
to estimate hip joint impedance. The analysis of each perturbation onset time
included data from 25ms before to 250ms after the perturbation. We assumed
that the hip joint impedance can be estimated using a 2nd order model:

∆τ = I∆̈θ +B∆̇θ +K∆θ (2.3)

with ∆τ the difference in the measured torque between perturbed and unperturbed
steps, ∆θ the difference in the hip angle, I the apparent inertia of the leg, B the
apparent hip joint damping and K the apparent hip joint stiffness. This 2nd order
model was chosen as it performed well in describing the ankle joint during walking
[8] and experimental data during standing has shown that the FRF of the hip
resembles a 2nd order system [12]. The parameters of this model (I, B, K) were
estimated by simulating the time response of the 2nd order model and minimizing
the sum squared difference.

Sensitivity analysis of estimated joint impedance results

The effect of varying the model parameters on the response was evaluated, to
validate the parameter estimation results and to determine the influence of each
parameter on the model response. Each parameter was changed separately by
±20% of the best fit and used to simulate the time response of the 2nd order
model for each of these parameter variations.
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2.4 Results

2.4.1 Device performance in static situations

We designed and evaluated the LOPER, which can be used to apply force per-
turbations to the left upper leg. A bandwidth of 39Hz was found for the FRF
(input Fd, output Fm) when applying perturbations to a free-hanging leg (Figure
2.3) which is much higher than the required bandwidth of 10Hz. Step responses
show rise times of 9.7-10.3ms for 20, 40 and 60N perturbations (Figure 2.4). An
overshoot of 29-32% of the steady state responses was found. The steady state
responses did not fully reach the desired values, e.g. the steady state response for
the 40N perturbation was 36N (Figure 2.4).
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Figure 2.3: FRF of the control scheme shown in Figure 2.2 (input Fd, output Fm) while
the device was attached to a free-hanging leg of a participant who was standing on his
fully extended contralateral leg. Results for one participant are shown. A bandwidth of
39Hz was found, indicated by the grey line at -3dB (0.71).
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Figure 2.4: Step responses (averaged over 10 responses) in one participant with three
amplitudes (20, 40, 60N) that were applied to a free-hanging leg in forward direction. The
participant was standing on his fully extended contralateral leg. The grey lines represent
the desired steady state values.
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2.4.2 Device performance during walking

To evaluate the performance of the device during walking, participants walked
without the LOPER, and with the LOPER attached to their left upper leg in
minimal impedance mode. In line with the requirements, low interaction forces
were found in minimal impedance mode (Figure 2.5, top). The average (± stan-
dard deviation across participants) RMS interaction forces were 2.00±0.20N and
the maximal absolute interaction forces were 4.63±0.79N. The largest interaction
forces were found at the end of the stance phase/beginning of the swing phase,
which can be attributed to the high acceleration of the leg at this portion of the
gait cycle.
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Figure 2.5: Interaction forces (top) in minimal impedance mode and joint angles (bot-
tom) for the left leg while walking in minimal impedance mode and without the device for
one representative participant. The positive axis shows a force in forward direction (top)
and a flexion angle (bottom). The shaded areas illustrate the standard deviation across
the strides. Left heel strike occurred at 0% of the gait cycle.

The differences in the hip angles between walking with the device in minimal
impedance mode and without the device were negligible when averaged over the
complete gait cycle (Figure 2.5, bottom). The average RMSE between the trial
without the device and the minimal impedance trial was 0.030±0.010rad which
is lower than the ISVave (0.047rad) for walking without the device. The largest
differences between the trial with and without the device were found during the
beginning/mid swing, probably due to the larger interaction forces at the beginning
of the swing phase (Figure 2.5).

2.4.3 Assessing joint impedance during swing phase

To assess apparent hip joint performance during walking, participants walked six
times on the treadmill, while perturbations were applied with the LOPER at
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three onset times during the swing phase. All participants performed two trials
for each perturbation onset time. However, for one participant, one trial (175ms)
is missing due to data acquisition issues, leaving one trial for analysis. For the
last perturbation onset time (300ms), 38% of the total amount of steps for all
participants had to be removed, because swing times were shorter than 550ms.
Still, at least 30 steps were included for the analysis for each participant at each
perturbation onset time.

The applied perturbations led to more hip flexion during and after the per-
turbation irrespective of when it was applied (Figure 2.6 and 2.7). No differences
between the unperturbed and perturbed joint angles were observed before the
perturbation, the largest difference occurred around 150ms after the perturba-
tion onset. About 400ms after the perturbation onset, the perturbed joint angle
trajectories returned to the unperturbed ones.
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Figure 2.6: Measured torques and hip joint angles for the perturbed and unperturbed
steps during the swing phase (0ms is at the start of the swing phase). The positive axes
indicate a flexion torque/angle. Each column shows the results for one perturbation onset
point and the analyzed window is indicated with a grey box. The vertical line indicates
the beginning of the perturbation. The differences between the perturbed and unperturbed
torques and hip joint angles were used to estimate joint impedance and calculate the model
angle shown in Figure 2.7.

The difference between the measured angle and the model angle calculated
with the estimated parameters was low (Figures 2.7 and 2.8, maximum RMSE of
2.24·10-3rad). For all parameters (I, B, K), some variability was found between
participants and perturbation onset times (Figure 2.8). Especially the results for
the apparent hip joint stiffness (K) varied between participants: on average the
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lowest apparent stiffness was found for a perturbation onset at 175ms, while two
participants had the largest apparent stiffness at that point. In addition, a slight
decrease in inertia (I) was found for later perturbation onsets. The damping (B)
was lowest for the perturbation at 50ms and slightly higher for later perturbation
onset times.
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Figure 2.7: Differences in the torques and hip joint angles (between perturbed and un-
perturbed steps), and model hip joint angles. The vertical line indicates the beginning
of the perturbation. On the x-axis, 0ms is at the start of the swing phase and only the
analyzed window (grey box in Figure 2.6) is shown for each perturbation onset point.

2.4.4 Sensitivity analysis of estimated joint impedance results

To assess sensitivity of the model hip joint angles to changes in the identified pa-
rameters, each parameter was varied by ±20% of the best fit. Each parameter
influenced the response to the torque perturbations in a unique way (Figure 2.9).
The error between measured and model joint angle clearly increased when the pa-
rameters were varied compared with the best fit. The inertia influenced the whole
response, while the effect of damping and stiffness was mostly visible between 150
and 250ms after the start of the perturbation.

2.5 Discussion

The goal of our study was two-fold: 1. to develop and evaluate a lower limb
perturbator (LOPER) to estimate the apparent hip joint stiffness during walking;
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Figure 2.8: Estimated apparent inertia (I), damping (B), and stiffness (K) of the hip,
and RMSE between the measured and model hip angle. The black line with markers
indicates the average across all participants. Each grey line with markers shows the
results for one participant.

and 2. to obtain a first estimate of hip joint impedance at different time points
during the swing phase in healthy volunteers.

2.5.1 Performance of the device

The developed device, LOPER, fulfills all requirements needed to identify apparent
hip joint impedance during the swing phase. LOPER obtained a force bandwidth
of 39Hz when forces were applied to a free-hanging leg while the participant stood
on the contralateral leg. The bandwidth is much higher than the reported band-
width of the hip impedance (<10Hz) [12] and therefore sufficient for estimating
hip mechanical properties. The mechanical design, where forces are transmitted
to the upper leg using rods, did not restrict the motions of the hip during walking.
Moreover, due to the high bandwidth and low interaction forces, LOPER had a
negligible effect on the walking pattern. This was also proven by the small average
differences in joint angles between walking without and with LOPER in minimal
impedance mode. Walking with the LOPER resulted in a more gradual swing, i.e.
less acceleration in the beginning of the swing phase. In the future, controllers
that take into account the cyclic behaviour of walking could be used to further
increase transparency [30] and reduce this effect.

2.5.2 Joint impedance during swing phase

We obtained first estimates of apparent hip joint impedance at different time points
during the swing phase by applying perturbations with LOPER. The magnitudes
of the estimated apparent hip joint stiffness and damping (average stiffness for the
different onset times 105-139Nm/rad and damping 3-6Nms/rad) were in the range
of previously found values in static positions (average stiffness 50-450Nm/rad and
damping 6-19Nms/rad [11], [12]). The values we found are on the lower side of
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Figure 2.9: Effects of varying the parameters of the 2nd order model on the model joint
angles for one representative condition (one participant, perturbation at 175ms). The
vertical lines indicate the beginning of the perturbation. Each parameter (I, B, K) was
varied separately, using a factor 0.8 or 1.2 times the best fit of the parameter (Figure
2.8).

this range which could be expected as during the swing phase muscle activity will
be low. Participants in previous studies were asked to keep the leg in a specific
position [12] or apply a force [11] which can result in a larger muscle activation.
Our study is the first study that determined apparent hip joint impedance during
walking. A direct comparison with the impedance estimates obtained in static
situations is hampered by the fact that joint angles and muscle activity are different
during walking [11]–[13].

Comparing estimates for the inertia with other studies is difficult, as the esti-
mated inertia depends on the experimental setup and body configuration. Various
body segments can influence the estimated inertia. This is probably also the rea-
son for the large differences in inertia estimates between our study (average 0.48
to 0.86kgm2) and a previous study (3.5kgm2) [31]. In the previous study, measure-
ments were performed on a hanging leg while the participant was wearing a brace
that kept the knee in an extended position [31]. The estimated inertia was close to
the inertia of the entire leg based on an anatomical model (3.5kgm2) [32]. In con-
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trast to this, our estimated inertia during walking was more similar to the inertia
of the upper leg (0.34kgm2 for the average weight and length of our participants)
than to the inertia of the whole leg (2.76kgm2) [32]. During swing phase, knee
stiffness is relatively low and therefore our inertia estimates are mainly influenced
by the inertia of the upper leg.

Our results illustrated the challenges of determining time-varying behaviour of
the hip joint impedance. The response time after applying a pulse-like perturba-
tion at the upper leg is longer than at the ankle [8], mainly due to the large inertia
of the upper-leg compared to the foot. Consequently, large time windows are re-
quired to identify each parameter (inertia, damping, stiffness) from the response.
This limits the ability to assess fast time-varying behaviour, as our parameter esti-
mation approach assumed parameters to be constant within the analysis window.

2.5.3 Limitations

Limitations of the LOPER are the relatively large overshoots for the step responses
and that the desired steady-state values are not fully reached. This can be a
limiting factor for studies that aim to get a more detailed understanding of joint
impedance and underlying physiology. In this case, either the control algorithm of
the device needs to be improved or the exact influence of these limitations needs
to be further investigated.

Another limitation of our study is that the obtained estimates are not estimates
of the ‘pure’ hip joint impedance, because the estimates were influenced by the
dynamics of the entire leg. For example, the parameters could be influenced by
changes of the knee angle, knee stiffness and/or biarticular muscles spanning the
hip and knee joint. In addition, the dynamics of the connection between the
human and the device, and the effect of gravity were not modelled and might have
influenced impedance estimates. Initial rough estimates based on the strap stiffness
from [12] indicate that hip joint stiffness might have been underestimated by about
15Nm/rad due to the properties of the connection. In addition, initial rough
estimates based on an anatomical model from [32] and our measured joint angles
show that the contribution of the gravitational stiffness to the estimated apparent
hip joint stiffness was approximately 35Nm/rad. However, more detailed analyses
are needed to determine the exact magnitude of these different contributions to
the estimated apparent hip joint impedance.

2.5.4 Future directions

In the future, the device and analysis methods should be extended to address the
above mentioned limitations in order to determine ‘pure’ hip joint impedance, e.g.
not including dynamics of the entire leg, as well as knee joint impedance. For
this purpose, another actuator has to be added that is able to apply perturbations
to both lower and upper leg simultaneously. Multi-input multi-output (MIMO)
techniques should be used to determine hip and knee joint impedance as well as
possible interactions between the joints, e.g. due to biarticular muscles [12].

Furthermore, the measurements of the hip and knee joint impedance should be
extended to the stance phase, which has already been done for the ankle joint [8],
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[10]. This results in additional requirements for the device and analysis methods.
First, larger forces need to be applied during stance phase to result in similar
changes in joint angles, e.g. due to weight bearing and an expected larger joint
stiffness in the stance phase [33]. Second, perturbations during stance phase might
have larger influences on the walking pattern, e.g. disturbing balance.

The presented methods allow for identifying joint impedance in people with
neurological disorders, e.g. stroke, spinal cord injury, to gain a better understand-
ing of their impaired walking ability. However, applying these methods in people
with neurological disorders will pose additional challenges. People with neurolog-
ical impairments can have problems following the metronome leading to a larger
gait variability [34]. This larger gait variability can increase the difficulty of timing
the perturbations consistently and could influence the responses to perturbations.
In addition, impairments, e.g. spasticity or hypertonia, can result in an increased
joint stiffness [5], [35]. Therefore, larger forces might be needed to bring about
clear changes in joint angles in people with neurological disorders.

More insight about mechanical properties of the hip under different walking
conditions could be achieved by determining joint impedance at higher walking
speeds. However, currently it is difficult to estimate fast time-varying changes. At
a low walking speed (0.5m/s) the impedance estimates for the three perturbation
onset times were determined based on analysis time windows that overlapped. The
overlap could not be prevented as the required time windows for the analysis were
relatively large (300ms) compared to the total swing phase (about 550ms). For
higher walking speeds, swing time is shorter and this issue becomes even more ev-
ident. Previously, more advanced system identification algorithms were developed
to determine time-varying joint impedance [36]. These methods were used for
slow time-varying behaviour (0.05Hz) of the wrist joint. Further developments are
needed to possibly make these algorithms suitable for estimations of time-varying
joint impedance during walking.

2.6 Conclusion

We developed a lower limb perturbator (LOPER) with a high bandwidth and
negligible effects on the walking pattern that can be used to estimate hip joint
impedance during the swing phase. With LOPER, we were able to obtain first
estimates of apparent hip joint impedance during walking.

Although there are still challenges to overcome, methods to determine joint
impedance during walking are relevant for the development of robotic gait trainers
and assistive devices for people with neurological impairments. Moreover, assess-
ment of joint impedance in people with neurological impairments can be used to
develop training protocols and track progress during therapy.
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Abstract

Robotic gait training is a promising tool for gait rehabilitation in people with
neurological disorders. Personalizing the applied robotic assistance based on ob-
jective assessments is expected to further improve therapy outcomes. Here we
present a novel controller which automatically adjusts robotic assistance based on
users’ performance for diverse subtasks of gait (e.g. foot clearance, preposition-
ing). The resulting amount of assistance applied by this automatically-tuned (AT)
controller could serve as an assessment tool, e.g. for monitoring progress during
therapy. However, during training, factors such as walking speed and/or partial
body weight support (PBWS) might vary. The performance criteria of an assess-
ment tool should not depend on these factors to result in a reliable assessment. We
took a first step in evaluating the potential of the AT controller as an assessment
tool. Ten healthy participants walked in the LOPES II robotic gait trainer, with
assistance applied by the AT controller, at various walking speeds and levels of
PBWS. We evaluated the effect of walking speed and PBWS on performances for
all subtasks and the amount of assistance that was applied by the AT controller.
Performances for all subtasks were dependent on the amount of PBWS. For two
of five subtasks, performances were also influenced by walking speed. For most
subtasks, most participants did not receive assistance as they were performing
well. The assistance applied by the AT controller cannot directly be used as an
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assessment tool, e.g. to compare between participants. However, it has potential
to be used for monitoring progress within patients when the amount of PBWS
and the walking speed are kept constant. Future studies will be focused on further
testing the AT controller in people with neurological disorders to determine its
potential as a therapeutic and monitoring tool.

3.1 Introduction

Robotic gait trainers have been developed in recent decades to improve gait re-
habilitation after neurological disorders such as stroke, spinal cord injury (SCI)
or cerebral palsy (CP) [1]–[5]. Robot-assisted gait training (RAGT) shows some
promising advantages compared to conventional therapy, since it can be applied
in an intensive, controlled, repetitive and task-specific way. This can lead to neu-
ral plasticity and improve motor learning [6]. However, RAGT should be further
optimized to increase its effectiveness, enhance motor learning and improve re-
covery [5], [6]. Personalized assistance, based on objective measurements might
improve therapy outcomes after RAGT. In addition, we expect that robotic gait
trainers can be valuable tools not only for therapy, but also to include objective
assessments of gait in RAGT.

The minimal amount of assistance that a user needs to walk in a robotic gait
trainer can be used as a measure of walking function [7]. For example, a high
amount of assistance would be an indication of walking deficiencies. Maggioni et
al. [8] developed an algorithm that automatically adapted assistance based on
users’ performance. However, this algorithm adjusts assistance for 30 bins of the
gait cycle and does not take into account functional aspects of gait. Meuleman
et al. [2] implemented a controller that is related to functional aspects of gait
(also called subtasks). Robotic assistance can be provided for these specific sub-
tasks (e.g. foot clearance, stability during stance, step length), which are often
related to impairments after neurological disorders. This controller might also
be used to assess walking function. However, in the first implementation [2], the
physical therapist has to set the amount of assistance required for each subtask,
which means that the assistance is not automatically adjusted based on users’
performance within a session.

This contribution presents a novel controller that automatically adapts robotic
assistance for diverse subtasks of gait based on users’ performances for each sub-
task. Walking speed and partial body weight support (PBWS) often change during
therapy and might be confounding factors when the assistance is used as an out-
come measure. As a first step to determine the feasibility of the AT controller
as an assessment tool, we determine the effects of walking speed and PBWS on
subtask performance as well as on the assistance applied by the AT algorithm.
The controller is evaluated using the LOPES II gait trainer [2], but it could also
be used for other robotic gait trainers.
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3.2 Methods

3.2.1 Robotic device

LOPES II is a treadmill-based, admittance-controlled robotic gait trainer that has
eight actuated degrees of freedom (hip flexion/extension, hip abduction/adduction,
knee flexion/extension, pelvis forward/backward and pelvis mediolateral) to con-
trol the motion of the lower limbs and pelvis [2]. The device is currently controlled
through a graphical user interface in which the operator can manually adjust the
level of robotic assistance for several subtasks of gait presented in [2] (i.e. leading
limb angle, trailing limb angle, foot clearance, stability during stance, preposi-
tioning and weight shift). For each subtask, the assistance provided by LOPES
II can be scaled from no support (minimal impedance mode) to 100% support.
These settings are currently constant during a therapy session unless the therapist
changes it.

3.2.2 Performance-based adaptive controller for diverse subtasks of
walking

The new performance-based automatically-tuned (AT) controller is shown in Fig-
ure 3.1. It is focused on movements in the sagittal plane since this is the dominant
plane of motion for human walking. Movements were evaluated for hip and knee
joints, and classified into five subtasks of walking for each leg [2]: foot clearance,
stability during stance, prepositioning, and leading and trailing limb angle (Table
3.1). The AT controller adjusts the robotic assistance per subtask based on user’s
performance during previous steps. In this study the previous three steps are used
for the evaluation.

Table 3.1: Subtasks, supported movements, key point locations and upper and lower
bounds that were used to adjust assistance levels (see also Figure 3.1 and Equations 3.1
and 3.2).

Subtask Supported move-
ment (gain)

Key point location Lower
bound
(deg.)

Upper
bound
(deg.)

Foot clearance Knee flexion (-1) Maximal knee flex-
ion

4.91 8.19

Stability during
stance

Knee extension
stance (+1)

Knee weight accep-
tance

2.86 4.77

Prepositioning Knee extension
and hip flexion late
swing (+1)

Maximal knee ex-
tension late swing

3.44 5.73

Leading limb
angle

Hip flexion (-1) Maximal hip flexion 2.86 4.77

Trailing limb
angle

Hip extension (+1) Maximal hip exten-
sion

2.46 4.09

Subtask-based errors were determined by evaluating the differences between a
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Figure 3.1: Overview of the AT controller. User’s performance is evaluated based on
the differences between measured (θmeas) and reference (θref ) joint angles at some ‘key
points’ of the gait cycle (deviations at black dots in ‘Performance-based evaluation’ box).
The errors per subtask are compared to thresholds (upper and lower bound according to
Equations 3.2) after a specific number of steps (nSteps). Based on this, a new level of
assistance (klevel,j from 0% to 100%) is applied for each subtask. Specific assistance
profiles are applied by the robotic gait trainer for each subtask (green lines in ‘Subtask-
based profiles’ box). The assistance is tuned for each leg separately.

reference pattern and the measured joint angles at specific key points of the gait
cycle for each leg separately (‘Performance-based evaluation’ box in Figure 3.1):

Errorj = Gj

∑n
i=1(θmeas,j)i −

∑n
i=1(θref,j)i

n
(3.1)

where j is the subtask that is evaluated, and θref and θmeas (expressed in degrees)
are the reference and measured angles at the subtask-specific key points (Table
3.1). These angles are determined for each step i and averaged over a specific
number of steps (nSteps = 3 in this study). Gj is a subtask-specific gain (Table
3.1). Gains are negative or positive depending on the supported movement (flexion
and extension respectively). Users’ performance was penalized if they did not reach
the reference pattern, but not if they overcame it. We assumed that exceeding the
reference trajectory would not be detrimental. For example, for the foot clearance
subtask, not enough knee flexion (i.e. too much extension) is a common problem
after stroke and SCI and results in a positive error for our controller. Assistance
was increased if this error was too large (see next paragraph), to prevent that the
toes hit the floor during swing phase. In contrast to this, too much knee flexion
was not penalized as this also prevents that the toes prematurely hit the ground.

The error for each subtask j was compared to a selected lower and upper bound
in order to update the robotic assistance per subtask (kj). The lower and upper
bounds (Table 3.1) are based on pilot experiments in healthy participants walking
in LOPES II. The assistance can be affected in different ways (Equations 3.2):
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First, if the error is lower than the lower bound, the assistance is decreased. Sec-
ond, if the error is larger than the upper bound, the assistance is increased. If the
error is in between the lower and upper bound, assistance remains constant. The
robotic assistance is classified into six discrete levels of support (from 0 to 100%
with steps of 20%). We considered this number of levels enough to provide the
needed assistance. Also it is easier to interpret the outcomes when the controller is
used for assessment. Assistance levels per subtask go either one level up or down
or remain constant based on Equations 3.2:

Errorj < LowerBoundj ⇒↓ klevel,j
Errorj > UpperBoundj ⇒↑ klevel,j

else⇒ constant klevel,j

(3.2)

The subtask-specific control is achieved by using the different assistance pro-
files (see green lines in the ‘Subtask-based profiles’ box of Figure 3.1). The peak
amplitude is changed based on the chosen assistance level. Any combination of
assistance profiles is possible. The resulting assistance is the sum of all different
assistance profiles.

3.2.3 Preliminary implementation

Walking speed and PBWS are two parameters that often change during gait train-
ing in people with neurological disorders. These variations could become confound-
ing factors for assessment, and hamper reliable measurements of walking function
[9], [10]. It is crucial to understand the effects of walking speed and PBWS on the
behaviour of our AT controller in order to evaluate the feasibility of the controller
for the assessment of walking function. The following sections present the imple-
mentation of the previously described AT controller with ten healthy participants
who walked in the LOPES II gait trainer at various walking speeds and levels of
PBWS.

Participants

Ten volunteers without neurological, muscular or orthopaedic impairments par-
ticipated in this study (seven male, three female, weight 72.79±12.11 kg; height
1.80±0.07 m; and age 26.3±2.36 years). The protocol was approved by the Medical
Ethical Committee Twente (The Netherlands). All participants received written
and verbal information about the experiment and gave written informed consent.

Protocol

LOPES II was fitted to each user and attached to the user’s lower legs and feet.
Subsequently, the harness was fixed to the pelvis and trunk to provide fall protec-
tion and PBWS.

The protocol consisted of 10 trials (T0-T9) (Table 3.2). Participants were
asked to walk as normal as possible during all trials. First, participants walked
at 0.3 m/s without robotic assistance and no PBWS to become used to walking
in LOPES II (T0). The order of the other trials (T1-T9) was randomized for
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each participant, considering every possible combination of three walking speeds
(0.2, 0.4 and 0.6 m/s) and three levels of PBWS (0%, 20% and 40%). In all of
these trials, participants walked for 1.5 minutes in minimal impedance mode (no
assistance), followed without breaks by 3 minutes in which the AT controller was
turned on. Subjects did not receive any information on the provided assistance to
minimize bias.

Table 3.2: Overview of trials to test the effects of walking speed and PBWS on the
behaviour of the adaptive controller. All trials started with walking in minimal impedance
mode. For T1-T9 this was followed by 3 minutes walking with the AT controller.

Trial Speed (m/s) PBWS (%) Minimal
impedance
(min.)

AT con-
troller on
(min.)

T0 0.3 0 5 -
T1 0.2 0 1.5 3
T2 0.2 20 1.5 3
T3 0.2 40 1.5 3
T4 0.4 0 1.5 3
T5 0.4 20 1.5 3
T6 0.4 40 1.5 3
T7 0.6 0 1.5 3
T8 0.6 20 1.5 3
T9 0.6 40 1.5 3

Analysis

Hip and knee joint angles, step length, users’ errors and received robotic assistance
were analysed for the above-mentioned subtasks of gait, and compared between
the various walking speeds and amounts of PBWS.

We conducted statistical analyses using IBM SPSS Statistics v.23 (IBM, United
States). We applied two-way repeated measures ANOVA to evaluate differences
in the errors per subtask for the SPEED (3 levels) and PBWS (3 levels) during
minimal impedance mode (no assistance). This period without assistance was
chosen to avoid influences of the robotic assistance on natural users’ errors. Pair-
wise comparisons with Bonferroni corrections were applied for all main effects and
interactions that were significant for the repeated measures ANOVA.

3.3 Results

As the experiments were performed on healthy participants, similar results were
found for both legs. Therefore, in this section, we only show the results for the
participants’ right legs.
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3.3.1 Effects of PBWS on kinematics

Since the reference gait trajectories for LOPES II were only adjusted based on
walking speed but not for PBWS [11], we focused on differences in kinematics
between the different levels of PBWS. Maximal hip flexion and extension angles
decreased when the amount of PBWS increased while walking at 0.4 m/s (hip
joint in Figure 3.2). Similar results were found for the other walking speeds.
These decrements in maximal hip flexion and extension resulted in a shorter step
length for larger amounts of PBWS (Figure 3.3). For the knee joint, we found a
decrease in the knee flexion peak for an increased amount of PBWS (Figure 3.2).
In contrast, more knee extension at heel strike was achieved for larger amounts of
PBWS.
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Figure 3.2: Effects of various amounts of PBWS on mean joint angles for ten healthy
users walking at 0.4m/s when no robotic assistance was provided. Black dots indicate key
points for each subtask.
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Figure 3.4: Examples of errors for right trailing limb angle determined with Equation
3.2 in ten healthy users walking in two situations: i) when no robotic assistance is applied
(unfilled blue boxes, (a) and (c)), and ii) when the performance-based controller applied
robotic assistance (filled blue boxes, (b) and (d)). The applied robotic assistance is repre-
sented in % (red boxes). (a) and (b) represent an example of the effects of various levels
of PBWS when the speed is maintained constant. Meanwhile, (c) and (d) show the effects
of various walking speeds when the PBWS is kept constant.

3.3.2 Effects of walking speed and PBWS on the performance without
robotic assistance

The changes in joint angles when no robotic assistance was applied also led to
changes in the errors calculated with Equation 3.1. Errors for leading and trailing
limb angle (hip flexion and extension) and foot clearance (knee flexion) increased
when PBWS increased. In contrast, errors decreased for prepositioning and sta-
bility during stance (knee extension) when more PBWS was applied. Two-way
repeated measures ANOVA confirmed significant effects of PBWS for all subtask-
based errors (Table 3.3). Moreover, two of five subtasks also showed significant
effects of walking speed. As an example, the unfilled boxplots of Figure 3.4 show
the changes of user’s errors for trailing limb angle when no robotic assistance was
provided in two different cases: i) constant speed, varying PBWS (Figure 3.4a),
and ii) constant PBWS, varying speed (Figure 3.4c).

Pairwise comparisons showed the following significant differences (p<0.05) for
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Table 3.3: P-values for the two-way repeated measures ANOVA on performances without
assistance for each subtask of gait. * indicates significant differences with p-value <0.05,
and ** significant differences with p-value <0.001.

Subtask SPEED PBWS SPEED*PBWS
Foot clearance 0.799 0.018* 0.525
Stability during
stance

0.023* 0.021* 0.085

Prepositioning 0.261 0.004* 0.748
Leading limb
angle

0.451 0.000** 0.057

Trailing limb
angle

0.003* 0.000** 0.714

PBWS: between 0% and 20%: leading limb angle (p=0.001) and trailing limb an-
gle (p=0.040), foot clearance (p=0.019) and stability during stance (p=0.032);
between 0% and 40%: leading limb angle (p=0.001) and trailing limb angle
(p=0.033), foot clearance (p=0.038) and prepositioning (p=0.016); and between
20% and 40%: leading limb angle (p=0.003) and prepositioning (p=0.024). In
case of walking speed, significant differences (p<0.05) in performances were found
between 0.2 m/s and 0.6 m/s for trailing limb angle (p=0.033); and between 0.2
m/s and 0.4 m/s for stability during stance (p=0.005) and trailing limb angle
(p=0.040).

3.3.3 Effects of walking speed and PBWS on the assistance applied by
the AT controller

As expected, healthy participants did not receive robotic assistance in most of
the cases because their error was lower than the threshold (lower bound). For
this reason, medians of robotic assistance were close to zero for most trials (see
the example of robotic assistance received for trailing limb angle, red boxplots in
Figure 3.4).

Only the errors of some subtasks in a limited number of participants and con-
ditions was larger than the selected upper bounds. In these cases, the controller
increased the robotic assistance that was provided to the users (see red boxplots
in Figure 3.4) to improve gait performance per subtask (blue boxplots in Figure
3.4). This robotic assistance was affected by changes of PBWS (e.g. Figure 3.4b)
and changes of walking speed (e.g. Figure 3.4d). Although Figure 3.4 only shows
the results for trailing limb angle, similar outcomes were found for other subtasks
of gait.

3.4 Discussion and conclusion

We described a new controller that can automatically adapt the assistance that
a robotic gait trainer applies based on users’ performance during walking. A
major advantage of this AT controller is that it can adjust the required assistance
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autonomously and independently per subtask of gait. In addition to this, it has
the potential to result in challenging gait training because the assistance changes
within a session based on users’ performance.

To determine the feasibility of our controller as an assessment tool, the effect
of PBWS and walking speed on walking performance was tested in ten healthy
participants who walked in LOPES II at various walking speeds and levels of
PBWS. We found that users’ gait performances (i.e. errors) were significantly
affected by the amount of PBWS for all subtasks of gait when participants did
not receive robotic assistance. This is in agreement with previous studies about
changes in kinematics when PBWS was applied [9], [10]. However, these previous
studies found less relevant changes in performance for PBWS lower than 50%. A
possible reason for this might be that participants in our study walked in LOPES
II, while participants in other studies walked freely on a treadmill [10] or in the
Lokomat gait trainer [9]. These devices could influence the walking pattern and
changes at various PBWS levels in a different way.

Although reference gait patterns of LOPES II were adjusted based on walking
speed [11], effects of speed on users’ performances were also significant for two
of the five subtasks (stability during stance and trailing limb angle). A possible
reason for this is that reference trajectories for LOPES II were determined based
on free treadmill walking (without exoskeleton) [11]. As LOPES II is not perfectly
transparent [2], the robot might have influenced the way that users adapted their
walking patterns at specific walking speeds.

Our results indicated that the AT controller cannot directly be used as an
assessment tool (e.g. to compare between patients) as the performances were de-
pendent on the levels of PBWS and walking speed. Changes in performance and
assistance during therapy might be falsely attributed to changes in patients’ ca-
pacities whereas they are actually caused by changes in PBWS or walking speed.
This means that we either need to control for PBWS and walking speed when mak-
ing comparisons within patients, or we need to improve our reference trajectories
including the dependencies on PBWS. However, in the latter aspect, it might be
difficult to do this, as we already incorporated the speed dependencies and we
still saw effects of speed in our results. Nevertheless, our AT controller could be
used as a tool to monitor progress during therapy, at constant PBWS and walking
speed, and to improve RAGT by helping therapists to tailor the training to the
capacities of a specific patient.

Experiments with the AT controller showed that the controller gave good re-
sponses and robotic assistance was adapted if needed. As expected, most partic-
ipants did not receive much robotic assistance, as their performances were larger
than the selected threshold. Further experiments in people with neurological dis-
orders are needed to evaluate the performance of the controller. In future studies,
the adaptive controller will be tested in people with neurological disorders to get
more insight into its capacities as a monitoring tool during therapy, and as a
therapeutic tool after neurological disorders.
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Chapter 4

Automatic versus manual tuning of

robot-assisted gait training in people

with neurological disorders

S.S. Fricke, C. Bayón, H. van der Kooij, E.H.F. van Asseldonk
This chapter was published in Journal of NeuroEngineering and Rehabilitation,
2020, 17:9.

Abstract

In clinical practice, therapists choose the amount of assistance for robot-assisted
training. This can result in outcomes that are influenced by subjective decisions,
and tuning of training parameters can be time-consuming. Therefore, various
algorithms to automatically tune the assistance have been developed. However, the
assistance applied by these algorithms has not been directly compared to manually-
tuned assistance yet. In this study, we focused on subtask-based assistance and
compared automatically-tuned (AT) robotic assistance with manually-tuned (MT)
robotic assistance.

Ten people with neurological disorders (six stroke, four spinal cord injury)
walked in the LOPES II gait trainer with AT and MT assistance. In both cases,
assistance was adjusted separately for various subtasks of walking (in this study
defined as control of: weight shift, lateral foot placement, trailing and leading
limb angle, prepositioning, stability during stance, foot clearance). For the MT
approach, robotic assistance was tuned by an experienced therapist and for the
AT approach an algorithm that adjusted the assistance based on performances for
the different subtasks was used. Time needed to tune the assistance, assistance
levels and deviations from reference trajectories were compared between both ap-
proaches. In addition, participants evaluated safety, comfort, effect and amount
of assistance for the AT and MT approach.

For the AT algorithm, stable assistance levels were reached quicker than for the
MT approach. Considerable differences in the assistance per subtask provided by
the two approaches were found. The amount of assistance was more often higher
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for the MT approach than for the AT approach. Despite this, the largest deviations
from the reference trajectories were found for the MT algorithm. Participants did
not clearly prefer one approach over the other regarding safety, comfort, effect and
amount of assistance.

Automatic tuning had the following advantages compared to manual tuning:
quicker tuning of the assistance, lower assistance levels, separate tuning of each
subtask and good performance for all subtasks. Future clinical trials need to show
whether these apparent advantages result in better clinical outcomes.

4.1 Introduction

Robot-assisted gait training (RAGT) is a promising technique for rehabilitation
after neurological disorders such as stroke or spinal cord injury (SCI). RAGT can
be used to provide intensive, repetitive and task-specific training, while it also
contributes to reduce physical load for therapists [1]. Reviews of previous studies
have shown that RAGT can increase the likelihood that people walk independently
after stroke, and that it is most effective in the acute phase after stroke/SCI and in
the most impaired patients [2], [3]. However, those results should be handled with
some care as differences in patient groups, robotic gait trainers, protocol guidelines
and control algorithms can largely affect the outcomes [2], [4].

Regarding protocol guidelines and control algorithms, it has to be considered
that the amount of assistance that the robotic gait trainers provide to the users
is often manually tuned by therapists or cannot be changed [5]–[7]. Therapists
mainly base their decisions on visual assessments of the patient, which means that
training outcomes can be influenced by subjective decisions. Some studies address
this issue by defining guidelines on how to set the assistance [6]–[9]. However,
these guidelines are often not really specific and require experienced therapists to
adjust training parameters.

Therapists might have difficulties while tuning the assistance for RAGT com-
pared to manually assisted gait training (where therapists use their hands to move
patient’s legs) due to two main reasons. First, in RAGT, therapists cannot directly
feel the assistance that is being applied, and have to rely on other feedback (e.g. vi-
sual assessment of the patient) to choose the best assistance for the patient’s needs.
Second, the large number of parameters to tune the provided amount/timing of as-
sistance [10], makes it difficult and time-consuming to manually change them while
observing the patient [4]. Therefore, manually-tuned controllers that are currently
used for therapy have their limitations in tailoring therapy to the patients’ needs.

To objectively and quickly tune the robotic assistance and to promote ac-
tive participation of the patient, various algorithms that automatically adjust the
amount of robotic assistance for lower limbs [11]–[21] or upper limbs [22]–[26] have
been developed. Some of these algorithms gradually adapt the assistance based
on an error compared to a reference trajectory and a forgetting factor [13], [14],
[16], [21]. Others use reference trajectories (e.g. for the hip and knee angle dur-
ing walking) with an (adaptive) virtual tunnel around these trajectories [11], [12],
[25]. Forces are applied by the device to prevent that the user moves out of the
tunnel (i.e. too large deviations of joint angles compared to the reference trajec-
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tories). Most of these algorithms can tune the robotic assistance automatically
and quickly at a joint level for each percentage of the gait cycle. However, they
do not explicitly consider the different subtasks of walking (in this study defined
as control of: weight shift, lateral foot placement, trailing and leading limb angle,
prepositioning, stability during stance, foot clearance) [10], [27]–[30].

We previously developed an algorithm that is focused on these functional sub-
tasks of gait and automatically tunes the amount of robotic assistance for each
subtask based on the user’s performance during walking [15], [31]. This algorithm
is designed to tune the assistance in a similar way as therapists would like to
tune robotic assistance: judging which subtasks of gait are affected and applying
assistance for these subtasks [32].

So far, automatically-tuned (AT) algorithms have mainly been evaluated in
single sessions (e.g. effect on kinematics or EMG) [12], [16] or studies with a low
number of participants [11], [33] while various larger clinical studies compared
manually-tuned (MT) RAGT to conventional physical therapy [2]. As far as we
know, the amount of robotic assistance applied by an AT algorithm has not been
compared yet to the settings that a therapist would use and it is unknown how
these two approaches affect rehabilitation in people with neurological disorders.

In the present, exploratory study, as a first step in getting more insight into
the effect of MT and AT robotic assistance, we compare two different approaches
for tuning robotic assistance by using the LOPES II gait trainer [10]: 1. subtask-
based assistance set by an experienced therapist (manually-tuned, MT); and 2.
subtask-based assistance set by our above-mentioned algorithm (automatically-
tuned, AT) [15], [31]. By performing this comparison, we expect to answer the
following questions: 1. How is the assistance tuned by the MT and AT approaches?
(e.g. how long does it take to tune the assistance?); 2. Which final assistance levels
are chosen for the MT and AT approach?; 3. How do these assistance levels affect
deviations from the reference trajectories at specific evaluation points for each
subtask (e.g. maximal hip and knee flexion)?; 4. Do the participants prefer one
of the approaches over the other one regarding safety, comfort, effect and amount
assistance?

The results from this study give more insight into how the two approaches, AT
and MT assistance, affect RAGT and may be used to further optimize robot-based
rehabilitation of patients with neurological disorders.

4.2 Methods

4.2.1 Participants

Six stroke survivors and four people with incomplete SCI, all in the chronic phase
(>6 months after injury), participated in this study (7 male, age 53 ± 17 years,
weight 78 ± 12 kg, height 1.76 ± 0.12 m). An overview of the participants’
characteristics can be found in Table 4.1. Inclusion criteria used in this study
were 1. age>18 years, 2. a stable medical condition, 3. a physical condition which
allowed for 3 minutes of supported walking, 4. sufficient cognitive abilities to follow
the instructions and report any discomfort, 5. time since stroke/SCI>6 months.
People with other orthopedic or neurological disorders or cardiac conditions that
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could be affected by physical load were excluded.
The experiments were approved by the local medical ethical committee (METC

Twente) in accordance with the guidelines of the Declaration of Helsinki. All
participants received oral and written information about the experiments and gave
written informed consent prior to the start of the experiments.

4.2.2 Robotic gait trainer

LOPES II (LOwer extremity Powered ExoSkeleton II) was used to evaluate the AT
and MT approach in this study. LOPES II is a gait trainer consisting of push-pull
rods which are attached to the pelvis and lower limbs of the user [10]. LOPES
II can provide assistance for eight degrees of freedom (DOFs) (pelvis front/back,
pelvis left/right, hip flexion/extension, hip abduction/adduction and knee flex-
ion/extension) while the user is walking on an instrumented treadmill. LOPES
II is an admittance-controlled device and the amount of robotic assistance can
be set from minimal impedance (transparent mode, minimizing interaction forces
between the device and human) to full assistance (mimicking position control).
When applying assistance, LOPES II can move the user along different reference
trajectories. The reference trajectories are defined for each DOF and are based on
a data set from healthy elderly subjects [34]. The exact amount of force/torque
that is applied to move the user along the reference trajectories depends on: 1.
deviations from the reference trajectories and 2. stiffness K of virtual springs with
equilibrium positions on the reference trajectories. This virtual spring stiffness K
can be calculated with the following equation for each DOF (j) and each instant (i

in %) of the gait cycle: Kj,i = Kmax,j(
Gj,i

100 )2. Kmax,j is a maximal stiffness that
is defined for each DOF of LOPES II (see [10]) and Gj,i is the desired assistance
that is either MT or AT in this study. More details about the design and control
of LOPES II can be found in [10].

Subtask-based assistance

The gait cycle was divided into various subtasks that are relevant for walking [10]
(see Table 4.2 for an overview of the subtasks). Specific assistance profiles were
used to assist when needed only at the portion of the gait cycle corresponding
to each specific subtask (see Table 4.2). The subtask-based assistance could be
adjusted individually, and separately for each leg. For example, left hip flexion
could be assisted during swing to improve the leading limb angle on that side, while
all other subtasks were in minimal impedance mode. As previously indicated, the
assistance for each subtask was either chosen by a therapist (MT) or automatically
calculated by the algorithm described below.

Manually-tuned (MT) assistance

A graphical user interface (GUI) was used by an experienced physical therapist to
set the amount of robotic assistance [10] (see Figure 4.1). The GUI consisted of
one main tab and one tab for each subtask. The subtask-based assistance could
be adjusted individually with a minimal change of 10% by using a slider in the
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Table 4.1: Overview of participant characteristics, clinical scores and settings for LOPES II. ID: identification code used for each specific
participant, 10MWT: 10 meter walking test, FAC: functional ambulation scale, FMA: Fugl-Meyer assessment (lower extremity), MI:
Motricity index (lower extremity), AFO: ankle foot orthosis, Str..: participants with stroke, SCI..: participants with SCI.

ID Gender Age Time
post
stroke/SCI
(years)

More
af-
fected
leg

Level
SCI

10MWT
(km/h)

Assistive
device(s)
used during
10MWT

FAC FMA MI Walking
speed in
LOPES
II (km/h)

Toe-
lifter in
LOPES
II

Str1 m 53 1 r n.a. 1.9 cane, AFO 4 13 28 1.5 yes
Str2 f 63 5 l n.a. 2.1 cane 5 33 83 2.0 no
Str3 m 60 2 l n.a. 2.4 cane, AFO 5 19 42 1.5 yes
Str4 m 33 10 r n.a. 3.1 none 5 25 67 1.4 no
Str5 m 74 4 r n.a. 4.1 none 5 31 91 1.7 no
Str6 f 74 6 r n.a. 3.0 none 5 24 58 1.5 no
SCI1 f 45 8 l T9 2.8 walker 5 n.a. n.a. 1.3 no
SCI2 m 25 3 l L3 n.a. n.a. 0 n.a. n.a. 1.5 yes
SCI3 m 63 6 r T12 0.8 walker, AFO 3 n.a. n.a. 1.0 yes
SCI4 m 41 1 r L3 2.9 none 5 n.a. n.a. 2.0 no
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Table 4.2: Overview of subtasks. Reference (black dotted lines) and measured (orange lines) positions and joint angles (Pref, Pref, θref,
θref), assistance profiles (K) and evaluation points (e.g. Pref,e1) that were used to calculate the error are shown. Each figure shows one
gait cycle starting with left heel strike at 0%. Weight shift to the right side, abduction and flexion angles are defined positive. The lower
and upper bound are thresholds for adjusting the assistance based on the calculated error with the AT algorithm. If the error was lower
than the lower bound, assistance was decreased. An error larger than the upper bound led to an increase in assistance and in other cases
the assistance remained constant (see also Figure 4.1).

Subtask (affected DOF:
evaluation point(s))

Reference and
measured
trajectories,
evaluation points

Stiffness profile,
reference
trajectory

Calculation of error
Lower
and upper
bound

Weight shift (lateral pelvis
position: minimal and maximal
position) Pmeas,e1

Pmeas,e2
Pref,e1

Pref,e2

Pref
K

Perr = max(| Pref,e1 − Pmeas,e1 |,
| Pref,e2 − Pmeas,e2 |)

2.50cm
4.17cm

Lateral foot placement (hip
abduction angle: angle at 100%
of gait cycle) θmeas,e1

θref,e1

θref

K

θerr =| θref,e1 − θmeas,e1 | 1.15deg.
1.91deg.

Leading limb angle (hip
flexion angle: maximal angle) θmeas,e1

θref,e1

θref

K
θerr = θref,e1 − θmeas,e1

2.15deg.
3.58 deg.

Trailing limb angle (hip
flexion angle: minimal angle) θmeas,e1θref,e1

θref

K

θerr = θmeas,e1 − θref,e1 1.75deg.
2.92deg.

7
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Prepositioning (knee flexion
angle: angle at 100% of gait
cycle)

θmeas,e1

θref,e1

θref

K
θerr = θmeas,e1 − θref,e1 4.29deg.

7.16deg.

Stability during stance (knee
flexion angle: maximal angle
between 10 and 40% of gait
cycle)

θmeas,e1

θref,e1

θrefK
θerr =| θref,e1 − θmeas,e1 | 4.30deg.

7.16deg.

Foot clearance (knee flexion
angle: maximal angle)

θmeas,e1

θref,e1

θref

K
θerr = θref,e1 − θmeas,e1

4.52deg.
7.54deg.
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respective tab of the GUI. In addition, assistance levels for (all) subtasks could
be coupled and the assistance levels for all coupled subtasks could be changed
simultaneously by using a slider in the main tab of the GUI. To assist in tuning
and show the immediate effects of changing assistance levels, visual feedback about
the performance was provided for each subtask in the respective tab of the GUI
(e.g. maximal knee flexion was shown for the foot clearance subtask, see Figure
4.1). In this study, one therapist, who was experienced in using LOPES II, tuned
the amount of assistance for all experiments. The therapist got the instruction
to set the assistance to a level that he would have used to train the patient. We
decided not to give him more specific instructions as we were interested in which
levels a therapist would choose without receiving any additional instructions.

θerror θerror
+10% Assistance

- 10% Assistance

= Assistance

AT

MT

An
gl

e 
(d

eg
.)

Manual tuning
robotic assistance

OR
Apply assistance

changes

K

KMT

KAT

K

θmeas

θref

θref

Upper bound
Lower bound

Automatic tuning
robotic assistance

Figure 4.1: Overview of assistance tuning. The assistance was either AT based on the
error between reference and measured trajectories or MT by a therapist. In this figure only
an example for the foot clearance subtask is shown, however, the algorithm was applied
to all subtasks shown in Table 4.2 simultaneously. For the AT algorithm, based on the
error, every three steps, the assistance was either increased (if error>upper bound, see
Table 4.2), decreased (if error<lower bound) or kept constant (other cases) by scaling the
amplitude of the assistance profile (K) shown on the right. For the MT approach, the
therapist could change the assistance (amplitude of the assistance profile K on the right)
for each subtask by using graphical sliders. Feedback for the therapist was also shown
to assist the therapist in tuning the assistance. As shown in this figure, the therapist
got feedback about the maximal knee angle for the foot clearance subtask. The purple
bars represented the maximal knee flexion angles for the previous three steps of the less
impaired leg, while the blue bars represented the maximum knee flexion angles for the more
impaired leg. The green line indicated the maximal knee flexion angle for the reference
trajectory.
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Automatically-tuned (AT) assistance

The AT algorithm adjusted the amount of assistance based on the user’s perfor-
mance [15], [31] (see Figure 4.1). Specific evaluation points were defined for each
subtask of walking (see Table 4.2). The reference and measured joint angles were
determined for each evaluation point and the error was calculated as defined in
Table 4.2. For some subtasks (foot clearance, trailing and leading limb angle,
prepositioning), we assumed that exceeding the reference trajectory would not be
detrimental. For example, we allowed maximum knee flexion larger than the ref-
erence gait pattern for the foot clearance subtask as too much knee flexion during
swing is not typically found in people with stroke or SCI. In addition, the refer-
ence trajectories that were used in LOPES II are based on average trajectories of
healthy individuals and might not exactly fit the needs of the user (with stroke
or SCI). Allowing more knee flexion during swing (more foot clearance) than the
reference pattern is safer as the feet will less likely hit the ground prematurely in
the swing phase. For the same subtask, a knee flexion smaller than the reference
pattern was penalized. For other subtasks (weight shift, stability during stance,
lateral foot placement), we calculated the absolute error since an error in both
directions might have negative consequences in people with neurological disorders.
For example, during stance phase (subtask: stability during stance), both, knee
hyperextension or too much knee flexion, can be found in people with neurological
disorders [35].

Lower and upper bounds were defined for the subtask-based assistance based on
the variability in the evaluation points in healthy participants walking in LOPES
II in minimal impedance mode (see Table 4.2) [15]. After three steps, the average
error per subtask and side was calculated to adjust the amount of robotic assistance
for each subtask and side separately. The subtask-based assistance was increased
by 10% if the average error was larger than the upper bound (see Figure 4.1),
as the user needed more assistance to stay closer to the reference trajectory. If
the average error was lower than the lower bound, the amount of assistance was
decreased by 10% to prevent that the user only relied on the assistance and to
promote active participation. If the error was in between the lower and upper
bound, the robotic assistance was kept constant.

4.2.3 Experimental procedures

Each participant took part in two sessions (familiarization and experimental ses-
sion) on two different days. The familiarization session was used to gather in-
formation about the participants (e.g. clinical scores) and practice walking in
LOPES II. The experiments to compare AT and MT assistance were performed
in the experimental session.

In the familiarization session, clinical tests (10 meter walking test (10MWT),
Functional Ambulation Category (FAC), Fugl-Meyer assessment (FMA), Motricity
index (MI)) were administered by a therapist. After this, participants’ upper and
lower leg lengths and pelvis width was measured and adjusted in the software
and hardware settings of LOPES II. Participants were strapped into LOPES II
and toe-lifters were attached if participants dragged their toes along the ground
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during the swing phase. Participants with stroke, if needed, only used a toe-lifter
on the more impaired side while participants with SCI used toe-lifters for both
feet. Walking speed and, if needed, partial body weight support (PBWS) was set
to a comfortable value based on the feedback from the participant and therapist
(see Table 4.1). To get used to walking in LOPES II, participants walked at least
two times, for three minutes in the device in this familiarization session. The first
time, the assistance was set manually while the second time the AT algorithm was
used to allow the user to experience both approaches. Participants were allowed
to use the handrails of LOPES II during both sessions.

In the experimental session, the same settings (walking speed, PBWS, toe-
lifters) as in the familiarization session were used to assess the AT and MT
approach. Each participant performed four trials: MTvar, MTconst, ATvar and
ATconst (var: variable assistance during the trial, const: constant assistance, as
described below and in Table 4.3). Half of the participants started with MT as-
sistance (MTvar, MTconst) and the other half started with AT assistance (ATvar,
ATconst). Between the different trials, participants could take breaks. If needed,
a break could be taken during MTvar. If ATconst or MTconst was getting too ex-
hausting for the participants, they could stop after less than three minutes. For
both approaches, participants with a FAC score larger than 3, started at 30% of
robotic assistance (following our clinical partner’s advise), all other participants
started at 100% assistance for all subtasks. The therapist was aware of the goal
of the study and knew the goal of the AT controller. However, he was not present
during the ATvar and ATconst trials to minimize bias.

In MTvar, the therapist set the amount of assistance using the GUI. While
tuning the assistance, the therapist was able to visually assess the gait pattern and
to get verbal feedback from the participant by talking to him/her. The therapist
also received visual feedback about the performance for each subtask in the GUI.
The therapist could take as much time as needed to set the robotic assistance to a
final level that he/she would use for a training session with the specific participant.
Subsequently, in MTconst, the assistance was kept constant at the final assistance
levels that the physical therapist had chosen in MTvar. Participants walked for
three minutes with these settings.

Table 4.3: Overview of the trials of the experimental session. Each participant took
part in all trials. Half of the participants started with the MT trials, while the other half
started with the AT trials.

Trial
name

Duration Assistance

MTvar as much as thera-
pist needed

manually tuning assistance (therapist), vari-
able (var) assistance during the trial

MTconst 3 minutes constant (const) at level that therapist chose
ATvar 3 minutes automatically tuning assistance, variable (var)

assistance during the trial
ATconst 3 minutes constant (const) at level of last 15 steps of

ATvar
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In ATvar, participants walked for three minutes with the adaptive AT algo-
rithm, which automatically adjusted the amount of robotic assistance based on
users’ performance as explained in the previous section. After three minutes,
LOPES II was stopped. Subsequently, in ATconst, participants walked for three
minutes while keeping the subtask-based assistance constant at the average as-
sistance levels calculated with the last 15 steps of ATvar (rounded to the nearest
tens).

4.2.4 Outcome measures

To analyze differences between the AT and MT approach, we focused on different
aspects that are described in this section: assistance tuning, final amount of as-
sistance, errors at final amount of assistance, PBWS and questionnaires that were
filled in by the participants and the therapist.

Assistance tuning

The time at which a stable assistance level was reached, was determined for each
participant and each subtask for ATvar and MTvar. The AT algorithm might
change the assistance by 10% every three steps, never reaching a completely stable
level. Therefore, it was defined that a stable level was reached when no changes
larger than 10%, compared to the final assistance level of the trial, occurred. A
two-sided Wilcoxon signed rank test was used to evaluate differences in the time
that was needed to tune the assistance. A p-value lower than 0.05 was considered
significant.

Final assistance levels

The applied robotic assistance was compared between ATconst and MTconst for
each participant and each subtask of walking.

Errors for final assistance levels

The average error (difference between reference and measured trajectory) for
ATconst and MTconst was calculated for each participant and subtask. In the
results section we focus on the errors above the upper bounds (negative effects on
participant’s gait), which are defined in Table 4.2.

Partial body weight support

Participants were allowed to use the handrails during walking and might have
varied the amount of force applied to the handrails to support their own weight.
To make sure that there were no large differences in the amount of PBWS between
the MT and AT trials, the average PBWS was calculated by using the vertical
forces measured with the force sensors under the walking surface of the treadmill.
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Questionnaires

Participants’ preferences: Participants filled out a self-administered paper-
based questionnaire about the trials with MT and AT assistance. The question-
naire contained the following four questions that were evaluated, for each approach,
on a scale from 1 to 5 (1 being very unsatisfied and 5 being very satisfied):

How satisfied are you with ...

1. ...the safety experienced in the robot (do you feel safe)?
2. ...the comfort during walking in the robot (assistance or resistance)?
3. ...the effect of assistance on walking in the robot?
4. ...the amount of assistance given by the robot?

Average scores and standard deviations were calculated for each question that
participants filled in.

Therapist: To get more insight into how the therapist was choosing the assis-
tance provided by LOPES II, the therapist filled in a short questionnaire with the
following two questions:

1. Which settings did you adjust and why?
2. Are you satisfied with the result? Why (not)? (For example, were there

things that you could not change in the way you wanted?)

In this paper, only the most common answers are reported and we do not focus
on specific answers that were only given for a small number of participants.

4.3 Results

All participants were able to perform the protocol and walk with the AT and MT
algorithm. However, for SCI2, ATconst was stopped after two minutes (instead of
three minutes) as the participant was getting too exhausted.

4.3.1 Assistance tuning

On average, a stable assistance level for MTvar (difference to final level <10% for all
subtasks) was reached after 279 ± 120 sec. For ATvar, a stable level was reached
more quickly (after 110 ± 54 sec.). The Wilcoxon signed rank test indicated
that this difference between the MT and AT approach was significant (Z=-3.60,
p=0.006).
For the AT approach, in the beginning of the trial, the assistance for each subtask
was changed every three steps until it approached its final stable level (changes of
maximal 10%). In contrast to this, the therapist (MT approach) often focused on
decreasing the assistance for all subtasks simultaneously (i.e. coupling all subtasks
in the GUI) and then increasing the assistance for (one to four) specific subtasks.
As an example, Figure 4.2 shows these differences in tuning the assistance for the
hip and knee flexion of one participant (SCI3).
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Figure 4.2: Assistance levels while tuning the assistance in SCI3. Assistance levels for
all subtasks of the more impaired leg and weight shift are shown for ATvar and MTvar

of participant SCI3. The subfigure with grey background shows the measured PBWS
(provided by LOPES II and use of the handrails by the participant).

4.3.2 Final assistance levels

Large differences in the assistance levels that were applied in ATconst and MTconst

were found for both legs and the weight shift subtask (see Figure 4.4 for the more
impaired leg and Figure 4.6 for the less impaired leg). The weight shift subtask
is shown in both figures (Figure 4.4 and 4.6, grey background), however, it is
considered separately in the text below.
Figure 4.3 shows an example of the differences in assistance levels and the
resulting joint trajectories for the knee and hip joints of Str5.

More impaired leg

For both approaches, AT and MT assistance, a higher assistance was applied for
up to 4 specific subtasks of the more impaired leg in each participant, while less
(MT) or no (AT) assistance was applied for other subtasks (see Figure 4.4). Per
participant, the therapist (MT approach) tuned 0 to 3 specific subtasks separately
for the more impaired leg (see light blue bars in Figure 4.4) while all other subtasks
were (simultaneously) set to the same assistance level (dark blue bars). In 12 of
the 60 cases (the term ‘cases’ means subtasks for all participants (e.g. for the
more impaired leg: 6 subtasks times 10 participants results in 60 cases)), the
assistance for the more impaired leg was tuned separately by the therapist (see
Table 4.4). In 11 of these 12 separately-tuned cases, the assistance was higher for
MTconst compared to ATconst and for 1 of these 12 separately-tuned cases the same
assistance was applied for both approaches. Also, for 33 of the 48 cases that were
not tuned separately by the MT approach the assistance was higher in MTconst

compared to ATconst.
Remarkably, for ATconst, the most impaired participants (SCI2 and SCI3) did

not receive much assistance (max. 40%) while these participants received at least
50% assistance for each subtask in MTconst (Figure 4.4). These participants could
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Figure 4.3: Average hip and knee flexion angles and assistance for Str5. Average angles
and assistance across ATconst and MTconst are shown for Str5 for both legs as a function
of gait cycle. The dots plotted on the trajectories indicate the evaluation points (see also
Table 4.2) for the different subtasks.

probably walk with the low levels of assistance in ATconst due to the high levels
of PBWS that were used (see Figure 4.5). Although the same PBWS levels were
applied for MTconst for SCI2 and SCI3 (and other participants, see Figure 4.5),
considerable differences were found for the assistance levels (Figure 4.4). A possible
reason for this is that the therapist was biased towards higher assistance levels due
to the large impairments (i.e. low clinical scores) of SCI2 and SCI3 (Table 4.1).
In addition, the therapist only knew the amount of PBWS provided by the system
and he did not know the exact amount of PBWS as participants were using the
hand rails for additional PBWS (see Figure 4.5).

Less impaired leg

For the less impaired leg, deviations from the reference trajectories were such that
ATconst resulted in assistance for up to 3 specific subtasks in each participant while
the remaining subtasks did not receive any assistance (see Figure 4.6). In contrast
to this, with MTconst the assistance was not tuned separately in 58 of the 60 cases
for the less impaired leg. For these 58 cases, the assistance applied by the MT
approach was higher than the assistance applied by the AT approach in 34 cases
(see Table 4.4).
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Figure 4.4: Assistance and errors for ATconst and MTconst for the more impaired leg
(white background) and weight shift (grey background). Each polar plot shows the results
of for participant. The distribution of the subtasks is the same for all polar plots (see
Str1). The results for MTconst are split up into subtasks that were separately tuned by the
therapist in a specific participant (light blue) and subtasks that were not separately tuned
(dark blue). The bars represent the amount of assistance that the participants received
for each specific subtask. The circles outside of the polar plots represent the size of the
error that was found for each specific subtask (see legend for scale). Only errors above
the upper bound (as defined in Table 4.2) are shown.

Weight shift

The therapist (MT approach) separately changed the assistance for the weight
shift in 6 of the 10 cases (see Figure 4.4 and 4.6, grey background). In all of
these separately-tuned cases, the weight shift assistance was higher for the MT
approach compared to the AT approach (see Table 4.4). Also, for the other 4
cases (no separate tuning of weight shift by the therapist), the assistance was
higher for the MT approach in 3 cases.
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Table 4.4: Comparison of final assistance levels for MT and AT. Cases means subtasks
for all participants (e.g. for the more impaired leg: 6 subtasks times 10 participants
results in 60 cases). The cases are split up into cases that were tuned separately by the
therapist in MTconst and cases that were not separately tuned.

Separate tuning (MT) No separate tuning (MT)
More impaired leg 12/60 cases 48/60 cases
MT>AT assist. 11/12 33/48
MT=AT assist. 1/12 1/48
MT<AT assist. 0/12 13/48
Less impaired leg 2/60 cases 58/60 cases
MT>AT assist. 1/ 2 34/58
MT=AT assist. 0/ 2 7/58
MT<AT assist. 1/ 2 17/58
Pelvis 6/10 cases 4/10 cases
MT>AT assist. 6/ 6 3/ 4
MT=AT assist. 0/ 6 0/ 4
MT<AT assist. 0/ 6 1/ 4

Str1 Str2 Str3 Str4 Str5 Str6 SCI1 SCI2 SCI3 SCI4
0

50

100

PBWS
(%)

ATconst
MTconst

Figure 4.5: Partial body weight support. Average body weight support and standard
deviation (between steps) for ATconst and MTconst. The bars show the total PBWS (from
the system and the use of the handrails). Only SCI2 and SCI3 received PBWS from the
system (55% and 46%, respectively, indicated by the horizontal grey lines). All other
PBWS is the result of using the handrails. Negative values can, for example, be explained
by parts of LOPES II that might have slightly rested on the pelvis of the participant.

4.3.3 Errors for final assistance levels

For both legs and the weight shift subtask, differences in the amount and magni-
tude of errors above the upper bound, which is the error at which assistance would
be increased by the adaptive AT algorithm (see Table 4.2), were found.

More impaired leg

For the more impaired leg and MTconst, the error was larger than the upper bound
in 2 of the 12 cases that were tuned separately by the therapist (MT approach,
see light blue dots in Figure 4.4) and in 10 of the 48 cases that were not tuned
separately (dark blue dots). For ATconst, the error was larger than the upper
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Figure 4.6: Assistance and errors for ATconst and MTconst for the less impaired leg
(white background) and weight shift (grey background). Each polar plot shows the results
for one participant. The distribution of the subtasks is the same for all polar plots (see
Str1). The results for MTconst are split up into subtasks that were separately tuned by the
therapist in a specific participant (light blue) and subtasks that were not separately tuned
(dark blue). The bars represent the amount of assistance that the participants received
for each specific subtask. The circles outside of the polar plots represent the size of the
error that was found for each specific subtask (see legend for scale). Only errors above
the upper bound (as defined in Table 4.2) are shown.

bound in 10 of the 60 cases (orange dots). These errors for the AT algorithm were
found because the algorithm did not adapt the assistance in ATconst and therefore,
the assistance was not automatically increased when the error was larger than the
upper bound.

Remarkably, although often less assistance was applied for ATconst, the ob-
served errors were much lower than for MTconst (always <10 deg.). The largest
errors of up to 20 deg. of deviation from the reference trajectory were found for
MTconst, but only in subtasks that that were not separately tuned by the therapist
(e.g. stability during stance subtask (e.g. Str2, Str4) and prepositioning (SCI4),
see Figure 4.4).
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Less impaired leg

For the less impaired leg only two subtasks were tuned separately by the therapist
and for these subtasks the error was lower than the upper bound. For 24% of the
58 subtasks that were not tuned separately, the error was larger than the upper
bound (see dark blue dots in Figure 4.6). For ATconst, the error was larger than
the upper bound in only 9 of the 60 cases (orange dots).

The largest errors (up to 18 deg. of deviation from the reference trajectory)
were found for MTconst for the stability during stance and prepositioning subtasks
(see Figure 4.6). In most cases, the errors for ATconst were much lower. Only for
one of the participants (SCI3) an error of 10 deg. was found for the foot clearance
subtask in ATconst, while all other errors were smaller than 10 deg.

Weight shift

Resulting errors for the weight shift subtask were generally small. Separate tuning
of the weight shift subtask in MTconst always resulted in errors lower than the
upper bound (see Figure 4.4 and 4.6). Only in one case the error was higher than
the upper bound in MTconst when the assistance was not selectively tuned. The
AT algorithm also resulted in errors lower than the upper bound in all except for
one participants. The error was less than 5cm in both cases (MTconst and ATconst).

4.3.4 Questionnaires

Participants’ preferences

Participants evaluated safety, comfort and effect and amount of assistance on a
scale with a maximum of 5. On average, participants gave similar (high) scores for
the safety (AT: 4.5, MT: 4.4) and the effect of assistance (AT: 4.0, MT: 3.9) (see
Figure 4.7). The comfort was evaluated slightly better for the AT algorithm (4.0)
compared to MT assistance (3.7). In contrast to this, participants were slightly
more satisfied with the amount of assistance given by the MT algorithm (4.5)
compared to the AT algorithm (4.1). The scores per participant were also checked
to see whether there were clear differences between the two approaches in specific
participants, however, the difference between AT and MT assistance was never
larger than 1 for any of the questions.

Safety Comfort Effect
of assist.

Amount

1

3

5

Average
score AT

MT

‘very
satisfied’

‘very
unsatisfied’

Figure 4.7: Average evaluation of the AT and MT algorithms by all participants. The
aspects safety, comfort, effect of assistance and amount of assistance were evaluated on a
scale from 1 (very unsatisfied) to 5 (very satisfied). The average for all participants and
standard deviation between participants is shown.
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Therapist

The therapist answered in eight of the ten participants that he/she adjusted the
assistance for specific subtasks separately. The therapist decreased the assistance
for all other subtasks to assist the most impaired subtasks, but let the participants
do as much as possible by themselves. For four of the ten participants the therapist
was satisfied with the result. For the other participants he/she was not satisfied
with the exact effect of the assistance. Besides, the therapist claimed that it was
often difficult to see what exactly changed (e.g. when decreasing the assistance),
and that he/she sometimes had to rely on feedback from the participants.

4.4 Discussion

The goal of this study was to compare subtask-based MT and AT robotic assis-
tance during gait in people with neurological disorders. We determined differences
while tuning the assistance, final assistance levels, errors compared to reference
trajectories and preferences of the participants. For all of these aspects, large dif-
ferences were found between the AT and MT approach, except for the preferences
of the participants, which were similar for both approaches.

4.4.1 Possible reasons for differences between the AT and MT ap-
proach

There might be several reasons for the large differences in final assistance levels
(and deviations from the reference trajectories) between the two approaches that
can only be speculated on. The AT algorithm assured a good performance for
all subtasks by tuning the assistance for each subtask separately. In contrast to
this, the therapist (MT approach) tuned a small number of subtasks separately
(the most affected ones) and aimed for a good performance (low errors) for these
subtasks. For the subtasks that were not tuned separately, the largest errors
were found, which means that the therapist accepted larger deviations for these
subtasks. Although the therapist could have used the GUI to see the deviations
from reference trajectories for all subtasks, he/she was mainly relying on visual
assessment of the gait pattern and feedback from the participants when tuning
the assistance. This could be an indication that the therapist did not attempt to
decrease the deviations from the reference trajectories for all subtasks, but rather
tried to reach an acceptable walking pattern. In addition, the therapist might have
accepted larger deviations from reference trajectories to allow for compensation
strategies.

Another possible reason for the differences between the AT and MT approach is
that tuning all subtasks separately could be too complicated and time-consuming
for clinical practice. The subtasks were related to common problems after neuro-
logical disorders [36]–[40]. They were chosen based on input from physical ther-
apists and rehabilitation physicians who indicated that they would like to have
more possibilities to tune the assistance than in other (commercially available)
robotic gait trainers, which often only allow to change the general assistance for
the whole gait cycle and multiple joints simultaneously [4], [32]. The number of
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subtasks in the current study is relatively low (6 for each leg, and weight shift).
Still, in this study, the therapist focused only on a low number of subtasks (up to
4 per participant) and tuned these subtasks separately.

A last possible reason for the difference between the AT and MT approach is
that the therapist might also have acted on the safe side, by trying to prevent
possible problems occurring with (too) low assistance levels (e.g. stumbling, ex-
haustion) and therefore more often higher assistance levels were found for the MT
approach. An indication for this could be that for the most impaired participants
the MT assistance was much higher than needed, even for most subtasks that were
not tuned separately.

4.4.2 Advantages of the AT approach compared to the MT approach

A large advantage of the AT approach is that it is not influenced by subjective
decisions of the therapist. However, there are various other factors that can be
used to determine whether the AT or MT approach is better. In this study, we
focused on the time to tune the assistance, the amount of assistance and deviations
from reference trajectories.

The time to tune the assistance is an important factor that needs to be con-
sidered for clinical application. If the tuning takes too long, patients might not
be able to exercise at their desired assistance levels as they might be too fatigued
or the training session might end before the desired assistance levels are reached.
In our study, the AT algorithm reached a constant assistance level more quickly
than the MT algorithm. Two studies with other AT algorithms also have shown
that stable assistance levels can be reached within a similar time as in our current
study with an automatic algorithm [13], [21].

Another factor that we considered was the amount of assistance. From litera-
ture, it is known that active participation is an important factor in rehabilitation
after neurological disorders and applying too much assistance might hinder re-
covery [4], [41]–[43]. There is accumulating evidence that focusing on algorithms
that tailor therapy to the patient’s needs by only applying as much assistance as
needed, can increase training intensity and improve outcomes of RAGT. For exam-
ple, Srivastava et al. [11] and Krishnan et al. [33] have shown that AT algorithms
for RAGT can lead to improvements in clinical scales, however, no control groups
were included in these studies to compare the AT algorithms to other approaches.
Park et al. [44] found that progressively reducing the amount of assistance from
100% to 60% can lead to larger improvements in FAC score and Berg balance
scale in people with subacute stroke compared to applying 100% assistance during
a training program of four weeks. Though the evidence is still preliminary, these
studies indicate that personalized and reduced robotic assistance leads to larger
improvements. In this regard, better results were obtained for the AT algorithm
in our current study: every subtask was tuned separately and the assistance was
more often lower for the AT approach than for the MT approach.

Even though less assistance was often applied by the AT algorithm, the largest
deviations from the reference trajectories were found for the MT approach. It is
debatable how closely measured trajectories need to match reference trajectories
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(i.e. physiological trajectories) in RAGT as allowing compensatory mechanisms
might also be beneficial [21], [42]. In the current study, the AT approach resulted in
walking patterns close to the reference trajectories and assistance might have been
increased to prevent compensatory strategies. In contrast to this, the therapist
could have allowed compensatory strategies by decreasing assistance. In the future,
the MT approach might be more suitable when compensatory strategies should
be allowed, while the AT approach leads to smaller errors in the evaluation points
(i.e. more physiological gait pattern).

Next to the factors that were analyzed in this study (time to tune the assistance,
amount of assistance and deviations from reference trajectories), there are more
factors that could influence the therapeutic effect of RAGT. For example, it is
not known yet if assisting a specific subtask might lead to better clinical outcomes
than assisting another specific subtask. In addition to this, applying less assistance
might be more exhausting and result in shorter training duration (although fatigue
might be partly compensated for by automatically increasing assistance with the
AT algorithm). It is not known yet how shorter (but more intensive) robotic gait
training sessions would affect therapy outcomes compared to longer (less intensive)
training sessions [2].

To sum up, regarding the time to tune the assistance, the amount of assistance
and deviations from reference trajectories, the AT algorithm has more advantages
than the MT approach. However, we cannot draw any decisive conclusions about
possible clinical outcomes yet as there are too many factors that might affect
clinical outcomes.

4.4.3 Study limitations

Deriving reference trajectories for robot-assisted gait training is crucial but dif-
ficult. We used reference trajectories that depended on walking speed and body
length [34]. However, these trajectories were collected during treadmill walking
and did not take into account that the dynamics of the robot or PBWS could influ-
ence the gait pattern [15]. It is still debated whether reference trajectories should
be adjusted based on robot dynamics, PBWS or other therapeutic goals. In our
current study, when using trajectories based on treadmill walking that were not ad-
justed to the specific gait trainer, maximal hip flexion was larger than the reference
trajectory for nearly all participants (for the AT and MT approach). Therefore,
the assistance that was applied for the leading limb angle subtask (mainly for the
MT approach) might have impeded motion and decreased maximal hip flexion.
Having the option to automatically (e.g. based on less impaired leg) or manually
[10] change the reference trajectories might be useful for future training protocols.

Another limitation is that only one experienced therapist tuned the assistance
in this study. For example, there might be differences in the settings that are
applied by an experienced therapist compared to an inexperienced therapist (or
compared to another experienced therapist). To our knowledge, there are no
studies that compare the assistance that is applied by an experienced and inex-
perienced therapist for RAGT, especially not for LOPES II. Still, other studies
analyzed differences between therapists for physical assistance that was applied
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during training. In [45], seven therapists applied similar forces to correct balance
in stroke survivors during overground training. However, Galvez et al. [46] showed
that the physical assistance applied to the legs of SCI patients during body weight
supported treadmill training was different between experienced and inexperienced
therapists. It is not clear yet what the exact reasons for the differences were and if
they would also appear for tuning of RAGT. However, as various settings can be
changed in LOPES II (six subtasks per leg, and weight shift) and the therapist in
the current study was mainly relying on (subjective) visual assessment of the gait
pattern, we would expect differences between therapists, especially between novice
users and experienced therapists. Therefore, in future studies, experiments should
be performed with multiple therapists (experienced and inexperienced) and/or
therapists should be taught to rely more on the objective and quantitative feed-
back that is provided by the GUI as it is expected that this will lead to lower
variability between therapists.

4.4.4 Future directions

Instead of choosing for either AT or MT assistance, in the future, a combined AT
and MT approach might be used to take advantage of both approaches. Some
possibilities that could be investigated in future studies are:

1. The AT algorithm could be used to give recommendations on the amount
of assistance to apply while the therapist still has to take the final decision about
which assistance levels are applied. The advantage of this is that the therapist’s
knowledge is taken into account, he/she has control over the training, he/she can
take into account feedback from the patient and the AT algorithm might show that
the user needs more assistance on certain subtasks that the therapist might not
have taken into account otherwise. A disadvantage is that tuning of the assistance
might be slower than with an AT algorithm alone.

2. The assistance for all subtasks is AT, however, the therapist could choose to
tune some specific subtasks manually if he/she does not agree with the effect of the
AT algorithm or wants to reduce specific errors even more. This would still give
the therapist some control, the therapist could take into account feedback from the
patient, but it would also make the whole process quicker as the therapist would
not have to tune the exact assistance levels for each subtask anymore. Besides,
compared to MT assistance alone which could be focused on a low number of
subtasks, all subtasks would be tuned to the specific needs of the patient.

3. Another possibility would be that the therapist chooses more discrete levels
(e.g. low, medium, high) which are each associated with a specific range of assis-
tance levels (e.g. low from 0-30%). Within these discrete levels an AT algorithm
could choose the exact amount of assistance. In this case, the therapist would
still be able to choose a broad assistance level based on his/her experience and
feedback from the patient, and he/she is assisted by the AT algorithm in quickly
choosing the exact level of assistance.

Although it is not known which combination would work best, we believe that
a combination of AT and MT subtask-based assistance could be beneficial for
future RAGT as it would take into account therapist’s knowledge and experience,

94



4

it allows the patient to give feedback, but it also simplifies tuning of the parameters
compared to MT assistance alone.

In addition, it should be investigated whether the AT algorithm itself can be
further improved. To promote active participation of the patient, our AT algorithm
decreases the assistance when errors are small, however, it is not known yet whether
adding a forgetting factor [14], [16] leads to even more active participation of the
patient. It might also be beneficial to automatically tune other parameters (e.g.
PBWS, walking speed) as these can also affect the gait pattern and amount of
assistance that is applied by an AT algorithm [15].

4.5 Conclusion

We have found large differences in the assistance applied by an automatically-
tuned and manually-tuned algorithm. Advantages of the AT approach compared
to the MT approach were that the assistance was tuned quicker, lower assistance
levels were used (enhancing active participation of the user), each subtask was
tuned separately and a good performance was assured for all subtasks. In contrast
to this, the MT approach focused on a limited number of subtasks (two to four)
that were tuned separately. Future clinical trials need to show whether these
apparent advantages of the AT approach result in better clinical outcomes. To
exploit the advantages of the AT approach (e.g. quick tuning of all subtasks) and
take into account the experience of therapists and feedback from patients during
the training, a combined approach of manual and automatic tuning should be
considered in the future.

The results from this study can be used to develop more extended (clinical)
studies that are needed to get insight into the long-term effect of AT and MT
subtask-based training protocols on walking function after neurological disorders.
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Chapter 5

Effects of selectively assisting impaired

subtasks of walking in chronic stroke

survivors

S.S. Fricke, H.J.G. Smits, C. Bayón, J.H. Buurke, H. van der Kooij, E.H.F. van
Asseldonk
This chapter has been submitted in February 2020 (under review).

Abstract

Recently developed controllers for robot-assisted gait training allow for the adjust-
ment of assistance for specific subtasks (i.e. specific joints and intervals of the gait
cycle that are related to common impairments after stroke). However, not much is
known about possible interactions between subtasks and a better understanding of
this can help to optimize (manual or automatic) assistance tuning in the future. In
this study, we assessed the effect of separately assisting three commonly impaired
subtasks after stroke: foot clearance (FC, knee flexion/extension during swing),
stability during stance (SS, knee flexion/extension during stance) and weight shift
(WS, lateral pelvis movement). For each of the assisted subtasks, we determined
the influence on the performance of the respective subtask, and possible effects on
other subtasks of walking and spatiotemporal gait parameters.

The robotic assistance for the FC, SS and WS subtasks was assessed in nine
mildly impaired chronic stroke survivors while walking in the LOPES II gait
trainer. Seven trials were performed for each participant in a randomized or-
der: six trials in which either 20% or 80% of assistance was provided for each
of the selected subtasks, and one baseline trial where the participant did not re-
ceive subtask-specific assistance. The influence of the assistance on performances
for the assisted subtasks and other subtasks of walking as well as spatiotemporal
parameters was analyzed.

Performances for the impaired subtasks (FC, SS and WS) improved signif-
icantly when assistance was applied for the respective subtask. Although WS
performance improved when assisting this subtask, participants were not shifting
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their weight well towards the paretic leg. On a group level, not many effects on
other subtasks and spatiotemporal parameters were found. Still, performance for
the leading limb angle subtask improved significantly resulting in a larger step
length when applying FC assistance.

FC and SS assistance leads to clear improvements in performance for the re-
spective subtask, while our WS assistance needs further improvement. As effects
of the assistance were mainly confined to the assisted subtasks, tuning of FC, SS
and WS can be done simultaneously. There is no need for specific, time-intensive
tuning protocols (e.g. tuning subtasks after each other) in mildly impaired stroke
survivors.

5.1 Introduction

Robot-assisted gait training (RAGT) has been developed to improve therapy after
neurological disorders (e.g. stroke) by providing intensive and task-specific train-
ing while decreasing physical load for therapists. The use of robotic devices can
positively affect gait training after stroke, especially when combined with common
physical therapy and in the most impaired patients in the (sub-)acute phase after
stroke [1]–[3].

Previous studies suggest that RAGT can be further improved by personalizing
training and promoting active participation since active participation is an essen-
tial factor in gait recovery and motor learning after stroke [4]–[7]. To improve
active participation, various controllers, based on the assist-as-needed principle
(AAN, i.e. only assisting the patient when needed), have been developed [8]–[11].
Some of these current AAN controllers either set a specific assistance level for the
whole gait cycle, or they adjust the assistance for each instance of the gait cycle
(e.g. each percentage) [7], [9], [12]. Others focus on assisting specific joints and
intervals of the gait cycle that are related to impairments after stroke (also called
subtasks) [10], [11], [13], [14]. The assistance is changed for these subtasks based
on deviations from reference trajectories [11], [13]. Assistance is applied for the
(most) impaired subtasks, while subtask-based assistance allows the user to move
freely during other, non-assisted, portions of the gait cycle.

A better understanding about the exact effect of subtask-based assistance on
gait is needed to help with manual assistance tuning (i.e. tuning done by thera-
pists), and optimize controllers that automatically tune assistance during RAGT.
Recently, we developed an automatically-tuned subtask-based controller and tested
it in people with stroke and spinal cord injury [13]. This controller simultaneously
adjusted the assistance for various subtasks of gait. However, whether interactions
between subtasks affect this assistance tuning process is not known. For exam-
ple, if the performance on one subtasks is limiting the overall gait performance,
assistance on this subtask could lead to a widespread improvement on various
other subtasks. In this case, only assistance on this ‘bottleneck’ subtask would be
needed and not on each of the separate subtasks. We do not yet know whether
these interactions occur and how they should be incorporated in the control.

In this study, we assessed the effect of assistance during walking for three of the
most common impairments after stroke: 1. insufficient knee flexion during swing
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phase (foot clearance (FC) subtask), 2. increased knee flexion or hyperextension
during stance phase (stability during stance (SS) subtask) and 3. problems with
shifting the weight towards the paretic leg (weight shift (WS) subtask) [15], [16].
For each of these subtasks, only little is known about the effect on other intervals
of the gait cycle and spatiotemporal parameters in stroke survivors:

Foot clearance (FC): Previous experiments in stroke survivors receiving foot
clearance assistance in robotic gait trainers or using powered orthoses have also
shown some effects, although minor, on other parts of the gait cycle. For example,
foot clearance assistance in the LOPES I and LOPES II gait trainer resulted in an
increase in knee and hip angles during the swing phase and a larger step height [12],
[17]. No significant effects on other spatiotemporal gait parameters were found in
these studies. In addition, Sulzer et al. [18] found a small increase in peak hip
abduction (2 deg.) when assisting knee flexion during the pre-swing phase with a
powered knee orthosis (Series Elastic Remote Knee Actuator, SERKA).

Stability during stance (SS): To the best of our knowledge, so far no study
investigated the effect of robotic assistance during the stance phase in stroke sur-
vivors [19]. In children with cerebral palsy, knee extension assistance did not lead
to significant changes in step length and step width, however, an increase in peak
stance knee and hip extension was found [20]. This shows the potential of SS
assistance to also improve other aspects of walking.

Weight shift (WS): Only little is known about the effect of weight shift assis-
tance. Next to improving lateral pelvis movement, weight shift assistance improved
step length symmetry in a stroke survivor in LOPES II [10]. After spinal cord in-
jury, weight shift assistance with another robotic device also led to an increased
step length in the more impaired leg [21].

To sum up, sometimes small effects of assisting FC, SS and WS were found for
specific subtasks in small groups of people with neurological disorders (1-9 par-
ticipants per study). However, in most previous studies only a limited number of
outcome measures were analyzed. The goal of the current study was to determine
how robotic assistance for FC, SS and WS subtasks influences the gait pattern
within one session. We analyzed the performance for various other subtasks and
spatiotemporal gait parameters (e.g. step length, stance time). We expected that
assistance for a specific subtask clearly improves performance for the assisted sub-
task, but could also influence other portions of the gait pattern. Findings from this
study can lead to improvements in robotic gait training by optimizing assistance
tuning and targeting assistance better towards the specific needs of the patient.

5.2 Methods

5.2.1 Participants

Nine chronic stroke survivors (>6 months after stroke) participated in this study
(7 male, 56±12 years, height 1.78±0.06m, weight 83.4±8.9kg). Information about
the participants, their clinical scores and settings while walking in LOPES II can
be found in Table 5.1.

The inclusion criteria were 1. diagnosis of a hemiparesis as a result of a stroke
that occurred more than six months prior to the study, 2. a stable medical and
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Table 5.1: Overview of participants’ characteristics, clinical scores and settings for LOPES II. ID: identification code used for each specific
participant, 10MWT: 10 meter walking test, FAC: functional ambulation category, FMA: Fugl-Meyer assessment (lower extremity), MI:
Motricity index (lower extremity), AFO: ankle foot orthosis, SCO: stance control orthosis.

ID Gender Age Time post
stroke
(months)

Paretic
leg

10MWT
(km/h)

Assistive de-
vice(s) used
during 10MWT

FAC FMA MI Walking
speed in
LOPES II
(km/h)

Toe-lifter in
LOPES II

P1 m 55 57 r 2.5 - 5 15 28 1.2 yes
P2 m 61 28 l 2.4 cane, AFO 5 20 53 1.5 yes
P3 m 74 55 r 4.0 - 5 28 64 1.5 no
P4 m 54 25 r 1.9 cane, AFO 5 11 28 1.2 yes
P5 m 52 15 r 2.1 cane 5 14 50 0.8 yes
P6 m 77 28 r 3.6 AFO 5 30 53 1.5 no
P7 m 55 36 l 4.2 - 5 31 83 1.6 no
P8 f 33 133 l 3.6 - 5 21 61 2.0 no
P9 f 56 47 r 3.5 SCO 5 27 83 1.6 yes
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physical condition that allowed for three minutes of walking, 3. an age of at least
18 years, and 4. sufficient cognitive abilities to follow instructions and report
any discomfort. Exclusion criteria were severe spasms that can interfere with the
functions of LOPES II.

The experimental protocol was approved by the local medical ethical commit-
tee (METC Twente, Enschede, The Netherlands) and participants gave written
informed consent prior to their participation.

5.2.2 Robotic gait trainer and assistance

The LOPES II robotic gait trainer was used in this study to provide robotic as-
sistance to the participants during walking. LOPES II is a device that is attached
to the user with push-pull rods at the pelvis and lower legs [10]. While the user
is walking on an instrumented treadmill, the device can assist movements in eight
degrees of freedom (DOFs): pelvis anteroposterior, pelvis mediolateral, and hip
abduction/adduction, hip flexion/extension and knee flexion/extension for both
legs. LOPES II is admittance controlled and the robot can be tuned from trans-
parent mode (0% assistance, minimizing interaction forces between the device and
the user) to full assistance (100% assistance, mimicking position control).

LOPES II can move the user along reference trajectories when applying assis-
tance. For each DOF, a reference trajectory is defined based on a data set from
healthy, elderly subjects [22] and previous experiences with these reference trajec-
tories [11], [13]. The amount of assistance that is applied by LOPES II depends
on deviations from these reference trajectories and virtual spring stiffnesses (with
equilibrium positions on the reference trajectories). This virtual spring stiffness
K is calculated with the following equation for each DOF (j) and each instant (i
in %) of the gait cycle:

Kj,i = Kmax,j

(
Gj,i

100

)2

(5.1)

where Kmax,j is a maximal stiffness that is defined for each DOF of LOPES II
and Gj,i is the desired assistance [10].

For each DOF, a subtask-based assistance can be applied with LOPES II, i.e.
assisting only specific intervals of the gait cycle for the respective DOF (e.g. for
foot clearance only swing phase for the knee). In this study, we assisted the FC,
SS and WS subtasks, as these subtasks are often the most impaired subtasks after
stroke. The assistance profiles for these subtasks are shown in Table 5.2 together
with other non-assisted subtasks that were used to assess the effect of assistance
for FC, SS and WS. Each subtask was assisted separately at a low (20%) and a
high level (80%), depending on the trial (see 5.2.3).

In addition to the subtask-based assistance, a general assistance was applied,
meaning that the whole gait pattern was assisted (i.e. all DOFs during the whole
gait cycle with a constant assistance level). The minimal impedance mode of
LOPES II is not completely transparent and especially for the pelvis the virtual
inertia is rather high (40kg) [10]. We applied a general assistance of 3% to make
walking in the device without any additional assistance easier, especially for stroke
survivors.

105



5

Table 5.2: Overview of assistance and evaluated variables for different subtasks. Reference (black dotted lines) and example measured
data (orange lines) positions and joint angles (Pref, Pref, θref, θref), assistance profiles (K) and evaluation points (e.g. Pref,e1) that were
used to calculate the error are shown. Each figure shows one gait cycle starting with left heel strike at 0%. Weight shift to the right side,
abduction and flexion angles are defined positive. The subtasks that were assisted in this study are shown with a grey background.

Subtask (affected DOF)
Reference
trajectory and
assistance profile

Reference and
measured
trajectories,
evaluation points

Calculation of error

Foot clearance (knee
flexion during swing) θref

K θmeas,e1

θref,e1

θerr = θref,e1 − θmeas,e1

Stability during
stance (knee flexion
during stance, between 10
and 40% of the gait cycle)

θrefK
θmeas,e1

θref,e1

θerr =| θref,e1 − θmeas,e1 |

Weight shift (lateral
pelvis position)

Pref
K

Pmeas,e1
Pmeas,e2

Pref,e1

Pref,e2

Perr = max(| Pref,e1 − Pmeas,e1 |, | Pref,e2 − Pmeas,e2 |)

Circumduction
(maximal hip abduction
angle)

not assisted

θmeas,e1

θref,e1

θerr = θmeas,e1 − θref,e1

Lateral foot placement
(hip abduction angle at
100% of gait cycle)

not assisted

θmeas,e1

θref,e1

θerr =| θref,e1 − θmeas,e1 |
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Trailing limb angle
(minimal hip flexion
angle)

not assisted
θmeas,e1θref,e1

θerr = θmeas,e1 − θref,e1

Leading limb angle
(maximal hip flexion
angle)

not assisted θmeas,e1

θref,e1

θerr = θref,e1 − θmeas,e1

Prepositioning (knee
flexion at 100% of the
gait cycle)

not assisted

θmeas,e1

θref,e1

θerr = θmeas,e1 − θref,e1
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5.2.3 Experimental procedures

Each participant attended two sessions (familiarization and experimental session)
on two different days. In the familiarization session, clinical assessment was per-
formed by an experienced physical therapist. The following clinical scores were
determined: Functional Ambulation Category (FAC) [23], comfortable walking
speed in the 10 meter walking test (10MWT) [24], Fugl-Meyer Assessment (FMA)
[25] for the lower extremity and Motricity Index (MI) [26] for the lower extremity
(Table 5.1). After this, participants walked for three trials in LOPES II to get
used to the device and to choose a comfortable walking speed. No body weight
support was applied by the LOPES II system, however, participants used the hand
rails of LOPES II during all trials in both sessions. In the first two trials of the
familiarization session, participants received various amounts of general assistance
(max. 30%) to get used to LOPES II. In the last trial, 3% of general assistance was
applied to make sure that they were able to walk in this condition. No individual
assistance (FC, SS, WS) was applied in this familiarization session.

In the experimental session (Figure 5.1), participants started with a familiar-
ization trial of 3 minutes to get used to walking in LOPES II again, receiving 3%
general assistance. After this, seven trials (2 minutes each), which were used for
data analysis in this study, were performed (Figure 5.1). The order of the trials
was randomized between participants. In the baseline trial (BASE), no subtask-
based assistance was applied and participants received only 3% general assistance.
In the other trials, 3% general assistance was applied for the whole gait cycle, and
specific subtasks (FC, SS or WS) were assisted with either 20% or 80%.

WS20 WS80FC80FC20 SS20 SS80BASE

No
assis-
tance

Foot
clearance
assistance

Stability
during stance

assistance

Weight shift
assistance

Figure 5.1: Overview of the seven trials of the experimental session. Each participant
took part in all trials. The order of the seven trials was randomized and each trial took
2 minutes. BASE: baseline, WS: weight shift, FC: foot clearance, SS: stability during
stance. No subtask-specific assistance was applied in BASE. 20 means 20% of assistance
and 80 means 80% of assistance for the respective subtask. For all other portions of the
gait cycle 3% of general assistance was provided in all trials (including BASE).

5.2.4 Outcome measures

For each trial, the first five and last five steps were removed and not taken into ac-
count during further analyses. For each of the assisted subtasks, only participants
who showed larger deviations than a specific threshold (FC: 7.54 deg., SS: 7.16
deg., WS: 2cm, Table 5.2) at the evaluation points in BASE were included in the
analysis. These thresholds were based on average within trial standard deviations
that were found in healthy participants while walking in minimal impedance mode
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in a previous study with LOPES II [11]. When participants showed smaller errors
than these thresholds, they performed similar to healthy users and did not need
the support. Including these well-performing participants would bias the outcome
measures. Still, we performed all of the trials in those participants to use the same
protocol in all participants.

Joint angles and joint positions were measured by LOPES II and sampled at
1000Hz [10]. Based on these angles and joint positions, for each trial, we calculated
the performance for various subtasks of gait and spatiotemporal parameters as
described in the following paragraphs.

Subtask performance

To evaluate gait performance: FC, SS, WS, circumduction, lateral foot placement,
trailing and leading limb angle, and prepositioning were used (Table 5.2). Subtask-
based performances were calculated based on deviations from reference trajectories
for specific evaluations points (column 3 and 4 of Table 5.2).

For some subtasks, the absolute error was calculated as deviations in both
directions can be found in stroke survivors. For example, for the SS subtask, some
stroke survivors might have too much knee flexion during stance while others
can get hyperextension of the knee. For other subtasks, we did not take the
absolute error since we assumed that deviations in only one direction would be
detrimental (Table 5.2): for example, a larger knee flexion during swing (foot
clearance subtask) is acceptable. However, not enough knee flexion might lead
to the toes being dragged along the ground which is detrimental for the walking
pattern.

Spatiotemporal parameters

The following spatiotemporal parameters were assessed: step length (anterior-
posterior distance between trailing and leading limb ankle at heel strike), step
height (maximal ankle height during swing phase), step width (mediolateral dis-
tance between trailing and leading limb ankle at heel strike), and duration of the
stance and swing phases.

Statistics

For each assisted subtask, Friedman tests were performed to assess differences
between BASE and the two trials with assistance (20% and 80%) for subtask
performances and spatiotemporal parameters. A p-value smaller than 0.05 was
considered statistically significant. Post-hoc comparisons were performed by ap-
plying the Wilcoxon signed-rank test. A Bonferroni correction was used to account
for multiple comparisons which means that p-values smaller than 0.017 (0.05 di-
vided by 3 comparisons) were considered statistically significant for the post-hoc
tests.
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5.3 Results

All participants performed all trials, however, one participant (P6) was not in-
cluded for any of the results shown below as his performance was better than the
threshold for each of the three assisted subtasks (FC, SS and WS) in BASE.

5.3.1 Effect on subtask performance and spatiotemporal parameters

Foot clearance (FC)

For the FC subtask, seven of the nine participants showed an error larger than
the threshold in BASE and were included in the analysis. Errors for the FC
subtask significantly decreased when assistance was applied (Figure 5.3, (χ2=14,
p=0.0009)). The average error decreased from 17.1 deg. in BASE to 7.9 deg. in
FC20 and 1.7 deg. in FC80. Post hoc comparisons show significant differences for
BASE-FC20, BASE-FC80 and FC20-FC80 (p=0.0156 in all three cases).

FC assistance also significantly affected the leading limb and trailing limb an-
gle subtasks, showing consistent changes in various participants. The error for
the leading limb angle subtask significantly decreased (i.e. hip flexion increased)
when applying assistance (χ2=11.14, p=0.0038, posthoc: significant differences
for BASE-FC80 and FC20-FC80 (both p=0.0156)). However, it should be con-
sidered that in six of the seven participants the error was already close to 0 deg.
or lower in BASE, and improvements for the leading limb angle subtask were not
necessarily needed for these participants. For the trailing limb angle, significant
differences were found (χ2=6, p=0.0498). Although post hoc analyses showed a
significant increase of the error between BASE and FC80 (p=0.0156), the effect
was only small (about 1 deg.).

For the rest of the analysed subtasks, no significant effect on performances was
found on a group level. Still, sometimes changes for other subtasks were found in
specific participants (e.g. prepositioning for P4 and P9 in Figure 5.3).

Regarding the spatiotemporal parameters, significant effects on step length
and step height of the paretic leg were found for FC assistance (Figure 5.2; step
length: χ2=12.29, p=0.0021, step height: χ2=7.14, p=0.0281). Both, step length
and step height were increased when more FC assistance was applied. For step
length, a significantly increased paretic step length was found for FC assistance
between BASE-FC20 and BASE-FC80 (in both cases p=0.0156). For step height,
no significant differences were found for the posthoc tests.

In addition, a change in spatiotemporal parameters was observed for the (non-
assisted) non-paretic leg: stance time was significantly affected (χ2=6, p=0.0498).
An increase in stance time from 1.60s in BASE to 1.65s in FC20 and FC80 was
found. Posthoc tests did not show any significant differences for the pairwise
comparisons.

Stability during stance (SS)

Seven of the nine participants needed assistance for the SS subtask (Figure 5.4).
One of these participants (P8) had hyperextension in BASE while all other par-
ticipants showed too much knee flexion during stance in BASE.
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Figure 5.5: Joint trajectories (A) and errors (B) for each subtask for all individuals that needed WS assistance. Trajectories are shown
for each individual separately. For the pelvis position, 0 is the center of the treadmill and a positive value means a deviation from the center
towards the paretic side. Abduction and flexion angles are positive. The gait cycle starts with heel strike of the paretic leg. The grey area
indicates the interval of the gait cycle within which the assistance was applied (A) and the assisted subtask (B). The black markers in A
indicate the evaluation points. For the weight shift, the largest error of the errors for both evaluation points is used to evaluate performance
(see also Table 5.2). For the other DOFs the first marker corresponds to the first plot with errors, the second marker to the second plot
with errors etc. Each grey marker and connecting grey line in B show the results for one individual. The colored dots and connecting black
lines show the average errors across individuals. Each black bar indicates significant differences between two conditions (α=0.05).
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The errors for the SS subtask significantly decreased by applying SS assistance
(χ2=14, p=0.0009). Post hoc tests showed significant differences between BASE-
SS20, BASE-SS80 and SS20-SS80 (p=0.0156 in all cases). For none of the other
subtasks a clear and significant effect of SS assistance was found on a group level.

No large changes for spatiotemporal parameters were found (Figure 5.2). Only
swing time of the paretic leg was significantly influenced by SS assistance (χ2=7.14,
p=0.0281). Post hoc tests revealed a significant swing time increase of 0.04s be-
tween BASE and FC80 (p=0.0156).

Weight shift (WS)

Five participants were included for the assessment of WS assistance (Figure 5.5).
WS assistance significantly affected performance for the WS subtask (χ2=7.6,
p=0.0224). Although participants were closer to reference trajectories in WS80
than in BASE or WS20 (Figure 5.5), post hoc comparisons did not show signif-
icant differences between any two of the three trials. In addition, no clear and
consistent effect for all participants was found for the performance of any of the
other subtasks.

The lateral pelvis movements were clearly affected by the WS assistance and all
participants could closely follow the reference trajectory (Figure 5.5). However,
this did not necessarily imply that participants were shifting their weight more
towards the paretic leg. The mediolateral distance between the paretic ankle and
the pelvis was much larger than the distance between the non-paretic ankle and the
pelvis (Figure 5.6). Applying WS assistance moved the pelvis trajectory towards
the reference trajectory, however, participants did not modify their foot placement
relative to the pelvis. Consequently, for none of the participants, WS assistance
resulted in changes in the distance between the ankle and pelvis for the paretic
and non-paretic leg (Figure 5.7).

5.4 Discussion

The goal of this study was to determine the effect of FC, SS and WS assistance
in LOPES II on the performance for the assisted subtasks, and to assess how this
assistance affects the performance of other subtasks and spatiotemporal gait pa-
rameters. Performance for the assisted subtasks (FC, SS or WS) clearly improved
when assistance was applied for the respective subtask. However, this selective as-
sistance did hardly have beneficial effects on the performances of other non-assisted
subtasks or spatiotemporal gait parameters. Only when applying FC assistance
also the performance for the leading limb angle improved for the paretic leg, re-
sulting in a larger step length. Still, the assistance also did not have significant
detrimental effects on other intervals of the gait cycle, except for a small increase
in the error for the trailing limb angle for 80% FC assistance.

The lack of clear effects on other subtasks on a group level can have different
causes. First, the patient population performed well for most unassisted subtasks,
which means that no clear performance improvements were needed for these sub-
tasks. However, as described below, participant-specific dependencies were found
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Figure 5.6: Example for the calculation of
the distance between the ankles and pelvis.
As an example, one step of BASE and one
step of WS80 are shown. The line indicates
the pelvis position and the markers indi-
cate the position of the (paretic and non-
paretic) ankle at that point of the gait cycle.
A distance of 0 means exactly in the cen-
ter of the treadmill, the positive axis shows
deviations from the center of the treadmill
towards the side of the paretic leg. For
each step, the distance between the pelvis
and both ankles was calculated at the time
instance of maximal and minimal lateral
pelvis displacement as shown.

Figure 5.7: Distance between the pelvis
and ankle (calculated as shown in Figure
5.6) for all individuals that needed WS as-
sistance. A distance of 0 means exactly
in the center of the treadmill, the positive
axis shows deviations from the center of the
treadmill towards the side of the respective
leg. Each grey marker type shows the result
for one individual. The coloured markers
show the average for all included partici-
pants.

in some of the more impaired participants. Second, two of the most impaired sub-
tasks, FC and SS, were assisted during different parts of the gait cycle (swing and
stance, respectively), which makes interactions between these subtasks less likely.

5.4.1 Comparison to literature

Many of our results are in agreement with previous studies that evaluated the
effect of FC, SS or WS assistance. However, the comparisons should be treated
carefully due to the small sample sizes of the studies (including ours, max. 9
participants).

Foot clearance (FC)

For FC assistance, in line with our results, Koopman et al. [12] found an increased
performance for the leading limb angle subtask in healthy participants. However,
the results for the effect of FC assistance on hip abduction were less consistent:
Koopman et al. [12] like us, did not find any significant differences in hip abduction
when assisting FC during swing. In contrast to this, Sulzer et al. [18] found an
increase in hip abduction when assisting knee flexion. One of the reasons for the
differences could be that Sulzer et al. applied assistance during pre-swing phase
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which might have influenced the gait pattern in a different way than the assistance
applied later during the swing phase in our study. Besides, it should be consid-
ered that we did not find a significant change in hip abduction on a group level.
However, for 5 of the 7 participants we noticed more circumduction (i.e. more
hip abduction during swing) for FC80 compared to BASE (Figure 5.3). Similar
to results from Sulzer et al. [18], hip circumduction, which is sometimes seen as
a compensatory mechanism in stiff-knee gait [15], did not decrease when applying
knee flexion assistance during swing phase in our study. This also supports the
results from a study by Akbas et al. [27] who claims that hip circumduction is not
a compensatory mechanism for deficits in knee flexion during swing phase.

Stability during stance (SS)

For SS assistance, similar to a study by Lerner et al. [20] who applied assistance
for the knee joint during the stance phase of walking in children with cerebral
palsy, we did not find any significant effects on step length and step width. While
Lerner et al. found an increase in peak hip extension during stance, in our study
no clear changes in peak hip extension (trailing limb angle subtask) were found on
a group level. A possible reason for this is that most of the stroke survivors already
had sufficient hip extension in BASE (i.e. close to the reference trajectory) while
children with crouch gait due to cerebral palsy do not have sufficient hip extension
[28]. The one subject with limited hip extension in BASE in our study, did show
an increase in peak hip extension resulting from SS assistance (P5 in Figure 5.4).

Weight shift (WS)

For WS assistance, our results deviate from previous pilot experiments with two
stroke survivors walking in LOPES II [17], where WS assistance resulted in a
decreased hip abduction. The reason for this is that the assistance is not directly
comparable: Meuleman et al. [17] applied assistance for pelvis lateral movement
as well as hip abduction during the whole gait cycle. In the current study, we
wanted to focus on assistance of the lateral pelvis movement only, and did not
assist hip abduction.

In our study, lateral pelvic movement assistance led to smaller deviations from
the pelvis reference trajectory. However, users did not adjust their foot placement
relative to the pelvis position, and therefore, did not shift their weight well to-
wards the paretic leg. Assisting hip abduction, and ensuring proper lateral foot
placement relative to the pelvis [17], can be a possible solution for this problem.
Another approach is to adjust the reference trajectory for the pelvis based on foot
placement. This means that the reference trajectory will be defined with respect
to the leading stance foot to guarantee a certain weight shift, and not with respect
to the global frame (center of treadmill) as currently done.
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5.4.2 Study limitations

Patient population

When assessing the effect of assistance for selective subtasks of gait, it is cru-
cial that participants are able to walk without (or with low levels of) assistance,
while still suffering from gait impairments that can effectively be supported. The
reason for this is that a high general assistance would improve performance for
all subtasks, making it impossible to clearly show effects of assisting one specific
subtask. Due to these requirements, only mildly impaired stroke survivors could
be included. Some of these participants already followed the reference trajectories
well (low errors) for the FC, SS and/or WS subtask. Therefore, not all participants
could be included for the analyses (maximum 7 out of 9 per subtask). Besides,
the good performance for most of the unassisted subtasks left only little room for
improvement on these subtasks which also makes it less likely to find interactions
between subtasks. For more impaired participants in which several subtasks are
affected, larger interactions could occur. This is illustrated by P5 in our study, who
showed improved hip extension when applying SS assistance. Despite that it is
difficult to find suitable participants that fulfill the above-mentioned requirements,
we recommend to extend this research to more impaired participants.

Handrail use

Another limitation of this study is that participants were not able to walk without
using the handrails as they did not feel secure enough. A previous study showed
that handrail use while walking can influence step length and step width [29]. As
participants used the handrails during all trails, we expected that handrail use did
not have a large influence on the differences between trials. However, performance
for weight shift is likely to be influence more by handrail use. Previous (unpub-
lished) experiments with healthy participants walking in LOPES II in minimal
impedance mode have shown limited lateral pelvic movements compared to the
reference trajectory when using handrails.

5.4.3 Future directions

Our results can be used to optimize manual and automatic assistance tuning. In
tuning support levels, we strive to quickly tune the assistance levels, and apply
the least amount of assistance with the largest beneficial effects to enhance active
participation of the user. Our ideal case would be to find the ‘bottleneck’ subtask
of walking for each individual user. Only assisting this ‘bottleneck’ subtask would
result in overall improvements of gait (positive effect in several other subtasks). We
did not find many clear dependencies between subtasks in mildly impaired stroke
survivors. Nonetheless, our results should be taken into account by therapists
while manually tuning the assistance, and for the development of automatically-
tuned controllers [13]. FC, SS and WS can be tuned simultaneously without
affecting each other and other non-assisted subtasks in mildly impaired stroke
survivors. There is no need to use specific time-intensive ‘tuning protocols’ where,
for example, subtasks are tuned after each other.
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In people with more impairments, and possibly more interactions between sub-
tasks (e.g. similar to P5), advantages and disadvantages of various tuning pro-
tocols should be assessed. First, subtasks could still be tuned simultaneously to
reduce the time needed for assistance tuning. Second, interactions between sub-
tasks could be taken into account. For example, similar to how therapists tune the
assistance [13], we would start tuning the most impaired subtask and apply low
levels of assistance for other subtasks. If more improvements are needed, other
subtasks should be tuned afterwards. Although it might be difficult to find suit-
able participants (see 5.4.2), future research is required to find an optimal tuning
protocol for various subtask of gait in more impaired patients.

5.5 Conclusion

Separately assisting foot clearance and stability during stance enhances perfor-
mance for the respective assisted subtask. Our weight shift assistance should be
further improved in the future. Hardly any dependencies were found between
the assisted subtasks and other subtasks as well as spatiotemporal parameters.
Therefore, FC, SS and WS can be tuned simultaneously without affecting other
subtasks in mildly impaired stroke survivors. No time-intensive tuning protocols
(e.g. tuning subtasks after each other) are required in these patients.
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Chapter 6

General discussion

The goal of this thesis was to take a next step towards personalized robot-assisted
gait training. To achieve this goal, we defined two sub-goals:

1. Develop assessment tools to quantify walking function and underlying im-
pairments affecting walking function (Chapters 2 and 3).

2. Improve subtask-based assistance and optimize assistance tuning based on
users’ walking abilities (Chapters 4 and 5).

In Chapter 2, we described assessment methods for joint impedance using
a lower limb perturbator. We achieved first estimates of apparent hip joint
impedance at different time points during the swing phase of walking in healthy
participants. In the future, estimates of joint impedance can help to better under-
stand the effect of RAGT on the neuromechanical system. In Chapter 3, we tested
a subtask-based controller that automatically adjusts assistance based on users’
performance. This controller could be used for the assessment of walking function
in a robotic gait trainer. However, both PBWS and walking speed affected the
applied assistance. Therefore, this controller can only be used to quantify walk-
ing function and track progress if PBWS and walking speed are held constant for
assessments. In Chapter 4, we compared manually-tuned (MT) to automatically-
tuned (AT) subtask-based assistance in people with stroke and SCI. We found that
automatic assistance tuning has several advantages above manual assistance tun-
ing such as quick assistance tuning resulting in good performance for all subtasks.
In Chapter 5, we showed that in mildly impaired stroke survivors various subtasks
can be tuned simultaneously without affecting other subtasks. This means that
no specific, time-intensive tuning protocols are needed (e.g. tuning subtasks after
each other).

In the following sections we discuss our findings and implications regarding
personalized RAGT, as well as future steps and recommendations in more detail.
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6.1 Major findings and implications

6.1.1 Assessment of gait and underlying impairments using robotic
devices

Most previous developments for robotic gait trainers were aimed at (improving)
therapy, and not at assessments. The Lokomat can be used for assessments such
as joint position sense, range of motion, muscle strength and passive joint stiffness
[1], [2]. However, these assessments are all performed in static situations (e.g. in a
standing position). In order to get a more complete picture of impairments after
neurological disorders and their effect on walking ability, it is important to perform
assessments during walking. However, this leads to some additional challenges.
First, devices should have negligible effects on movements of the user. Users need
to be able to just continue walking while these assessments are performed. Second,
severely impaired patients might not be able to walk without assistance. So, there
is also a need for assessments that can result in meaningful outcomes when patients
are assisted during walking. In this thesis, we described two assessment methods
that can be applied during walking and are further discussed in the following
paragraphs.

Modulation of joint impedance is crucial to be able to walk. Assessments are
needed to get a better understanding of the modulation of joint impedance during
walking [3]. In Chapter 2, we developed the LOwer limb PERturbator (LOPER)
which can be used to determine hip joint impedance during walking. Currently,
this device overcomes one of the above mentioned challenges as only negligible
effects on the walking pattern were observed for unperturbed parts of the gait
cycle. We do not know yet whether the second challenge (i.e. assessment of joint
impedance while assistance is applied) can also be addressed with this method. It
should be investigated whether our joint impedance estimation method can also
be used on top of assistive forces/torques. In addition, our experiments should
be extended to people with neurological impairments. This will lead to a better
understanding of how hip joint impedance (modulation) is affected after stroke
and SCI, and how spasticity and hypertonia influence this impedance.

We determined first estimates of the apparent joint stiffness during the swing
phase of walking, however, these estimates can be further improved. We did not
estimate ‘pure’ hip joint impedance. The joint impedance of one joint (e.g. hip)
can be influenced by other adjacent joints (e.g. knee) because of bi-articular mus-
cles and heteronymous reflexes [4], [5]. Multiple-input multiple-output (MIMO)
identification methods are needed to be able to determine pure hip and knee joint
impedance as well as possible interactions between these joints. These methods
require more advanced devices that can apply perturbations to multiple joints (hip
and knee) [4]. Instead of directly starting with these more advanced devices, Chap-
ter 2 was aimed at developing and evaluating a more simple device and approach
to identify the apparent hip joint impedance. We considered this as a crucial step
before advancing to more complex methods involving multiple perturbations.

In addition, more advanced system identification approaches can lead to a
more detailed understanding of joint impedance, and the effect of RAGT on joint
impedance. In Chapter 2, we have used a simple second order model to get a
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first estimate of apparent hip joint impedance during walking. This model did
not take into account the different physiological contributions of joint impedance
which are 1. the intrinsic contribution (due to limb inertia, viscoelastic properties
of the joint, passive tissue, and passive and active muscle fibers) and 2. the reflex
contribution (due to neural reflex activity) [6], [7]. More advanced physiological
models that include these two components have been used in previous studies [5],
[7]–[11]. However, previously used system identification approaches that decom-
pose joint impedance in the intrinsic and reflexive components are not suited for
joint impedance estimations during walking. The reason for this is that these al-
gorithms either do not take into account time-variant changes [8], [9] or can only
detect slow time-variant changes [7], [10]. More advanced system identification al-
gorithms are needed to be able to determine the contributions of the intrinsic and
reflexive components to the total joint impedance during walking. This research
could help to understand physiological changes that could occur after RAGT even
better.

Before focusing on specific physiological changes after stroke/SCI and RAGT,
it can be useful to assess walking function in general. Assessment of walking
function using an AT controller is especially suited to overcome the second above
mentioned challenge (i.e. assessment while assistance is applied). The users’ walk-
ing ability could be evaluated by determining the minimal amount of assistance
provided by an AT controller [2]. A high amount of assistance indicates that the
users’ walking ability is clearly diminished while no/a low amount of assistance
means that the user is able to walk well with no/minimal assistance. The outcome
measure of previous AT controllers was the amount of assistance for various bins
over the complete gait cycle [12]. This resulting assistance is difficult to interpret
by therapists and patients as it is not directly related to specific functional aspects
of gait.

To overcome this, in Chapter 3, we developed an AT subtask-based controller.
This controller adjusts assistance for several subtasks of walking which are related
to common impairments after stroke and SCI (Table 1.1). The outcome measure
of this controller is the assistance, i.e. virtual stiffness, for each subtask and leg.
This outcome measure is easier to interpret than an outcome measure that is only
related to specific bins of the gait cycle. Still, this subtask-based approach leads
to a rather large number of outcome values as in total up to 13 subtasks can be
assisted (Table 1.1). For ease of interpretation, it could be chosen to sort these
subtasks based on the amount of assistance that is applied. If needed, therapists
and/or patients can then focus on the most impaired subtask(s) only.

The AT subtask-based assessment was developed for LOPES II. Yet, it is very
well suited to be implemented in other devices. Direct comparison of the outcome
measures derived from these different devices will be cumbersome. The reason for
this is that many differences can be found between robotic gait trainers regard-
ing aspects such as transparency or degrees of freedom [13]–[17]. For example,
limitations in the degrees of freedom can possibly result in other (compensatory)
movements that might affect the outcome measures. It needs to be investigated
what the exact influence of differences between devices on the gait pattern is and
whether using the same assessment in different devices results in similar outcome
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measures. We expect that future hardware and software improvements for robotic
gait trainers can further decrease the influence of the device properties on outcome
measures.

AT assistance and thus the outcome measures of this assessment are criti-
cally dependent on the reference trajectories. The predefined reference trajectories
might not be optimal in several ways. First, the reference trajectories are based
on average trajectories [18]. As shown in Chapter 3, even the gait pattern of some
unimpaired individuals deviates from these reference trajectories. This means that
in some individuals assistance might be applied, even though they are able to walk
without assistance. Second, reference trajectories were recorded during treadmill
walking without PBWS, and were scaled based on walking speed [18]. In Chap-
ter 3, we have shown that factors such as PBWS and walking speed still might
influence measured deviations from reference trajectories. Also, transparency and
degrees of freedom of robotic gait trainers can affect deviations from reference tra-
jectories. Third, it is not clear yet which reference patterns are optimal for people
after neurological disorders. Reference patterns that take into account possible
limitations (e.g. range of motion) and compensation mechanisms might be benefi-
cial for training in this population. All of these limitations make it difficult to use
AT assistance as an assessment tool, and compare different patients and walking
conditions with each other. For now, the AT algorithm could be used to track
progress within specific patients if the same conditions, such as device, walking
speed and PBWS, are used for all sessions.

It should be ensured that automatically-tuned controllers result in minimal as-
sistance that is needed to walk. Otherwise, if slacking occurs, the applied assistance
would not be a measure of the real capacities of the user. We have determined the
thresholds for increasing/decreasing the assistance based on gait variability within
healthy participants. However, more research is needed to determine whether our
current AT controller really results in the minimal assistance that is needed to be
able to walk.

To sum up, we developed assessment methods for joint impedance and walking
function (based on required assistance). The assessment of walking function is
especially suited for more severely affected patients who need assistance during
walking. It could be easily integrated into a training session. A high amount of
assistance could indicate that the user has problems such as muscle weakness,
deficiencies regarding control of muscles, or an impaired joint impedance (i.e.
increased stiffness). Assessments of joint impedance can then give a better un-
derstanding of possible underlying impairments affecting gait. However, further
developments are needed to show that this joint impedance assessment method
can also be used in patients who are not able to walk without assistance.

6.1.2 Personalized (subtask-based) assistance

Applied assistance and active participation

Active participation and gait variability are important factors for neurorehabil-
itation after stroke and SCI. Active participation can possibly be enhanced by
personalizing robotic gait assistance [19]–[21]. To achieve this, we have developed
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an automatically-tuned subtask-based controller that adjusts assistance for various
subtasks of gait based on users’ performance (Chapters 3 and 4). In the following
paragraphs we discuss this controller in more detail, and give some considerations
regarding previous and future studies about RAGT.

There are several indications that our AT subtask-based controller promotes
active participation and gait variability. First, the final assistance levels reached
with the AT approach were often lower compared to MT assistance. We expect
that AT assistance leads to more active participation than MT assistance. Sec-
ond, when participants were performing well, assistance was decreased by the AT
controller. We expect that this prevents slacking. Third, the AT controller only
changed assistance if deviations from the reference trajectory were larger than a
specific threshold allowing for some gait variability. Even though there are some
indications that our controller promotes active participation and gait variability,
it should be considered that we did not specifically assess this. To be able to
give more conclusive evidence, active participation and gait variability should be
investigated in the future, e.g. by measuring muscle activity and/or energy con-
sumption.

There are several possibilities to further improve our AT subtask-based as-
sistance. Other variations from Figure 1.4 could also be included. A deadband
[22]–[24] could be added to our controller. Within this deadband no assistance is
applied to increase spatial variability during walking. In addition, high levels of
PBWS were used in the most impaired participants. In the future, PBWS should
be decreased as this can lead to more active participation and increased afferent
feedback from load receptors which is crucial for gait rehabilitation [25]. Automat-
ically tuning PBWS, simultaneously with the assistance levels [12], might help to
easier test different combinations of PBWS and assistance levels. However, this is
not possible with the current version of LOPES II. Hardware adjustments would
be needed to be able to automatically tune PBWS.

The findings of Chapter 4 might have some implications for previously per-
formed clinical trials. To our knowledge, AT assistance was not clinically imple-
mented yet. Taking into account that AT assistance was often lower than MT
assistance, it might be that patients received more assistance than needed in pre-
vious (clinical) studies where assistance was tuned manually. In Chapters 3 and 4,
assistance was applied for specific subtasks, while other subtasks received low/no
assistance. Assistance in previous clinical trials was not adjusted per subtask, but
the whole gait cycle was assisted for all actuated joints, i.e. in most cases hip and
knee joint [26]–[34]. This resulted in assistance for more parts of the gait cycle
than needed. Also, it is likely that the amount of assistance depended on the most
impaired subtask of gait in previous clinical studies. This would imply that other,
less impaired, subtasks received more assistance than needed.

To personalize RAGT, it is important to get more insight into the amount
of assistance that was applied in previous studies and how this affected clinical
outcomes. However, information regarding the exact amount of assistance is often
insufficient. Most clinical studies only describe the general protocol that was used
to adjust walking speed, PBWS and assistance levels [26]–[32]. These parameters
were tuned based on visual assessments of patients capabilities. No exact assistance
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levels for specific patients were given in most previous clinical studies about RAGT
[26]–[32]. For future clinical studies, we recommend to provide more information
about the way that assistance is applied for each specific patient (e.g. timing,
amount of assistance). An example of this is already provided in [35], where
training duration, walking speed, PBWS and assistance levels are given for each
participant. As the training effect can largely depend on the exact assistance that is
applied [36], more detailed information about the assistance can help to understand
possible differences in outcomes between clinical studies, and personalize RAGT
in the future.

Automatic and manual assistance tuning

Despite that we found various advantages of the AT approach compared to the MT
approach, we would not recommend to only use automatic tuning of robotic gait
assistance. In Chapter 4, we have shown that the AT approach leads to faster as-
sistance tuning, adjusts assistance for each subtask separately and results in lower
assistance levels and good performance for all subtasks. Still, other, unstudied,
factors that are not incorporated in the AT algorithm should also be considered
during assistance tuning. First, therapists can directly use feedback from patients
to tune the controller. Problems such as discomfort that can especially occur
during long training sessions can be directly tackled by therapists. Second, our
current AT controller tries to achieve movements similar to the reference trajecto-
ries. In contrast to this, therapists could choose to allow compensatory strategies
which are important for the recovery of gait [37]. To sum up, we recommend to
combine automatic and manual assistance tuning in the future to 1. take into ac-
count feedback from users, 2. include therapists’ knowledge, and 3. quickly tune
assistance and achieve good performance for all subtasks.

AT and MT assistance can be combined in different ways. First, an AT con-
troller can be used to quickly and continuously (e.g. every three steps) tune the
assistance. Therapists can manually override the automatically set assistance.
Second, therapists could choose specific assistance ranges for each subtasks (e.g.
no, low, medium, high). For example, a low assistance could be associated with as-
sistance percentages from 10-30%. An AT controller determines the exact amount
of assistance within the chosen range. Third, the AT controller could recommend
specific assistance levels. However, therapists still have to set assistance levels
manually. They could either follow the recommendations of the AT controller, or
choose assistance levels themselves. It needs to be investigated whether any of
these possible combinations of automatic and manual tuning results in the most
benefits for therapists as well as patients.

Irrespective of the specific combination of AT and MT assistance that might be
chosen in the future, we should aim for quick assistance tuning. This ensures that
patients can exercise as long as possible at their personalized assistance levels. In
Chapter 5, we have shown that in mildly impaired stroke survivors various subtasks
(foot clearance, stability during stance, weight shift) can be tuned simultaneously
without affecting other subtasks. No specific, time-intensive tuning protocols, such
as tuning subtasks after each other (starting with the most impaired subtask), are
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needed. This also means that our developed AT controller, which tunes assistance
for all subtasks simultaneously, does not need to be adjusted for mildly impaired
stroke survivors. However, we do not know yet whether specific subtasks influence
other subtasks in more impaired individuals with stroke/SCI. If these individuals
show clear interactions between subtasks, more research is needed on the optimal
tuning protocol. In this case, 1. assistance can be tuned like a therapist would
do, by first focusing on the most impaired subtasks, or 2. still all subtasks could
be tuned simultaneously, possibly resulting in faster assistance tuning.

Other applications for automatic assistance tuning

AT controllers can also be a valuable tool in educating therapists. The number
of rehabilitation robotics is increasing [21]. Therapists need to learn how to use
several devices. For some of these devices, assistance tuning can be complex and
difficult to learn. Even when subtask-based assistance is used for RAGT, still up
to 13 assistance levels can be tuned (Table 1.1). Especially for novice users this
assistance tuning can be difficult and time-intensive. An AT controller could be
used to show these therapists how the assistance can be tuned. Based on our
results from Chapter 4, we expect that AT controllers can especially demonstrate
therapists that low assistance levels can result in good performance and can be
safely used.

6.2 Future steps and recommendations

Studies comparing various controllers for RAGT in a broad patient population, es-
pecially on the long-term, are scarce [38]. Most previous clinical studies compared
(impedance-based) RAGT with either physical therapy alone, or a combination
of RAGT and physical therapy [39]–[44]. More advanced controllers that poten-
tially increase gait variability and active participation were often only tested in
healthy participants and/or a low number of people with neurological disorders
[12]–[14], [22], [23], [35], [45]–[50]. These studies were aimed at first tests with
a new controller in a small number of participants. Therefore, often no control
group receiving assistance by a different controller was used [13], [22], [23], [35],
[45]. Only some studies compare multiple controllers regarding short term effects.
Most of these studies show promising results such as an increased active participa-
tion for more advanced controllers [14], [47]–[50]. More short-term, and especially
long-term studies in broad patient populations are needed. Different control algo-
rithms, such as personalized (AT and MT) subtask-based robotic gait assistance,
should be compared. These studies could provide more evidence about the best
way to tune assistance for RAGT in the future.

The effect of RAGT is not only influenced by the chosen control algorithm
and amount of assistance. Other training parameters (PBWS, walking speed) and
treatment protocols (number of training hours, frequency and duration of training
sessions) can influence outcomes for RAGT [51], [52]. For conventional training
(i.e. physical therapy), a longer training duration resulting in more repetitions can
improve training outcomes after stroke and SCI [51], [53]–[55]. However, especially
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for RAGT, different combinations of several training parameters/treatment pro-
tocols can influence training intensity and training outcomes. Despite that some
studies investigated the effect of specific parameters [47], [52], [56], so far, the op-
timal combinations of training parameters and treatment protocols are unknown.
Future research should not only focus on comparing various controllers, but also
take into account differences in other training parameters and treatment protocols.

Assessments as described in this thesis and other studies [1], [2] could help
to quantify gait and underlying impairments, monitor changes during therapy,
and also improve understanding of the exact physiological effect of RAGT. So
far, most clinical studies use rather unspecific outcome measures such as walking
speed, 10-meter walk test or 6-minute walk test [39], [57]. Improvements for these
outcome measures might occur for various reasons. Assessments of sensorimotor
impairments, or specific impaired subtasks, could help to better understand why
these outcome measures change after training for each specific patient. In the
future, more specific outcome measures should be used to better understand the
effect of robotic gait assistance, and to be able to adjust and personalize training
protocols based on these results.

Assessments of other impairments than joint impedance can be used to further
personalize RAGT and achieve a better understanding of physiological changes
after RAGT. First, measurements of active and passive range of motion (ROM) can
contribute to prevent injuries by ensuring that robotic gait trainers do not try to
move patients in extreme positions out of their individual ROM. This measurement
can already be performed with the Lokomat. Second, measurements of muscle
strength and proprioception can also already be performed with the Lokomat and
help to understand why gait function might have changed after RAGT. Third, an
abnormal joint torque coupling between hip extension and adduction was found
for the hip joint in a static position in stroke survivors [58]. If this coupling
also occurs during walking, it might lead to instability during the stance phase
where hip extension and hip abduction are required. Future research is needed
to determine whether joint torque couplings during walking exist, and how this
could be incorporated in the assistance tuning for RAGT. Fourth, other factors,
e.g. balance [59], should also be taken into account to get a more complete picture
of physiological changes after RAGT.

The AT subtask-based assistance that was used in LOPES II when walking
on a treadmill could also be extended to other robotic gait trainers and to other
gait-related tasks. In its current form, the controller can be used in devices that
can measure joint angles and have a tunable joint impedance. These devices
could be treadmill-based robotic gait trainers, but also robotic gait trainers or
powered exoskeletons for overground walking [60], [61]. Currently, the controller
can only assist with straight walking. The reference trajectories are based on
straight treadmill walking, and thresholds to increase/decrease assistance are based
on walking in LOPES II. The AT subtask-based controller could be extended to
other tasks (e.g. turning, walking stairs) during overground walking by adjusting
the reference trajectories and thresholds for increasing/decreasing the assistance.

In an ideal case, the same device can be used for training as well as assessment.
This results in a low setup time for both therapists and patients. If assessments
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can be directly included in the training process, it allows to spend more time on
the actual gait training. Unfortunately, current robotic gait trainers are in several
ways not sophisticated enough to perform assessments of various impairments,
while minimally influencing outcome measures. First, transparency needs to be
further improved. Although healthy users show close to normal (i.e. free walking)
gait patterns in LOPES II [13], it is still difficult to walk without handrails in
minimal impedance mode due to the rather large virtual mass (30kg) at the pelvis.
Second, bandwidth is not high enough to apply the perturbations that are needed
to determine joint impedance. Third, currently, devices such as the Lokomat and
LOPES II cannot be used to perform assessments at the ankle joint. For a complete
assessment of the lower limbs, actuation of the ankle joint is needed. ALEX III
is a device that can already control the pelvis, hip, knee and ankle joints [17],
[62]. However, it is unknown how this device affects the gait pattern compared to
free treadmill walking, and if the bandwidth is high enough for joint impedance
estimates. To sum up, robotic gait trainers as well as assessment methods should
be further evaluated and improved to be able to use these devices in an optimal
way, not only for training, but also for assessments.

The development of controllers that personalize robotic gait assistance could
lead to more effective RAGT for a broader range of patients. According to previous
studies, robot-assisted gait trainers are most suited for severely impaired patients
[61]. However, it should also be considered that assistance in previous clinical
studies often was not personalized. We expect that RAGT has the potential to
improve walking function in mildly impaired patients. Active participation should
be ensured by personalizing assistance and using low levels of assistance. Also,
controllers applying resistance [17], [63] or enhancing errors [49] can increase active
participation while walking in robotic gait trainers.

6.3 Final remarks

In this thesis, we developed assessment methods and an automatically-tuned
subtask-based controller that can be used to personalize robotic gait assistance.
Despite that we have taken a next step towards personalized robotic gait training,
we have also shown that there are still some unanswered questions and challenges
to overcome. An important following step is to determine the long-term effect of
various controllers. In addition, assessment tools should be used to better under-
stand the exact physiological effects of robot-assisted gait training after stroke and
SCI. More knowledge about the exact physiological changes after RAGT can help
to get the most out of personalized robot-assisted gait training.
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S. Maggioni, J. H. Buurke, and J. F. Veneman, “Robot-supported assess-
ment of balance in standing and walking”, Journal of NeuroEngineering
and Rehabilitation, vol. 14, no. 1, pp. 1–19, 2017, issn: 17430003. doi:
10.1186/s12984-017-0273-7.

[60] C. Bayón, “Design, Development and Evaluation of a Robotic Platform for
Gait Rehabilitation and Training in Patients with Cerebral Palsy”, PhD
thesis, 2018. doi: 10.1016/j.robot.2016.12.015.

[61] G. Morone, S. Paolucci, A. Cherubini, D. De Angelis, V. Venturiero, P.
Coiro, and M. Iosa, “Robot-assisted gait training for stroke patients: Cur-
rent state of the art and perspectives of robotics”, Neuropsychiatric Dis-
ease and Treatment, vol. 13, pp. 1303–1311, 2017, issn: 11782021. doi:
10.2147/NDT.S114102.

[62] D. Zanotto, P. Stegall, and S. K. Agrawal, “ALEX III: A novel robotic
platform with 12 DOFs for human gait training”, in Proceedings - IEEE In-
ternational Conference on Robotics and Automation, 2013, pp. 3914–3919,
isbn: 9781467356411. doi: 10.1109/ICRA.2013.6631128.

[63] E. P. Washabaugh and C. Krishnan, “A wearable resistive robot facili-
tates locomotor adaptations during gait”, Restorative Neurology and Neu-
roscience, vol. 36, no. 2, pp. 215–223, 2018, issn: 18783627. doi: 10.3233/
RNN-170782.

138

https://doi.org/10.1109/EMBC.2012.6346808
https://doi.org/10.1109/EMBC.2012.6346808
https://doi.org/10.1177/1545968317721974
https://doi.org/10.1186/s12984-017-0273-7
https://doi.org/10.1016/j.robot.2016.12.015
https://doi.org/10.2147/NDT.S114102
https://doi.org/10.1109/ICRA.2013.6631128
https://doi.org/10.3233/RNN-170782
https://doi.org/10.3233/RNN-170782


Acknowledgements

This work would not have been possible without the help of many others. Here,
I would like to thank everyone who contributed to this work and who supported
me during the last years.

First of all, I would like to thank everyone who participated in my experiments.
Thanks for your enthusiasm, patience, feedback, and the fun we had during the
experiments. Without you this work would not have been possible!

Of course, only having great participants was not sufficient to finish this thesis.
Another crucial ingredient were good supervision and collaboration. Herman and
Edwin, I would like to thank you for this. Herman, thanks for your feedback and
new ideas that further improved this work. Edwin, thanks for all your assistance!
You were always there to help, not only with my thesis, but also my personal
development.

Cristina and Ronald, thanks for being my paranymphs. Cristina, if you had
not come to the Netherlands, this thesis would definitely not look like this. I
enjoyed working together with you and also thanks for all your feedback on my
papers and thesis. Ronald, thanks for the good collaboration on Chapter 2, and
especially for helping me with all ‘system identification questions’.

Thanks to all of my ‘office mates’ (especially Cristina, Guillaume, René and
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