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Summary

Lower-limb wearable exoskeletons have been designed to assist people that have a spinal
cord injury during standing and walking. However, because these people generally also
have impaired balance, it is difficult, if not impossible for them to operate these ex-
oskeletons without additional supporting aids, such as crutches. This implies that they
have to support themselves and the exoskeleton in staying upright. Furthermore, when
using crutches, they cannot use their arms for other activities of daily living. Ideally
the exoskeleton supports its user’s balance, preferably in a human-like way to match the
user’s natural intention. Therefore, proper balance control of the exoskeleton is required.
However, the controllers that are currently implemented in exoskeletons generally lack
the adaptivity to maintain balance in varying circumstances. Although the importance of
balance control in exoskeletons is stressed, research is in its infancy. This work presents
the first steps taken towards postural balance control of lower-limb wearable exoskele-
tons. The focus is specifically on standing balance control strategies for exoskeletons,
inspired by human and humanoid standing balance.

The goal of this thesis is two-fold: 1. to explore balance control strategies for the
application in a lower-limb exoskeletons for people that have a spinal cord injury, with a
particular focus on mimicking human standing balance recovery strategies; 2. to verify
the effectiveness of exoskeleton balance support. Specifically, the following research
questions are addressed:

• Is a momentum-based control strategy suitable for exoskeleton balance control?

– Does a momentum-based controller generate human-like feet-in-place bal-
ance responses?

– How does momentum-based control compare to joint-space control, center
of mass control, and full-state feedback?

• Is it possible to model the human transition from feet-in-place balance strategies
to reactive stepping?

– Can the occurrence of reactive stepping be predicted and what features are
most relevant for that prediction?
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• What are the effects of exoskeleton balance support on the balance performance of
the user?

– What are the effects of an exoskeleton that only has ankle actuation on both
the balance performance and the balance effort of able-bodied users?

– What are the effects of an exoskeleton that has ankle and knee actuation on
the balance performance of people that have a spinal cord injury?

Momentum-based control has successfully balanced various humanoids in standing
and walking. Through optimization the controller aims to find joint torques, such that
a certain desired whole-body (angular and linear) momentum is obtained. Given its
ability to balance humanoids, it has potential to balance exoskeletons and their users.
Therefore, the ability of the momentum-based controller to generate human-like feet-in-
place balance recovery strategies was investigated, by comparing responses simulated
by the momentum-based controller to human data. The momentum-based controller
was not able to mimic the combination of trunk, thigh and shank angle trajectories that
humans generated to recover from perturbations using feet-in-place balance strategies.
Although the controller was able to predict stable feet-in-place balance responses, the
human-likeness of the simulated responses generally decreased with an increasing per-
turbation magnitude, that is, when humans generally apply a hip strategy. Even though
the momentum-based controller has the inherent ability to generate hip strategies as well
as ankle strategies, the shift from one strategy to another did not correspond to the one
observed in the human data. Therefore, for implementation in an exoskeleton it is recom-
mended to improve the controller with respect to the generation of human-like responses,
for example by reconsidering the way the angular momentum is controlled and the con-
straints are implemented.

Besides feet-in-place balance recovery strategies, people also use a reactive stepping
strategy to maintain balance. The transition from a non-stepping balance response to
reactive stepping is often described using inverted pendulum models. These models give
a good prediction of when a step must be taken to maintain balance. However, for the
implementation of a human-like stepping strategy in an exoskeleton it is relevant to know
when reactive stepping appears naturally. Therefore, it was investigated whether the
occurrence of reactive stepping could be predicted, and what features are most relevant
for that prediction. Through a classification-based method it was possible to accurately
predict whether people would take a reactive step to recover from a push. The prediction
accuracy depended on the length of the observation time window: the longer the allowed
time between the push and the prediction, the higher the accuracy. The most important
features for the prediction were the acceleration and velocity of the center of mass, and
the position of the cervical joint center. Given the high step prediction performance, this



method has the potential to be used for triggering reactive stepping in balance controllers
of exoskeletons.

Finally, in this work the effects of an ankle exoskeleton (powered ankle-foot orthosis)
and an ankle-knee exoskeleton on the balance of able-bodied users and (three) users with
an incomplete spinal cord injury respectively were assessed. Therefore, various con-
trollers were implemented on the exoskeletons. For the ankle exoskeleton a body sway
based controller was able to generate human-like torque profiles, whereas a virtual-ankle
stiffness was not. As a result, able-bodied users decreased their biological ankle torques
to recover from the perturbations, while leaving their center of mass response unchanged.
For the users with an incomplete spinal cord injury the findings depended on the standing
ability of each user. One user who was not able to maintain balance in the presence of
perturbations without assistance, was able to withstand small pushes when either a body
sway or a momentum-based balance controller was implemented. For this user the recov-
ery time and sway amplitude hardly varied with the type of balance controller that was
used. The balance performance of the other two users also improved when exoskeleton
support was provided. Their recovery time and sway amplitude were smallest using the
body sway controller. Hence, the exoskeletons were effective in assisting able-bodied
users’ balance by decreasing their biological ankle torques to withstand perturbations,
and in improving the balance of users with an incomplete spinal cord injury, by reducing
the recovery time after a perturbation or by enabling the ability to maintain balance at all.

By modeling human balance for the use in an exoskeleton on the one hand, and by
analyzing and implementing existing balance control strategies on the other, these results
provide insight into how standing balance can be provided to exoskeletons and their
users. As such, they bring us closer to proper postural balance control of exoskeletons.





Samenvatting

Exoskeletten kunnen mensen met een dwarslaesie ondersteunen tijdens het staan en lo-
pen. Omdat de balans van deze mensen doorgaans is aangedaan vanwege de dwarslaesie,
is het voor hen echter moeilijk, of zelfs onmogelijk, om te bewegen in een dergelijk
exoskelet zonder gebruik te maken van krukken of andere ondersteunende hulpmidde-
len. Dit is natuurlijk ongewenst, omdat ze als gebruiker dan niet alleen zichzelf, maar
ook het exoskelet overeind moeten houden. Daarnaast zijn de handen dan niet meer vrij
om andere activiteiten uit te voeren. Idealiter zou het exoskelet zichzelf en de gebruiker
in balans houden, bij voorkeur op een manier waarop mensen dat zouden doen. Op deze
manier zouden de bewegingen van het exoskelet overeenkomen met de intentie van de ge-
bruiker. Om dat te kunnen doen, heeft het exoskelet onder andere een geschikte regelaar
nodig. De regelaars die geı̈mplementeerd zijn in de huidige exoskeletten ontberen echter
de adaptiviteit die nodig is om balans te houden in verscheidene omstandigheden. Hoe-
wel wetenschappers het belang erkennen van regelstrategieën die exoskeletten voorzien
van balans, is er nog maar weinig onderzoek gedaan naar deze strategieën. Dit onderzoek
zet de eerste stappen op weg naar de balansaansturing van exoskeletten. De focus ligt in
het bijzonder op regelstrategieën voor staande balans van exoskeletten, geı̈nspireerd op
staande balans bij mensen en zogeheten “humanoids”; op een mens lijkende robots.

Het proefschrift heeft twee doelen: 1. het onderzoeken van geschikte regelstrategieën
voor de balans van exoskeletten voor mensen met een dwarslaesie, waarbij de focus
ligt op het imiteren van balansstrategieën die mensen gebruiken tijdens het staan; en 2.
het verifiëren van de effectiviteit van balansondersteuning door exoskeletten. Specifiek
worden de volgende onderzoeksvragen geadresseerd:

• Is een “momentum-based controller” – een op impuls(moment) gebaseerde rege-
laar – geschikt als balansregelaar voor exoskeletten?

• Mensen kunnen staande balans houden door middel van een balansstrategie zonder
stappen of door een reactieve stap te zetten. Kan de overgang van de ene naar de
andere balansstrategie gemodelleerd worden?

• Wat zijn de effecten van balansondersteuning door exoskeletten op de balanspres-
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taties van de gebruiker?

Momentum-based controllers zijn succesvol toegepast op humanoids om balans te
houden tijdens staan en lopen. Door middel van een optimalisatie probeert de regelaar
gewrichtsmomenten te genereren die het lichaam van een bepaalde gewenste impuls en
een bepaald gewenst impulsmoment voorzien. De regelaar was in staat om humanoids
te balanceren en zou daarom ook in staat kunnen zijn dit te doen voor exoskeletten en
hun gebruikers. Er is daarom onderzocht of de momentum-based controller mensachtige
balansstrategieën kon genereren, waarbij de voeten niet verplaatst mochten worden. Dit
is gedaan door balans responsies, gesimuleerd met de regelaar, te vergelijken met data
van mensen. De momentum-based controller was in staat stabiele balansresponsies te
voorspellen, maar de gegenereerde combinatie van torso-, dijbeen- en scheenbeenhoeken
kwam niet overeen met de combinatie die de proefpersonen genereerden om te herstellen
van een verstoring zonder te mogen stappen. De gesimuleerde responsie kwam minder
overeen met hoe mensen balans hielden naar mate de verstoring groter werd, met name
wanneer mensen normaal gesproken een heupstrategie gebruiken om balans te houden.
Hoewel de momentum-based controller de inherente mogelijkheid heeft om zowel heup-
als enkelstrategieën te produceren, kwam de overgang van de ene naar de andere strategie
niet overeen met de strategie die waargenomen was in de data van mensen. Daarom is
het voor implementatie in een exoskelet aanbevolen om de momentum-based controller
te verbeteren met betrekking tot het genereren van mensachtige balansresponsies. Dit kan
bijvoorbeeld door de manier waarop het impulsmoment wordt gegenereerd te veranderen
en door de begrenzingen van de optimalisatie aan te passen.

Naast balansstrategieën zonder stappen, gebruiken mensen ook strategieën met stap-
pen om balans te houden. De overgang van een balansstrategie zonder stappen naar een
reactieve stapstrategie wordt vaak beschreven aan de hand van omgekeerde slingermo-
dellen. Deze modellen kunnen goed voorspellen wanneer een stap moet worden gezet om
balans te houden. Echter, voor het implementeren van een mensgelijkende balansstrate-
gie in een exoskelet, is het relevant om te weten wanneer reactief stappen zich normaal
gesproken voordoet. Daarom is er onderzocht of het plaatsvinden van “natuurlijk” re-
actief stappen voorspeld kan worden en welke parameters het belangrijkst zijn voor die
voorspelling. Met een classificatiemethode kon nauwkeurig worden voorspeld of mensen
een stap zouden zetten in reactie op een duw in de rug. De nauwkeurigheid van de voor-
spelling was afhankelijk van de tijdsduur van de waarneming: hoe langer de toegestane
tijd tussen de duw en de voorspelling, hoe hoger de nauwkeurigheid van de voorspelling.
De belangrijkste parameters voor de voorspelling waren de versnelling en snelheid van
het massamiddelpunt en de positie van het centrum van het cervicale gewricht. Omdat
deze methode in staat was stappen te voorspellen met een hoge nauwkeurigheid, heeft
deze potentieel om toegepast te worden om reactief stappen te activeren in balansrege-



laars van exoskeletten.
Tot slot zijn in dit onderzoek de effecten getest van een aangedreven enkel-exoskelet

en enkel-knie-exoskelet op respectievelijk de balans van gebruikers zonder een dwars-
laesie en gebruikers met een incomplete dwarslaesie. Daarvoor werden verschillende
regelaars gebruikt. Voor het enkel exoskelet was een “body sway controller” – een rege-
laar gebaseerd op de lichaamszwaai – in staat om momenten te genereren die lijken op de
momenten die mensen genereren om balans te houden, terwijl een virtuele enkelstijfheid
dat niet was. Dit had tot gevolg dat onaangedane gebruikers hun eigen enkelmoment ver-
laagden om te herstellen van de verstoring zonder hun massamiddelpunt te veranderen.
Voor de gebruikers met een incomplete dwarslaesie waren de bevindingen afhankelijk
van het vermogen van elke gebruiker om zelf te staan (zonder hulpmiddelen). Een ge-
bruiker die niet in staat was om in de aanwezigheid van verstoringen balans te houden
zonder hulpmiddelen, kon kleine duwtjes weerstaan toen een body sway controller of
momentum-based controller werd gebruikt. Voor deze gebruiker varieerden de herstel-
tijd en lichaamszwaai-amplitude nauwelijks met het type regelaar dat was gebruikt. De
balansprestaties van de andere twee gebruikers verbeterden ook toen het exoskelet onder-
steuning bood. Hun hersteltijd en lichaamszwaai-amplitude waren het kortst en kleinst
toen de body sway controller was gebruikt. Oftewel, de exoskeletten waren effectief in
het ondersteunen van de balans van onaangedane gebruikers, door het biologische enkel-
moment te verlagen om een verstoring te weerstaan. Daarnaast waren de exoskeletten
effectief in het verbeteren van de balans van gebruikers met een incomplete dwarslae-
sie, door de hersteltijd na een verstoring te verlagen of door überhaupt staande balans
mogelijk te maken.

Door aan de ene kant de balans van mensen te modelleren voor toepassing in een
exoskelet en aan de andere kant bestaande regelstrategieën te analyseren en te imple-
menteren, geven deze resultaten inzicht in hoe exoskeletten en hun gebruikers kunnen
worden voorzien van staande balans. Als zodanig brengen ze ons dichterbij goede ba-
lansaansturing van exoskeletten.
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Introduction 1
In daily life there are many situations in which people maintain balance without even
thinking about it. Obstacle avoidance, walking on uneven terrain, reaching out to grab
something: for most people these tasks come naturally. Even when the balancing con-
ditions become more challenging, they generally do not lead to a fall. That applies, of
course, to those who are able-bodied.

For people that have a spinal cord injury even the “simple” balancing activities, such
as standing and walking, can be difficult or impossible, due to a loss of motor function
and sensation. The extent of this loss depends on the level and the severity of the injury.
In case of paraplegia, when only the lower extremities are affected, specifically the loss
of the ability to walk causes major challenges in daily life.

To assist people that have a spinal cord injury, lower-extremity wearable exoskeletons
have been designed: robotic structures that are worn alongside the body to provide the
user with movement support. Using these exoskeletons, people that have a spinal cord
injury regain the ability to walk, which may improve their overall level of physical activ-
ity and in turn improve their physical health and psychological well-being. Furthermore,
exoskeletons may motivate people with a spinal cord injury to become independent in
society [48].

A spinal cord injury also affects the sense of balance [138]. Unfortunately, most
exoskeletons do not have a (good) sense of balance either. As a result, it is generally
not possible for people with a spinal cord injury to operate an exoskeleton without us-
ing additional supporting aids. This implies that users support both themselves and the
exoskeleton in staying upright, which is of course undesirable because it poses an ad-
ditional burden on the user. Instead, the exoskeleton should support the user’s balance,
preferably in a human-like way to match the user’s natural intention. The importance of
balance control in exoskeletons is stressed [32, 87, 110], but research is in its infancy.
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Chapter 1. Introduction

This thesis presents the first steps taken towards postural balance control of lower-
extremity wearable exoskeletons. The focus is specifically on designing standing balance
control strategies for exoskeletons, inspired by human and humanoid standing balance.
This chapter provides background on exoskeletons and balance control strategies, and
presents the aim and outline of this thesis.

1.1 State-of-the-art exoskeletons

Exoskeleton business is booming. In the last decade many wearable exoskeletons have
been designed and put on the market, for both rehabilitation and personal use. Box 1.1
shows a non-inclusive overview of commercially available exoskeletons for people that
have a spinal cord injury. Despite several differences in actuated degrees of freedom,
control of the device, and whether or not they require the use of crutches to maintain bal-
ance, they all improve the mobility of their users. However, adequate stability provision
is lacking.

Most of the commercial exoskeletons only have actuation of knee flexion-extension
and hip flexion-extension combined with a fixed or passive ankle joint [1, 39, 40, 111].
The actuation of just these joints is sufficient to generate a gait pattern, but it poses limits
on the ability of the exoskeleton to generate human-like motions and to maintain bal-
ance. For the latter, ankle actuation and actuation of lateral leg movement are critical.
Ankle plantar/dorsiflexion actuation is required to stabilize the body in the sagittal plane
by counteracting the gravitational torque during standing. Furthermore, when hip ab-
duction/adduction is not controlled, it is not possible to step sideways, which is essential
for maintaining balance in the lateral plane. Still, most commercial exoskeletons don’t
have these actuated degrees of freedom (Box 1.1). Hence, these exoskeletons are already
limited in maintaining balance by their mechanical design.

The control strategies implemented in the exoskeletons confirm that the main focus
is on walking. Most of the exoskeletons generate predefined joint trajectories that are
initiated by a push on a button, or the user’s weight shift [39, 51, 111]. There are some
noteworthy exceptions: the Atalante exoskeleton slightly adapts the desired joint tra-
jectories online based on foot impact detection [49, 50], and the HAL uses bio-electrical
signals from relevant muscle groups in the lower limb to initiate gait [1,27]. However, all
these control strategies lack the adaptivity that is required to maintain balance in various
circumstances.

To assure balance in an exoskeleton despite design limitations, additional supporting
aids are usually required, such as crutches. Of the commercially available exoskeletons
for people that have a spinal cord injury, only two can operate without crutches. These
exceptions are the REX [15] and the Atalante [49,50]. For the REX, the superior stability
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1.1 State-of-the-art exoskeletons

comes at a high price: the user does not participate in the control, and is carried by
the exoskeleton as a passive load. Stability is then assured by the rigid design of the
exoskeleton and the very low walking speed of roughly 3 meters per minute [15, 50].
This makes the REX less suitable for normal walking tasks.

Box 1.1 Characteristics of commercially available exoskeletons

HAL Atalante

Weight
14 kg [128]

Max. speed
>1.7 km/h [64]

DOFs
Hip flex./ext.
Knee flex./ext.

Crutches?
yes

Weight
60 kg [30]

Max. speed
0.54 km/h [50]

DOFs
Hip flex./ext.
Hip abd./add.
Hip axial rot.
Knee flex./ext.
Ankle plant./dors.
Ankle inv./ev.

Crutches?
no

Image credit: Prof. Sankai, Univer-
sity of Tsukuba/CYBERDYNE Inc.

Image credit: Wandercraft

ReWalk Indego Ekso GT REX
Weight 30 kg [48] 12 kg [48] 23 kg [48] 38 kg [15]
Max. speed 2.6 km/h [48] 1.3 km/h [48] 1.6 km/h [48] 0.36 km/h [48]
DOFs Hip flex./ext.

Knee flex./ext.
Hip flex./ext.
Knee flex./ext.

Hip flex./ext.
Knee flex./ext.

Hip flex./ext.
Hip abd./add.
Knee flex./ext.
Ankle plant./dors.
Ankle inv./ev.

Crutches? yes yes yes no

Similar to the REX, the Atalante achieves balance by a rigid design and large foot-
plates, but in combination with the control of many actuated joints. In contrast to the
four actuated degrees of freedom in most exoskeletons, the Atalante has six actuated de-
grees of freedom in each leg, which enables it to mimic a much wider range of human
movements than other exoskeletons. Similar to other exoskeletons, the control strategy
is based on trajectory tracking. These trajectories, however, are not fixed, but they con-
verge to a stable periodic gait pattern [50]. By implementing this control strategy on
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Chapter 1. Introduction

the exoskeleton, individuals who have a spinal cord injury were able to walk for 10 me-
ters without crutches. Yet, there are some limitations: the exoskeleton is not able to
handle external perturbations, unexpected interaction forces, or sudden movements of
the user (e.g. spasticity). Furthermore, the obtained walking speed was still low, about
0.5 km/h [50].

1.2 Human balance control

In search of suitable balance control strategies for exoskeletons, it is useful to also con-
sider human balance. First, humans are currently better at maintaining balance than their
robotic counterparts. Second, if the control strategy agrees with what the user would
naturally do, the exoskeleton might become more predictable and more comfortable.
Therefore, a human-like control strategy could improve the cooperation between the user
and the exoskeleton, and contribute to the acceptance of the device by its user.

The human body is considered to be in balance when it is in such a state that a fall
can be prevented [135]. In quiet standing this is the case when the center of mass is
maintained over the base of support (see Box 1.2 for an explanation of various balance
concepts). However, standing is inherently unstable, because the gravity moves the body
away from its equilibrium position. Hence, continuous, stabilizing control is required to
keep the body upright.

Box 1.2 Balance concepts explained

The center of mass (CoM) can be considered as the average position of all body
parts weighted according to their masses. The whole-body linear momentum (LM)
is the velocity of the center of mass multiplied by the total mass of the body. The
angular momentum of a body segment is equal to the angular velocity of the segment
multiplied by its inertia. Then the whole-body angular momentum (AM) about the
center of mass is equal to the sum of the segments’ angular momenta expressed
at the center of mass. The extrapolated center of mass (XCoM) is based on the
inverted single pendulum model. It is the vertical projection of the center of mass
on the ground plus the center of mass velocity times a factor

√
l/g, where l is the

pendulum length and g the gravitational acceleration. The body’s base of support
(BoS) is the contact surface between the foot and the ground when only one foot is
in contact with the ground, or the support polygon that is made up by the ground
contact surfaces of the feet and the space in between when two feet are in contact
with the ground. The ground reaction force (FGRF) represents the sum of all forces

22



1.2 Human balance control

acting between a physical object and its supporting surface, in this case between the
foot and the ground. The center of pressure (CoP) is the point of application of the
ground reaction force vector.

FGRF

CoP, XCoM

CoM

BoS

CoP, XCoM XCoMCoP

AM

LM

CoP XCoM

Pose 1: In quiet upright standing the body’s center of mass lies approximately at the
pelvis. In this case the center of pressure coincides with the vertical projection of
the center of mass on the ground. Since the velocity is zero, the extrapolated center
of mass lies in the same position.
Pose 2: The center of mass is not a body-fixed parameter, but it may lie outside
the body, as is the case when the trunk is rotated excessively. When the center of
pressure is placed at the extrapolated center of mass the movement will theoretically
come to a stop when the center of mass is above the center of pressure (under the
assumption that the body acts as an inverted single pendulum). This is a hypothetical
case, because this point is unstable.
Pose 3: The base of support is reduced to the contact surface between the front end
of the foot and the ground, and the center of pressure is at the edge of the base of
support. A step needs to be taken to prevent a fall.
Pose 4: By taking a step the base of support has increased to the contact surfaces
of the feet with the ground and the space in between. The center of pressure lies
between the two feet. When the foot center of pressure is placed behind the extrap-
olated center of mass, the center of mass velocity will decrease, but increase again
as the center of mass passes the center of pressure (under the assumption that the
body acts as an inverted single pendulum).
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Humans use various strategies that regulate the relationship between the center of
mass and the base of support. In the easiest balancing tasks, such as quiet standing, the
“ankle strategy” is dominant [59]. By delivering ankle torque, the ground reaction force
and center of pressure change, causing the body to rotate around the ankle. Thereby,
linear momentum is generated that moves the center of mass with respect to the base of
support (Box 1.2). The same result can be obtained by changing the angular momentum
around the center of mass, for example by rotating the upper body or swaying the arms.
When the upper body is rotated from the hip joints, this is referred to as “hip strategy”.
The hip strategy is applied in more complex balancing tasks, such as perturbed standing
and balancing on a narrow beam [59]. The ankle and hip strategy are not exclusive, but
often occur in combination. Both are feet-in-place strategies that control the movement of
the center of mass while keeping the base of support unchanged. Alternatively, the base
of support can be changed, for example by stepping. Although this “stepping strategy”
can be used as a last resort when feet-in-place strategies are not sufficient to recover from
a perturbation, it already occurs when perturbations are small [79]. For an exoskeleton
it is essential to generate similar ankle, hip and stepping strategies to show human-like
balancing behaviour.

In feet-in-place balance control studies humans are often represented as single- or
multi-link inverted pendulum models that generate joint torques based on a feedback law
on the joint angles and angular velocities [45]. The inverted single pendulum model can
be used to describe sway movements with respect to the ankle joint, and is sufficient to
describe the ankle strategy [137]. To describe hip strategies as well as ankle strategies the
body can be modeled as an inverted double pendulum that has two joints corresponding
to the ankle and the hip joint. When each joint torque depends on a linear combina-
tion of all the joint angles and angular velocities, this is referred to as linear “full-state
feedback” [3, 16, 72, 97]. Alternatively, feedback can be based on a constrained com-
bination of joint angles and angular velocities, as is the case with center of mass feed-
back [3, 133]. The joint torques then depend on the center of mass position and velocity
of the inverted pendulum. Both feedback controllers have been implemented on inverted
pendulum models to describe human balance responses. Using a linear full-state feed-
back law on an inverted double pendulum ankle and hip strategies could be generated [3],
whereas using center of mass feedback on an inverted single pendulum muscle activity
patterns during human balance responses could be predicted [132].

The inverted pendulum model was also used to detect reactive stepping. In early
work, an inverted single pendulum model with a foot segment was used to determine
the set of feasible center of mass position-velocity combinations for which feet-in-place
standing balance could be maintained, taking into account gravity, a foot slipping thresh-
old, and the fact that the center of pressure lies within the base of support [94,95]. There-
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1.3 Balance control of bipedal robots

fore, the boundary of this set indicates when a reactive step must be taken to prevent a
fall. This boundary was also described using the “extrapolated center of mass position”,
which is the vertical projection of the center of mass position plus a weighted center of
mass velocity term [56, 58]. Balance without stepping can be maintained when the ex-
trapolated center of mass is within the base of support. In other words, a reactive step
must be taken when the extrapolated center of mass leaves the base of support. Outside
the base of support the extrapolated center of mass also has a physical meaning: it indi-
cates the position where the center of pressure should be placed to terminate movement
in an upright position. The aforementioned models can give a good prediction of when
a step must be taken to maintain balance, but they cannot predict when reactive step-
ping appears naturally. Still, inverted pendulum-based methods are used in the control of
bipedal robots for step triggering [28, 143].

1.3 Balance control of bipedal robots

Exoskeletons are not the only robotic devices that go around on two feet, that is, bipeds.
Humanoids show a strong resemblance to exoskeletons, although there is no human in-
corporated in the system. Consequently, humanoid balance must be maintained by proper
control of the actuated joints. As a result, humanoid balance control is further developed
than exoskeleton balance control, and can therefore serve as an inspiration.

Early works on humanoid balancing utilized the zero-moment point concept [126].
By imposing the zero-moment point to be within the base of support a stable gait is ob-
tained. However, this typically leads to slow and inefficient walking with bent knees [73].
Humans do not use this type of control in which the (fictitious) zero-moment point never
leaves the base of support. As a result, the obtained gait patterns are far from human-like.

Currently, more sophisticated balance controllers are implemented on humanoids,
such as “partial hybrid zero dynamics control” [8]. This control method was also ap-
plied on the Atalante exoskeleton to obtain stable standing and walking [50]. In partial
hybrid zero dynamics control, a periodic gait pattern is optimized offline using virtual
constraints on functions of kinematics (for example, a linear combination of multiple
joint angles). By setting these functions to a desired value, the full-order system is re-
duced to a lower dimensional system representation [8]. In the controller implementation
on the Atalante, stability was added against deviations from the periodic gait pattern by
constructing a vector field that steers towards the nominal motion [50]. However, through
this addition only minor deviations from the desired gait pattern can be dealt with. There-
fore, the controller is still limited in handling disturbances.

A control strategy that is often applied on humanoids to impose balance is
“momentum-based control” [55, 71, 75, 76, 90]. The aim of the momentum-based con-
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troller is to find joint torques for the robot that generate a certain desired angular momen-
tum and linear momentum with respect to the center of mass. A typical feature of this
controller is that the desired joint accelerations and contact forces that are related to these
joint torques are obtained through an optimization procedure. This has the benefit that
constraints can be added in the optimization procedure to take into account, for example,
joint movement limits and foot contact restrictions. Key difference with the aforemen-
tioned controller is that the desired joint outputs are dependent on the state of the robot.
Therefore, the controller should better be able to handle disturbances. The momentum-
based controller has successfully balanced various humanoids in standing [55,71,90,123]
and walking [71]. As such, the momentum-based controller is expected to be suitable for
balance control of exoskeletons.

The use of a humanoid control strategy, however, has implications for an exoskeleton.
Firstly, humanoids generally have an upper body as well as a lower body which they can
control to maintain balance. On the other hand, exoskeletons can only control the lower
body, which generally has limited (actuated) degrees of freedom. Secondly, in humanoids
sensory information is available of the whole body, whereas in exoskeletons sensory
information of the human in the device is absent. Thirdly, humanoid control strategies
often require a model of the system, as is the case for the momentum-based controller. A
model of the combination of an exoskeleton and its user is less accurate than a model of
a humanoid, given the unknown human control and the unknown physical characteristics
of the combined system, such as masses, inertia’s and intrinsic stiffnesses. Lastly, for an
exoskeleton a human-like control strategy is desired, but the link between humanoid and
human balance control is largely missing. Therefore, it is not certain if such a humanoid
control strategy will work well on an exoskeleton.

1.4 The Symbitron project

The work in this thesis has been carried out in the context of the European Symbitron
project. The main goal of the Symbitron project was to develop a safe, bio-inspired,
personalized wearable exoskeleton that enables people with a spinal cord injury to walk
without additional assistance, by complementing their remaining motor function. As
such, hardware design, clinical tests, as well as balance control were part of the project
and developed in parallel to each other.

For the hardware development of the exoskeleton a modular design approach was
taken. As such, at the start of the project the “Achilles” was available for testing, an ex-
oskeleton that only has ankle actuation in plantar/dorsiflexion [122] (Figure 1.1a). Sub-
sequently, an exoskeleton was developed that has a separate ankle and knee module,
the “WE1” [84] (Figure 1.1b). Each module has one actuated degree of freedom: ankle
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1.5 The Symbitron project

(a) (b) (c)

Figure 1.1: Overview of exoskeletons used in the Symbitron project. (a) Achilles ankle
exoskeleton. (b) WE1 ankle-knee exoskeleton. (c) WE2 full lower-limb exoskeleton.
The Achilles was worn by an able-bodied person, the WE1 and WE2 by test-pilots.

plantar/dorsiflexion and knee flexion/extension respectively. More recently, the complete
exoskeleton was finished, consisting of an ankle, knee and hip module with actuation in
ankle plantar/dorsiflexion, knee flexion/extension, hip flexion/extension and hip abduc-
tion/adduction [83] (Figure 1.1c). The experiments described in this thesis have been
carried out during the part of the design phase, when only the Achilles and the WE1
were available.

To test the developed exoskeletons, two groups of people that have a spinal cord
injury, referred to as “test-pilots”, were involved from the start of the project. In the
first group test-pilots were included that had impaired motor function at the ankle and/or
knee, but sufficient hip control. For the second group test-pilots were selected that had
fully impaired lower limbs. The test-pilots did not only participate in experiments, but
also provided feedback on the mechanical design and control of the exoskeleton. Hence,
the test-pilots played an active role in improving the exoskeletons.

Within the project, achievements have been made that are outside the scope of this
manuscript. Noteworthy examples are: the development of a modular exoskeleton that
can be customized to fit various people with different impairment levels [84] [83]; the
design of a neuromuscular controller for exoskeletons to generate a physiological gait
and to allow for changes in walking speed [83,140]; the regain of walking ability of fully
impaired test-pilots who wore the complete exoskeleton [83]; and the improvement of
the walking speed of test pilots who had some walking ability themselves, through the
use of an exoskeleton [11] [83].
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1.5 Thesis aim and outline

The goal of this thesis is two-fold: 1. to explore balance control strategies for the ap-
plication in a lower-limb exoskeleton for people that have a spinal cord injury, with a
particular focus on mimicking human standing balance recovery strategies; 2. to verify
the effectiveness of exoskeleton balance support. The thesis deals with the following
research questions:

1. Is a momentum-based control strategy suitable for exoskeleton balance control?
(Chapters 2 and 5)

(a) Does a momentum-based controller generate human-like feet-in-place bal-
ance responses?

(b) How does momentum-based control compare to joint-space control, center
of mass control, and full-state feedback?

2. Is it possible to model the human transition from feet-in-place strategies to reactive
stepping? (Chapter 3)

(a) Can the occurrence of reactive stepping be predicted and what features are
most relevant for that prediction?

3. What are the effects of exoskeleton balance support on the balance performance of
the user? (Chapters 4 and 5)

(a) What are the effects of an exoskeleton that only has ankle actuation on both
the balance performance and the balance effort of able-bodied users?

(b) What are the effects of an exoskeleton that has ankle and knee actuation on
the balance performance of people that have a spinal cord injury?

Chapter 2 shows a comparison between simulated balance responses generated by a
momentum-based controller and human feet-in-place balance responses. Forward simu-
lations were fitted to human data, and the quality of the fit was verified. Additionally, the
momentum-based controller was compared to a full-state feedback controller, based on
the human-likeness of the generated motions.

Chapter 3 elaborates on the transition from feet-in-place balance strategies to reac-
tive stepping in humans. Based on human balance data a classifier was created to predict
whether people would take a reactive step to recover from a push. Furthermore, the per-
formance of the classifier in predicting the occurrence of reactive stepping was analyzed.
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Chapter 4 presents an experimental study on the effects of a powered ankle-foot
orthosis on the standing balance of able-bodied subjects. The effects on balance perfor-
mance and on human effort were assessed. Furthermore, joint-space control and whole-
body control strategies were compared to each other and to minimal impedance.

Chapter 5 shows the results of balance experiments with three Symbitron test-pilots
who had sufficient hip control, wearing an exoskeleton that has ankle and knee actuation.
The effects of the exoskeleton on the balance performance were assessed.

Chapter 6 provides a general discussion of the acquired results, and recommenda-
tions on future directions.
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Chapter 2. Can Momentum-Based Control Predict Human Balance Recovery Strategies?

Abstract

Human-like balance controllers are desired for wearable exoskeletons to enhance human-robot in-
teraction. Momentum-based controllers (MBC) have been successfully applied in bipeds, however,
it is unknown to what degree they are able to mimic human balance responses. In this paper, we in-
vestigated the ability of an MBC to generate human-like balance recovery strategies during stance,
and compared the results to those obtained with a linear full-state feedback (FSF) law.

We used experimental data consisting of balance recovery responses of nine able-bodied subjects
to anteroposterior platform translations of three different amplitudes. The MBC was not able
to mimic the combination of trunk, thigh and shank angle trajectories that humans generated to
recover from a perturbation. Compared to the FSF, the MBC was better at tracking thigh angles
and worse at tracking trunk angles, whereas both controllers performed similarly in tracking shank
angles. Although the MBC predicted stable balance responses, the human-likeness of the simulated
responses generally decreased with an increased perturbation magnitude. Specifically, the shifts
from ankle to hip strategy generated by the MBC were not similar to the ones observed in the
human data.

Although the MBC was not superior to the FSF in predicting human-like balance, we consider
the MBC to be more suitable for implementation in exoskeletons, because of its ability to handle
constraints (e.g. ankle torque limits). Further research into the control of angular momentum and
the implementation of constraints could eventually result in the generation of more human-like
balance recovery strategies by the MBC.
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2.1 Introduction

For bipedal robots (e.g. humanoids and exoskeletons) it can be beneficial to design
controllers that are able to mimic human motion control strategies. Although for the
functional behavior of the robot it is not necessary to design such a human-like con-
troller, there are various reasons to do so [85]: first, humans currently outperform their
robotic counterparts in postural and walking control tasks. Therefore, implementing a
human-like control strategy on a robot may improve its movement capabilities. Second,
human-like control strategies can improve human-robot interactions. In particular for
exoskeletons a human-like controller can be perceived as comfortable and predictable,
which will contribute to the acceptance of the exoskeleton by its user. Furthermore, it
will increase the chance of co-operation between the user and the exoskeleton if the user
has residual motor function.

Because balance is an important property of bipedal robot control, this work explores
the human-likeness of control strategies for standing balance. Several standing balance
control models with varying complexity (i.e. inverted single, double or triple pendulum),
have been directly derived from studies on human balance. These models vary in the
amount of links and the signals that they use as an input for the controller. The inverted
single pendulum model was used to describe sway movements with respect to the ankle
joint [45, 56, 94, 100, 133, 137]. This model was sufficient to describe the ankle strategy,
which is dominant in quiet stance and other balancing tasks [59]. However, to describe
hip strategies as well as ankle strategies, an inverted double pendulum model is required
[3,38,59,97]. Finally, to also include knee movements, inverted triple pendulum models
were applied [6, 16, 72, 120]. Since bipedal robots generally have ankle, knee and hip
joints, at least a inverted triple pendulum model is required to properly model the balance
control of these devices.

Various control laws to predict balance responses have been suggested for their im-
plementation in the previously described inverted pendulum models. Among them, the
control laws based on linear full-state feedback (FSF) [3, 16, 38, 72, 97] and center of
mass (CoM) dynamics [3, 133] are the most common. In the FSF law, the state vector
generally consists of the angles and velocities of all the joints, whereas in the CoM feed-
back law the position and velocity of the model’s CoM are used as input. Afschrift et
al. [3] demonstrated that the FSF law predicted human balance responses better than the
CoM feedback when being applied to an inverted double pendulum model. In particu-
lar, CoM feedback could account for ankle strategies but was not sufficient to accurately
track balance responses in which subjects showed hip strategy. In contrast, with the FSF,
both hip and ankle strategies could be predicted [3]. These findings suggest that for the
balance control of a bipedal robot a FSF law is preferred to CoM feedback. However,
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a drawback of FSF is that the optimal feedback gains are dependent on the magnitude
of the applied perturbation [97]. As the perturbation magnitude is generally unknown in
real life conditions, it is desired to find a control method that is applicable independently
of the perturbation magnitude.

In the field of biped robotics, in particular, in humanoids, optimization-based balance
control strategies have been introduced. A general advantage of these control strategies
is that constraints can be added in the optimization procedure to take into account, for
example, joint movement limits and foot contact restrictions. Such optimization proce-
dures have been extensively applied, for instance in the momentum-based control strat-
egy (MBC) [55,71,76,90], passivity-based contact force control [2,52,62,93] and model
predictive control for balance recovery [5]. The MBC aims to find joint accelerations and
contact wrenches, such that a certain desired whole-body momentum is obtained that im-
poses balance on the robot. In the passivity-based contact force control approach, the aim
is to stabilize the robot by computing a desired balancing wrench and then distribute that
wrench over the contact points. Finally, the model predictive control scheme for balance
recovery aims to regulate ankle, hip and stepping strategies by (primarily) minimizing
the CoM velocity and trunk angular velocity over a prediction horizon.

All of the aforementioned optimization-based controllers seem to show some simi-
larities with human balancing behavior: the MBC is assumed to generate a human-like
motion, in the sense that large rotations of the upper body are observed in response to
pushes [76]; the passivity-based contact force control generated ankle and hip strategies
dependent on the chosen desired balancing wrench and the way it was mapped to the
joint torques [61]; and the model predictive control scheme for balance recovery esti-
mated step lengths and step durations similar to those obtained in perturbed standing
balance experiments that evoked reactive stepping [5]. However, the human-likeness of
the generated motion using these controllers has not been validated.

Our ultimate goal is to find a human-like balance control strategy for the application
in an exoskeleton that supports people who have a spinal cord injury. The MBC might be
suitable for implementation in an exoskeleton, because: (1) it has successfully balanced
various humanoids in standing balance experiments [55, 71, 90]; (2) it is a general con-
trol approach that can also be applied for walking [71]; and (3) controlling the angular
momentum is in line with human standing [53]. Therefore, in this work we investigate
the human-likeness of the MBC in generating standing balance responses to external
perturbations in the sagittal plane. Specifically, we fitted forward dynamics simulation
results to experimental human data and compared the results to those obtained using the
FSF model, which is less computationally complex. Our hypothesis is that the MBC is
better at generating human-like responses to different perturbation magnitudes than the
FSF, because the incorporation of constraints in the internal optimization could result in
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different balance strategies. Therefore, we would also expect that the MBC is better at
predicting human balance responses to unknown perturbations.

2.2 Methods

2.2.1 Experimental data

Data from the study performed by Afschrift et al. [3] were used to fit both the MBC and
the FSF controller and to evaluate the human-likeness of the generated responses. Nine
able-bodied participants (21± 2 years, height 1.67± 0.12 m, weight 65.71± 12.85 kg)
participated in the study. Subjects stood on a moving platform (CAREN, Motek Med-
ical, Amsterdam, The Netherlands) on marked feet positions with a stance width equal
to their shoulder width. Subjects were informed that the platform would randomly move
in mediolateral and anteroposterior directions, and were instructed to maintain balance
without stepping or lifting their heels. Trials that involved heel-lift or stepping were ex-
cluded. The platform translations all had an excursion of 0.16 m, and a slow (S), medium
(M) or fast (F) acceleration profile with a maximum acceleration of 0.6 m/s2, 0.8 m/s2, or
1.1 m/s2 respectively (Figure 2.1). The duration of the platform translations ranged be-
tween 1.2 s and 1.5 s depending on the acceleration profile. To minimize anticipation, the
perturbation protocol was semi-randomized. Two trials without heel-lift or stepping were
recorded for each acceleration profile and direction. We first focused on perturbed stand-
ing in response to posterior (backward) platform translations. Later, anterior (forward)
platform translations were used to cross-validate the obtained results. One representative
trial per acceleration profile was taken as human reference, for the optimization of both
the MBC and FSF controller, resulting in three trials per subject.

Data of each subject were processed in OpenSim 3.3 [29,109] using a subject-scaled
Gait 2392 model to obtain body kinematics, which were used to fit both controllers (Fig-
ure 2.1).

2.2.2 Description of controllers

A human model was assumed with a foot, shank, thigh and head-arms-trunk segment
(Figure 2.2 and section 2.2.3). The model was constrained to move in the sagittal plane,
and the foot segment was fixed to the ground, resulting in three degrees of freedom
(DoFs): the trunk angle qtr, the thigh angle qth and shank angle qs, using the sign con-
vention shown in Figure 2.2c. Inertia and mass properties of each segment were derived
from the corresponding subject-scaled OpenSim model that was used to analyze the ex-
perimental data.
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Figure 2.1: Mean segment angles of the trunk, right thigh, and right shank over the
nine subjects in response to backward platform displacements for the three acceleration
profiles. The shaded grey areas represent ± 0.5·standard deviation. The perturbation
onset is represented with the shaded blue area. The last row shows the acceleration
profile of each perturbation magnitude.
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Figure 2.2: Computation of controller properties based on a rigid link model. The vari-
ables mn are segment masses, q are the segment angles with respect to the absolute ver-
tical, M the total body mass, k the angular momentum and l the linear momentum. The
gravitational force Mg and the ground contact force Fc are applied at the CoM r and
center of pressure p respectively. (a) model in baseline pose. The model is placed in a
right-handed coordinate system. Segment rotations and moments are positive in counter-
clockwise direction. (b) forces acting on the model, resulting in a whole body momen-
tum. Based on segment angles and masses the whole body CoM can be computed. (c)
the segment angles are defined as the angle of segment n with respect to the absolute
vertical. Segment angles are zero in the baseline pose.
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Momentum-based controller

Our implementation of the MBC is based on the control strategies presented by Lee and
Goswami [76] and Herzog et al. [55].

The MBC tries to find joint torques that generate a certain desired whole-body mo-
mentum. The whole-body momentum vector h is composed of the angular momentum of
the CoM k, and the linear momentum of the CoM l (Figure 2.2b). It can be expressed as
a function of generalized velocities q̇ through the centroidal momentum matrix AG [92].

h = AGq̇ (2.1)

Therefore, the momentum rate change ḣ is related to the generalized accelerations q̈.

ḣ = AGq̈+ ȦGq̇ (2.2)

The momentum rate change is also related to the contact forces by the Newton-Euler
equations.

k̇ = ∑i((r− pi)× fi + τi) (2.3)

l̇ = ∑i fi +Mg (2.4)

where r is the CoM position, fi and τi are contact forces and torques acting at positions
pi of contact points i, M is the mass matrix, and g is the gravitational acceleration vector.

Because we are only considering movements in the sagittal plane, the momentum
vector has three components: the angular momentum about the mediolateral axis passing
through the CoM, the linear momentum in anteroposterior direction, and the linear mo-
mentum in vertical direction. The generalized velocity vector consists of the the trunk,
thigh, and shank angular velocities. The only component of the force vector acting on
the body is the ground contact force fc at the center of pressure (CoP) p (Figure 2.2b).
Hence, Equations (2.2), (2.3) and (2.4) can be written as

ḣ =AGq̈+ ȦGq̇ =

1 ry −rx

0 1 0
0 0 1

λ +

 0
0

−Mgy

 (2.5)

λ =

px fcy− py fcx

fcx

fcy

 (2.6)

where λ is the contact wrench, and subscripts x and y represent the directions along the
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anteroposterior axis and longitudinal axis respectively, as shown in Figure 2.2a.

Through optimization with respect to the accelerations q̈ and the contact wrench λ ,
we can then obtain a momentum rate change ḣ that is as close as possible to a certain
desired value ḣd , while satisfying (2.5) [54]. This desired momentum rate change was
derived from the whole-body momentum through a feedback law [76].

ḣd =

[
k̇d

l̇d

]
=

[
Γk(kd− k)

Γl(ld− l)+ΓrM(rd− r)

]
(2.7)

Where Γk represents the control gain on the angular momentum, Γl and Γr represent the
2× 2 control gains on the linear momentum and mass-multiplied CoM position respec-
tively, and subscript d indicates a desired value. The desired angular momentum kd and
desired linear momentum ld were set to zero. The desired CoM position rd was chosen
to be equal to the CoM position of the subject at 1 s before the perturbation onset, for
each subject and each perturbation individually (section 2.2.1).

The MBC optimization problem was composed as

min
q̈,λ

∥∥∥∥∥
[

AG 03×3

W 03×3

][
q̈
λ

]
+

[
−ḣd + ȦGq̇
−Wq̈re f

]∥∥∥∥∥
2

2

(2.8)

s.t. Equation (5.6)

q̈llim < q̈ < q̈ulim (2.9)

xheel < px < xtoe (2.10)

| fcx|< µ fcy (2.11)

where ḣd is the desired momentum rate change given by (2.7), q̈re f is the reference ac-
celeration, W is the relative weighting on this acceleration in the minimization, q̈llim and
q̈ulim are the lower limit and upper limit on the acceleration respectively, xheel is the posi-
tion of the heel, xtoe is the position of the toe, and µ the friction coefficient. The reference
acceleration and the weight were added to the function to ensure that a unique solution
for the optimization problem can be found when AG loses rank. This occurs when the
segments of the model are collinear. Weight W was chosen to be a null-space projector
of the AG matrix, such that accelerations that change the momentum are weighted against
those that do not [55]. If AG is full rank, W is 0. The reference accelerations were chosen
to be zero, such that the weighted norm of the acceleration vector is minimized when the
AG matrix is singular.

Several constraints were imposed on the objective function. Equation (2.5) was added
as an equality constraint to enforce obtaining a solution that is consistent with the equa-
tions of motion expressed at the CoM. Furthermore, to prevent joint angles from ex-
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ceeding their limits [105], (2.9) imposes limits on accelerations. The upper limit q̈ulim

was modified each time step such that a constant maximum deceleration would make
the movement come to a stop before the joint limit. This value was set to -70 rad/s2,
which was slightly lower than the maximum deceleration obtained during the experi-
ment. The lower limit on joint acceleration was obtained similarly. Moreover, (2.10)
ensures that the computed CoP remains within the base of support (BoS), and the friction
constraint (2.11) prevents foot slip.

The objective function (2.8) was minimized over decision variables q̈ and λ by a
custom QP solver generated by CVXGEN [81].

Finally, joint torques were determined by an Inverse Dynamics procedure:

τMBC = H(q)q̈+C(q, q̇)− JT
λ (2.12)

where H is the body’s inertia, C the non-linear contributions to the dynamics and J the
Jacobian that maps the contact wrench λ to joint torques.

Full-state feedback controller

An FSF control model inspired by the work of Park et al. [97] was used to compare to
the MBC. For this FSF, the state consists of the shank, thigh and trunk angles (q) and
angular velocities (q̇):

q =

 qs

qth

qtr

 , q̇ =

 q̇s

q̇th

q̇tr

 (2.13)

The error between the real and the desired state (qd , q̇d)
T was multiplied by a 3× 6

feedback gain matrix K to generate the feedback torques of the inverted triple pendulum
model (section 2.2.3).

τFSF = K

[
q−qd

q̇− q̇d

]
+ τ f f (2.14)

where τ f f is a constant feed-forward torque that was added to have static equilibrium in
the desired state. The desired state was chosen to be equal to the segment angles of the
subject at 1 s before the perturbation onset with velocities set to zero, for each subject
and each perturbation individually (section 2.2.1).
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2.2.3 Analysis

Forward dynamics simulation model

Forward simulations with an inverted triple pendulum model similar to the one in Fig-
ure 2.2 were performed. The model was controlled by the joint torques provided either
by the MBC or by the FSF controller. The segment angles and angular velocities that
were generated by the model were used as inputs for the controllers (Figure 2.3. Passive
torques were included for the knee joint to prevent knee hyper-extension. The simula-
tions were executed individually for each of the nine able-bodied subjects. Inertia and
mass properties of each segment were obtained from the corresponding subject-scaled
OpenSim model. To apply the perturbation that resulted from the acceleration of the
platform to the fixed-foot model, we selected a non-inertial reference frame (i.e. the
motion base). According to Newtonian mechanics, we introduced the inertial forces:

Fi =−mi · ẍi (2.15)

where ẍi is the acceleration of the platform acting on the CoM of each segment, and mi

is the mass of segment i (Figure 2.2a). This method has been used by several researchers
[70, 97], and has the advantage that the motion base does not have to be modeled as an
additional segment, which simplifies the dynamic equations. Note that this formulation
is equivalent to a formulation in an inertial reference frame (i.e. the lab reference frame).

Optimization of controller gains

An optimization problem was defined to identify the MBC and FSF gains that minimize
a cost function that tries to match human and model segment angles for the selected
perturbation levels (Figure 2.3):

min
qsim,z

√√√√ 1
3N

3

∑
z=1

N

∑
n=1

(qhuman,z(t)−qsim,z(t))2 (2.16)

where N is the total number of time samples, qhuman,z is the human motion of a given
segment z, and qsim,z is the simulated response of the corresponding controller (MBC or
FSF) for the same segment. The total simulation time was set to 4 s, from 1 s before the
perturbation was applied until 3 s after. For the summation over time samples n a sample
time of 0.01 s was used. The initial state of the model was constrained based on the
measured segment angles and angular velocities at 1 s before the perturbation onset. The
gain optimization procedure was performed multiple times with different initial guesses
for each setting to avoid local minimum solutions.
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Figure 2.3: Overview of the optimization procedure for the MBC and FSF to fit human
balance responses.

Because the gain optimization of both controllers was initially performed in two dif-
ferent studies, there are some differences in the optimization approaches:

• For the MBC Matlab’s fmincon was used to optimize the feedback gains. The
dynamics were integrated with a fixed-step integrator (ode4 Runge-Kutta).

• For the FSF controller a direct collocation approach was used to find the optimal
feedback gains [3]. Using this approach, the states and controls trajectories were
discretized on a mesh. The time discretized states s were implemented as optimiza-
tion variables, and the equations of motion of the inverted triple pendulum were
implemented as dynamic constraints. This resulted in a large non-linear program-
ming problem, which was created using Casadi [9] and solved using Ipopt [127].

Since this optimization resulted in an unstable system, we constrained the feedback
gains to result in a system that is robust against uncertainty on the initial state [3].
Details on these constraints are discussed in Appendix 2.A.

Comparison to human data

The differences between the simulated and measured segment angles for the three levels
of backward platform translations were quantified by the root-mean-square error (RMSE)
and the Pearson correlation coefficient (r). To assess the human-likeness of the simulated
responses we evaluated the RMSE with respect to the mean range of motion (RoM) of
each body segment across all subjects (Figure 2.1). The RoM was defined as the maxi-
mum peak angle after the perturbation with respect to the baseline angle. We assumed a
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“good” fit to the human data if the generated RMSE was smaller than 30% of the mean
RoM, and a “very good” fit if the RMSE was smaller than 10% of the mean RoM. Note
that as the mean RoM is different for each segment, the thresholds on the RMSE have
different values per segment. For Pearson’s r, the following descriptors were used [88]:
“negligible” correlation r ∈ [0,0.3), “low” correlation r ∈ [0.3,0.5), “moderate” correla-
tion r∈ [0.5,0.7), “high” correlation r∈ [0.7,0.9) and “very high” correlation r∈ [0.9,1].

The ability of both controllers to describe human balance responses was evaluated in
three steps:

1. General fit. For each subject, the controllers’ feedback gains were fitted in one
optimization procedure for all three perturbation levels together. Thereby, the con-
trollers’ balance responses to slow, medium and fast perturbations using fixed con-
troller gains could be assessed.

2. Individual fit. For each perturbation level, the controller gains were fitted in a sepa-
rate optimization procedure to verify whether the deviations from the experimental
data obtained in the general fit were caused by the fixed controller gains.

3. Cross-validation. Balance responses were predicted to perturbations that were not
used during the gain optimization (“unknown” perturbations).

In the third step we predicted responses for medium (M*) backward platform translations
(interpolation), high (F*) backward platform translations (extrapolation), and for forward
platform translations of three levels (Sf, Mf and Ff). For the first two cross-validations,
the gains used in the controllers were obtained by fitting data of the two remaining pertur-
bation levels ([S, F] and [S, M] respectively). For the last cross-validation with forward
perturbations, we used the gains obtained in the general fit over all perturbation levels of
backward platform translations.

Statistics

To compare the controllers based on their fit (RMSE) to the experimental data, we per-
formed a repeated measured ANOVA for each body segment with two within factors:
CONTROL (MBC and FSF) and PERTURBATION LEVEL (S, M, F). Interaction ef-
fects of CONTROL AND PERTURBATION LEVEL combined were assessed. A two-
sided confidence interval with α = 0.05 was used to define significance for all statistical
tests. Greenhouse-Geisser correction was used in case there was a lack of sphericity in
the data, which was tested with Mauchly’s test for sphericity. When a significant differ-
ence was found between controllers, Tukey’s Honestly Significant Difference was used
as a post-hoc test to compare the controllers for individual perturbations magnitudes. For
the cross-validation, a paired t-test was used to compare the fit of both controllers for the
predicted trial.
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Figure 2.4: Comparison between the experimental data of Subject 1 and the optimized
responses of the MBC and the FSF controller over all perturbation levels. (a) general fit
and (b) individual fit. The perturbation onset is represented with the shaded blue area.

2.3 Results

2.3.1 General fit of the controllers

In general, for the trunk and the shank segment, the segment angles simulated using the
optimized controller gains showed a similar trend for both controller, but a different am-
plitude. Figure 2.4 shows the responses of a representative subject. More specifically,
both controllers generated trajectories with a “high” or “very high” trunk angle correla-
tion with human data for all perturbation levels (Table 2.1 and Figure 2.5). The MBC also
generated “high” correlations for the thigh segment for M and F, whereas with the FSF
the respective correlations were “low”. For the shank angle, both controllers generally
showed “moderate” correlations.

Based on the RMSE, both controllers showed a “good” human-likeness for the trunk
segment, but not for the thigh and shank (Figure 2.5). The differences between the gener-
ated trajectories of both controllers were also identified by the statistical tests: the RMSE
on the trunk angle was significantly larger for the MBC than for the FSF (F(1,8) = 11.1,
p = 0.01), while the RMSE on the thigh angle was significantly smaller for the MBC
(F(1,8) = 9.4, p = 0.02) across all levels of perturbations (Figure 2.5 and Table 2.1). The
shank angle was not significantly affected by the type of controller.

Larger perturbations resulted in a larger RMSE on the trunk angle for both controller.
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to the response of an individual subject, and the error bars show the mean and standard
deviation across individuals. Blue shaded areas indicate a “good” fit to the human data
for the RMSE and a “high” correlation for Pearson’s r. Yellow shaded areas indicate a
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Results of the repeated measures ANOVA showed that the trunk angle was significantly
affected by the perturbation magnitude (F(2,16) = 11.8, p < 0.001). The effects were
stronger for the MBC than for the FSF, as shown by the significant interaction effect
between controller and perturbation level on the trunk RMSE (F(2,16) = 12, p < 0.001).
Post-hoc analysis showed that the RMSE on the trunk angle was significantly larger for
the MBC controller for M (p = 0.01) and F (p = 0.001) compared to the FSF.

Table 2.1: Mean±std.deviation of the RMSE and r values across the optimized responses
of the 9 subjects for the general fit of all perturbation levels. The best values of the two
controllers are indicated in bold.

Trunk Thigh Shank
S M F S M F S M F

MBC RMSE 1.2±0.4 2.3±0.7 3.3±1.2 1.5±0.7 1.2±0.4 1.2±0.4 0.8±0.5 1.0±0.4 0.8±0.4
r 0.80±0.10 0.74±0.18 0.85±0.10 0.39±0.38 0.78±0.13 0.76±0.21 0.60±0.47 0.59±0.22 0.66±0.26

FSF RMSE 1.1±0.4 1.6±0.6 2.4±1.0 2.2±0.7 1.6±0.4 1.8±0.5 1.0±0.4 1.0±0.3 0.9±0.2
r 0.82±0.25 0.93±0.03 0.97±0.02 -0.07±0.61 0.48±0.38 0.37±0.48 0.55±0.37 0.65±0.27 0.73±0.16

2.3.2 Individual fit of the controllers

The performances of both controllers in fitting the responses to each perturbation level
individually were better than the performances obtained in the general fit (Figure 2.4b
and Figure 2.6). Improvements for the FSF were larger than for the MBC, resulting
in significantly smaller RMSEs for the trunk (F(1,8) = 47.4, p < 0.001) and the shank
(F(1,8) = 13.1, p = 0.007). This controller effect was not significant for the thigh.

Although the performance of the MBC improved with the individual fit compared to
the general fit, it was still dependent on the perturbation magnitude, whereas this was
not the case for the FSF controller (Figure 2.6). Specifically, the MBC was not able to
show the hip strategy at larger perturbation magnitudes. As a result, the mean RMSE of
the MBC over the three body segments increased with the trunk RoM, which was mainly
caused by the increased RMSE on the trunk angle.

Interaction effects between CONTROL and PERTURBATION LEVEL were ob-
tained for the trunk (F(2,16) = 15.5, p < 0.001) and the thigh (F(2,16) = 12.4, p < 0.001).
Post-hoc test showed that the trunk RMSE was significantly larger with the MBC con-
troller than with the FSF for all perturbation magnitudes (S: p = 0.02, M: p < 0.001 and
F: p < 0.001). In contrast, the thigh RMSE was significantly smaller with the MBC for
S (p < 0.02).

The demonstrated inability of the MBC to describe a human-like trunk motion in
reponse to large perturbation magnitudes, made us to investigate possible reasons to ex-
plain it. Trunk motions should at least be generated if the ankle strategy does not suffice,
which happens when the CoP is near the edge of the BoS (Equation 2.10). The absence
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of trunk motion could therefore indicate that the CoP never gets close to the boundaries
of the BoS, which could indicate that the assumed full BoS was too large. Therefore,
for the same representative subject of Figure 2.4, we also optimized the balance response
of the MBC using smaller BoS sizes (BoS− 3cm and BoS− 7cm). Reducing the BoS
size resulted in a larger trunk rotation in response to an F perturbation, whereas for the
smaller perturbation levels (S and M) the responses were similar to the response of the
MBC that used the full BoS (Figure 2.7). Although a human-like trunk motion could
be generated by the MBC when the BoS was reduced with 7 cm, the error on the thigh
and shank angles increased by doing so (Figure 2.7). The MBC generated a hip rotation
while keeping the knees stretched, whereas the subject kept the knees bent. As a result,
the generated thigh and shank angles differed from the human angles.

2.3.3 Cross-validations

Predictions of medium and fast perturbation magnitudes

All the predicted responses to perturbations that were not included in the optimization
(medium-M* in Appendix 2.A, and fast-F* in Figure 2.8) were stable for both controllers.
This indicates the capacity of the controllers to interpolate and extrapolate.

Differences were found in the correlations of the generated trajectories for the three
segments and two controllers. Respectively “moderate” and “high” trunk correlations
were obtained by the MBC for the predicted M* and F* perturbation levels, compared
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Fast (F)
Simulated balance responses MBC with reduced BoS

Human MBC MBC BoS-3 cm MBC BoS-7 cm

Figure 2.7: Simulated stick-figure of subject 1 responding to a Fast perturbation (F).
Comparison of the experimental data and the optimized responses of the MBC using
various BoS sizes, that is, the full BoS, the BoS minus 3 cm, and the BoS minus 7 cm.
The color of the stick-figure indicates the change over time, from dark gray to light gray.
For the MBC responses the initial states are marked with pink.
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Table 2.2: Mean±std. deviation of RMSE and r values across the 9 subjects for the
predictive (*) responses to medium and fast perturbations. The best values of the two
controllers are indicated in bold.

Trunk Thigh Shank
M* F* M* F* M* F*

MBC RMSE 2.7±1.0 3.7±1.4 1.6±0.5 1.3±0.6 1.3±0.6 1.3±0.7
r 0.62±0.28 0.77±0.19 0.60±0.28 0.65±0.34 0.42±0.36 0.55±0.26

FSF RMSE 2.1±0.8 2.9±1.6 1.7±0.3 2.0±0.8 1.2±0.5 1.1±0.4
r 0.88±0.04 0.91±0.13 0.39±0.39 0.32±0.51 0.55±0.30 0.70±0.16

to “high” and “very high” trunk correlations obtained by the FSF (Table 2.2). For the
thigh angle, for both predicted perturbation levels, “moderate” correlations were ob-
tained by the MBC versus “low” correlations by the FSF. Lastly, for the shank, “low”
and “medium” correlations were obtained using the MBC, compared to “medium” and
“high” correlations using the FSF for the medium and fast perturbation level respectively.

Only for the prediction of the medium level of perturbation a “good” fit to the exper-
imental data was achieved for both controllers on the trunk segment. For other segments
and/or predictions, the RMSE provided by the controllers was not within the defined
thresholds. No significant differences were found between the MBC and FSF controller
when predicting M* (trunk p = 0.18, thigh p = 0.46 and shank p = 0.62) or F* (trunk
p = 0.34, thigh p = 0.08 and shank p = 0.45).

Prediction of forward platform perturbations

The sets of controller’s gains obtained in the general fit to backward platform perturba-
tions (Section 2.3.1) were used to assess the controllers’ responses to forward platform
perturbations. Both the MBC and the FSF provided stable balance responses for all lev-
els of forward platform translations, however, those responses were far from human-like.
More detailed results on the responses to forward platform perturbations are presented in
Appendix 2.A.

2.4 Discussion

2.4.1 Summary of the results

The goal of this study was to assess whether an MBC can be used to generate human-
like responses to balance perturbations. We analysed the human-likeness of the MBC for
standing balance in the sagittal plane, and compared the obtained results of the MBC to
an FSF controller. We investigated whether a single set of (fixed) gains was sufficient
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to explain balance responses to different perturbation magnitudes or whether the gains
needed to be scaled to the perturbation magnitude. Our study can be considered as a
first step towards the implementation of human-like balance controllers in exoskeletons
to support standing and walking function of people with motor disorders.

When fixed controller gains were used to respond to different backward platform
translations (general fit), the human-likeness of the MBC varied with the body segment
and the perturbation magnitude. In general, the MBC showed a better human-likeness for
small perturbation magnitudes than for large perturbation magnitudes, especially when
the hip strategy was not used to maintain balance. The human-likeness (for the combi-
nation of trunk, thigh and shank) of the MBC and the FSF controller were similar: the
MBC showed significantly better results for the thigh segment, whereas the FSF was
significantly better than MBC for the trunk segment. The tracking of shank angles was
performed similarly. Moreover, both controllers were not able to generate sufficiently
large trunk angles in response to the largest perturbation, indicating that both controllers
do not predict hip strategies well.

When fitting for individual perturbation magnitudes, the MBC still did not show good
transitions between ankle and hip balance strategies. In contrast, the FSF did show a
human-like shift from ankle to hip strategy for larger perturbation levels in the individual
fit.

Finally, we used a set of fixed gains to predict responses to unknown perturbations.
Although the responses of both controllers were always stable, the combinations of trunk,
thigh and shank angles were not human-like.

2.4.2 The MBC can(not) explain hip strategy

We demonstrated in our study that the MBC could only describe human-like responses to
small perturbation magnitudes. Even when the gains were fitted to individual perturba-
tions, the RMSE increased with the measured trunk RoM (Figure 2.6), which suggested
that the MBC cannot describe hip strategies. We expected that the MBC would be able to
switch to a hip strategy when the ankle strategy is not sufficient, due to the incorporation
of constraints in the optimization routine of the MBC. However, in the simulation these
constraints were not hit. To test whether the subjects actually tried to keep their CoP
further away from the edge of the BoS, the gains of the MBC were fitted assuming a
smaller effective BoS (Figure 2.7). This demonstrated that indeed, reducing the assumed
BoS leads to a larger trunk RoM. In contrast, the motion of the thigh and shank were
less human-like. This indicates that the inability of the MBC to generate human-like
balance responses to large perturbations was not just a result of an effective BoS that was
assumed to be too large.
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2.4.3 How to improve the MBC

In contrast to the MBC, the subjects generated a hip strategy in combination with an ankle
strategy before the CoP was at the edge of the BoS. This can indicate the following points,
which should be considered in future implementations of the MBC: first, in humans the
CoP limitation on the allowable ankle torque is not represented as a discrete constraint,
but as a rather continuous one. This implies that the computed CoP is prevented from
moving towards the edge of the BoS rather than being stopped at the edge of the BoS.
As a result, the hip strategy will be introduced gradually with an increasing perturbation
magnitude. This matches the findings of Park et al. [97], who suggested that in the central
nervous system biomechanical constraints are represented in a continuous, instead of a
discrete, way. In the MBC this behavior can be implemented by penalizing the CoP in the
objective function of Equation (2.8) as it approaches the edge of the foot. Consequently,
by implementing the CoP dependent ankle torque limit as a penalty, the human-likeness
of the motion generated by the MBC might be improved.

Second, humans do not strictly control their angular momentum to zero in feet-in-
place standing balance. During feet-in-place standing balance there are situations in
which humans are not restricted in generating angular momentum. Note that this does
not mean that humans do not control their angular momentum at all, but that it is possible
that they sacrifice this control objective when their CoP is near the edge of the BoS. This
corresponds to the suggestion of Popovic et al. [101] that angular momentum control
changes from regulation to non-regulation as the “zero spin center of pressure” moves
across the limit of the foot support polygon. It needs to be investigated whether such a
switching of control objectives is sufficient for the MBC to generate human-like motions,
because when the angular momentum is not controlled, the secondary control objective
(the second row in Equation (2.8)) is going to play an important role. Due to this objec-
tive, the generated trunk motion might still be limited, because (as it is defined in this
paper) it minimizes angular accelerations. Furthermore, a switching controller would
introduce new challenges, such as determining when it should switch back to control the
whole body momentum. Nevertheless, the way the angular momentum is implemented
as a control objective in the MBC should be reconsidered.

Deviations between the simulated and the human data may also occur because human
control has an intrinsic time-delay that we did not consider in the controllers. Earliest
changes in muscle contraction happen only after 100 ms [7] and are based on delayed
information estimated by the nervous system. The posture after 100 ms of free falling
after perturbation onset will typically have a slightly dorsi-flexed ankle, flexed knee and
extended hip [106]. Furthermore, the CoM will be shifted forward with a positive ve-
locity. From this more challenging dynamic posture, the ankle strategy is limited [57],
and the hip strategy will need to contribute more in order to restore balance. Introducing
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a physiological time-delay in the MBC may lead to an earlier shift from ankle to hip
strategy, however, it will worsen the robustness of the controller.

2.4.4 Considerations for implementation in exoskeletons

For final implementation in exoskeletons, fixed controller settings are desired that are not
perturbation dependent, because in most real-life situations perturbations (magnitudes
and directions) will be unknown. The predicted responses of both controllers were al-
ways stable, however, the human-likeness worsened in all cases, and even more when
predicting responses to perturbations in other directions. We hypothesized that when
using a single set of gains, the MBC would be better than the FSF at predicting human
balance responses to unknown perturbations, as it optimizes its response and the strategy
used at each time step, being a more general control approach for human standing. This
hypothesis could not be validated as the performance of both controllers in predictions
was similar.

Ultimately, it is desired to find optimal controller gains that are not subject specific,
such that they can be implemented on an exoskeleton for end-users who have a spinal
cord injury, who lack the motor control to maintain balance themselves. However, the
variability between the sets of optimal controller gains for each subject obtained in this
study was high (see Appendix 2.A). In fact, positive and negative values of one and the
same gain were found depending on the subject. An explanation for the varying sign of
the controller gains is that the influence of one gain can be compensated by (a combina-
tion of) other gains, which corresponds to the observation that in the optimization routine
multiple sets of MBC gains generated similar segment angles. Therefore, it is important
to point out that these optimized gains are not unique and should not be considered to
reflect the human control gains. To identify a unique set of gains that does reflect the
human gains, a separate independent perturbation is needed per joint [37]. Finally, to ob-
tain gains that are subject-independent, a gain fitting procedure over all subjects should
be performed.

2.4.5 Limitations

We only evaluated the controllers for a specific case: reactive balance control in response
to platform translations without heel lifting or stepping. This is in line with previous
studies [97], however, the human-likeness of the MBC and FSF might vary for other
types of perturbations (e.g. pushes on the upper body) or if the users are allowed to use a
stepping strategy to maintain balance. Future investigations should address this limitation
to further assess the capacity of different balance control algorithms to estimate human-
like balance responses.
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In our human model we did not take into account the physical compliance that is
introduced by the muscles, given that our ultimate goal is to implement the controller in
an exoskeleton. Instead, we assumed that all joint torque contributions are generated by
the controllers. The integration of intrinsic compliance of biological tissue in the MBC
and FSF concepts should be addressed in future studies.

2.5 Conclusion

In this paper we assessed the ability of an MBC to generate human-like balance recov-
ery strategies during stance. The results showed that the MBC was not able to mimic
the combination of trunk, thigh and shank segment angles observed in human balance
responses, especially for large perturbations. In general, the MBC had difficulties in
modulating the use of the ankle and hip strategy to the perturbation magnitude.

Overall, it is difficult to conclude whether the MBC could describe human-like re-
sponses better than FSF, as it depends on the body segment. In predicting responses to
unknown perturbations, both controllers provided stable responses, although these were
not human-like. The MBC controller has the advantage that it incorporates the possibility
of handling constraints (e.g. maximal torques, limits on joints RoM), which should be
considered if the final aim is to support a human wearing an exoskeleton. This fact would
make the MBC more suitable to be used in future studies with exoskeletons, although the
improvements proposed in the discussion of this manuscript should be considered.
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2.A Appendix to Chapter 2

Constraints in the gain optimization of the full-state feedback con-
troller

To constrain the optimization of the full-state feedback gains to result in a stable system,
an additional non-linear dynamic equation was added to approximate the propagation of
the uncertainty on the initial state [46].

Ṗ = AP+PAT (2.17)

where P is the covariance matrix of the state (q, q̇)T , and A is the Jacobian of the dynamics
with respect to the state:

A =
∂ f (q, q̇,K)

∂ (q, q̇)
(2.18)

where f (q, q̇,K) is the system dynamics including the full-state feedback:

f (q, q̇,K) =

 dq
dt

dq̇
dt

=

 q̇

H(q)−1(C(q, q̇)+ τFSF(q, q̇,K))

 (2.19)

The optimization was then constrained such that the variance on the final state Pend was
lower than the variance on the initial state P0.

diag(Ptend)< Pt0 (2.20)

where
P0 =

[
0.05 0.05 0.05 0 0 0

]
(2.21)

Additional results on predicting perturbation responses

Figure 2.A.1 shows the results that were obtained when predicting responses to medium
backward platform translation (M*).
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Figure 2.A.1: RMSE and Pearson’s r for each controller and segment angle when predict-
ing a medium perturbation. Gains were fitted over the slow and fast perturbation levels
together. Each circle corresponds to the response of an individual subject, and the error
bars show the mean and standard deviation across subjects. Blue shaded areas indicate a
“good” fit to the human data for the RMSE and a “high” correlation for Pearson’s r. Yel-
low shaded areas indicate a “very good” fit for the RMSE and a “very high” correlation
for Pearson’s r.

Figure 2.A.2 shows the results that were obtained when predicting responses to for-
ward platform perturbations. For both controllers the generated responses were stable,
but not human-like. Figure 2.A.3 shows that the obtained RMSE and Pearson’s r values
were generally outside the defined thresholds.
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Optimized controller gains

Figure 2.A.4 shows the values of the controller gains that were obtained in the general
fit to all levels of perturbations. The variability between the optimal controller gains for
each subject was high.
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Chapter 3. Predicting Reactive Stepping in Response to Perturbations

Abstract

Background: People use various strategies to maintain balance, such as taking a reactive step or
rotating the upper body. To gain insight in human balance control, it is useful to know what makes
people switch from one strategy to another. In previous studies the transition from a non-stepping
balance response to reactive stepping was often described by an (extended) inverted pendulum
model using a limited number of features. The goal of this study is to predict whether people will
take a reactive step to recover from a push and to investigate what features are most relevant for
that prediction by using a data-driven approach. Methods: Ten subjects participated in an experi-
ment in which they received forward pushes to which they had to respond naturally with or without
stepping. The collected kinematic and center of pressure data were used to train several classifica-
tion algorithms to predict reactive stepping. The classification algorithms that performed best were
used to determine the most important features through recursive feature elimination. Results: The
neural networks performed better than the other classification algorithms. The prediction accuracy
depended on the length of the observation time window: the longer the allowed time between the
push and the prediction, the higher the accuracy. Using a neural network with one hidden layer
and eight neurons, and a feature set consisting of various kinematic and center of pressure related
features, an accuracy of 0.91 was obtained for predictions made up until the moment of step leg
unloading, in combination with a sensitivity of 0.79 and a specificity 0.97. The most important
features were the acceleration and velocity of the center of mass, and the position of the cervical
joint center. Conclusion: Using our classification-based method the occurrence of reactive step-
ping could be predicted with a high accuracy, higher than previous methods for predicting natural
reactive stepping. The feature set used for that prediction was different from the ones reported
in other step prediction studies. Given the high step prediction performance, our method has the
potential to be used for triggering reactive stepping in balance controllers of bipedal robots (e.g.
exoskeletons).
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3.1 Background

Human standing balance is related to the positioning and motion of the body’s Center of
Mass (CoM), which can be considered as the average position of all body parts weighted
according to their masses. In quiet standing, balance is maintained when the center
of mass is maintained over the base of support (BoS), defined as the support polygon
that is made up by the contact surfaces between the feet and the ground, and the space
in between. Humans use two distinct strategies to maintain standing balance without
additional supports: feet-in-place strategies that do not change the BoS, and stepping
strategies that do. Hence the question arises, when do people switch from a feet-in-
place to a reactive stepping strategy to maintain balance? Answering this question would
not only provide insight in human balance strategies, but is also relevant for human-like
controller design in the fields of humanoid robotics and exoskeletons.

Which strategy humans use to maintain standing balance depends on the environ-
mental constraints, the magnitude of a possible perturbation, and the human posture.
Two feet-in-place strategies can be discerned. First, the “ankle strategy” has shown to be
dominant in quiet standing [59, 106]. In this strategy, ankle joint torques are generated
that result in a change in force distribution beneath the feet on the ground, and there-
fore in a displacement of the point of application of the net reaction force, the center of
pressure (CoP). As a result, the CoM rotates around the ankle joints. Second, the “hip
strategy” is used in more challenging balancing conditions [59, 106]. The upper body is
rotated through the hip joints, which results in a change in angular momentum around the
CoM. The stepping strategy can be used when ankle and hip strategy are not sufficient
to maintain balance, however, in reality it is also used in circumstances similar to the
ones in which feet-in-place strategies are applied [79]. Hence, what exactly makes that
people use a stepping strategy is unknown. Therefore, this study focuses on predicting
the occurrence of natural reactive stepping.

Several methods have been proposed to detect when people take a step. Identifying
this moment is key for the development of systems that support balance and/or prevent
falls. These methods generally make use of an inverted pendulum model. Based on
this model, in early research stability boundaries on a feasible set of CoM/CoM veloc-
ity combinations were presented, within which a movement can be terminated and a
fall prevented [94, 95]. Continuing on this work, the “extrapolated center of mass po-
sition” (XCoM) - the vertical projection of the position of the CoM plus a weighted
velocity term - was introduced as a stability measure [56, 58]. The XCoM indicates the
position where the CoP of the inverted pendulum model should be placed to terminate
movement in an upright position. Therefore, if the XCoM is within the BoS, balance can
be maintained without stepping. Step predictions based on the XCoM corresponded well
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with the stability boundaries on the CoM and CoM velocity [56, 94]. As a follow-up on
the stability boundaries, a method was presented to predict the occurrence of additional
steps as well as an initial reactive step in response to a perturbation, based on the time
required for the CoM to reach the boundary of the BoS [108]. A step must be taken if the
“CoM-time-to-boundary” is smaller than a certain threshold. This concept was based on
the idea that the central nervous system requires a minimum amount of time to initiate
a step, and that a safety margin is employed that causes steps to be initiated earlier than
absolutely necessary. In the field of bipedal robotics, stability measures were (indepen-
dently) introduced that show a strong similarity with the XCoM, such as the “capture
point” [102], the “foot placement estimator” [134], the “generalized foot placement es-
timator” [143] and the “maximum output admissible set” [142]. With the exception of
the CoM time-to-boundary concept [108], the aforementioned models can give a good
prediction of when a step must be taken to maintain balance. While this is useful for fall
prevention, it does not necessarily predict when reactive stepping appears naturally.

Alternatively, a controller-based approach can be taken to predict balance responses
and to predict the occurrence of reactive stepping. A Model Predictive Control scheme
was introduced to generate ankle, hip and stepping balance recovery strategies in simu-
lations based on a linear inverted pendulum model with a flywheel segment [4, 5]. By
adjusting weights in a certain optimization criterion the different balance strategies were
regulated. An advantage of such a control scheme is that it is generalizable to untested
balancing conditions. However, it is unclear whether humans apply a similar optimiza-
tion criterion. While step length and step duration seem to be in line with experimental
results, it has not been validated whether the model can predict natural reactive stepping.

Instead of using a model-based or controller-based approach, the problem of when
people take a step can also be approached as a two-class classification problem. A set
of observations with known outcomes (i.e. a step is taken or no step is taken) is used to
train a classification algorithm. Algorithms that are often used are discriminant analysis,
support vector machines and artificial neural networks. In discriminant analysis the mean
and (co)variance of each class are used to determine to which class a data sample belongs
to. A decision boundary is obtained such that the distances between the class means and
the decision boundary are large, while the class overlap is small [18,42,112]. A decision
boundary can also be obtained through the application of a support vector machine. In
this case not all data samples are taken into account, but only the ones closest to the
decision boundary, the support vectors. The support vector machine tries to maximize
the margin between the decision boundary and any of the data samples [18]. For the
aforementioned classification algorithms the form of the function describing the decision
boundary is known beforehand, which is not the case for artificial neural networks. The
artificial neural network is a structure with an input layer, hidden layers consisting of
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multiple “neurons,” and an output layer. In these neurons the inputs are amplified with a
weight, added together and put through a sigmoid function. The output of each hidden
layer is a new input for the following hidden layer until the output layer is reached.
Which classification algorithm performs best is dependent on the classification problem.
In previous studies on human balance, support vector machines have been used for the
detection of compensatory balance responses during walking [91], for pre-impact fall
detection [77] and for predicting physiotherapists’ ratings on balance performance [14].
However, predicting natural reactive stepping is a different problem. Hence, comparing
multiple classification algorithms is useful.

The performance of the classifier does not only depend on the type of classifier that
is used, but it also depends on the features that are used to make a prediction. The
parameters that are used for describing limits on balance without using a classification
approach can be potential features for training a classification algorithm. In model-based
or data-driven approaches, a common choice is to use the CoM and CoM velocity to
describe standing balance [4, 5, 86, 94, 95, 108, 117]. Furthermore, the CoP and CoP
velocity were used as stability margins [12, 99, 113] and the trunk angular velocity was
used as a controller input for predicting balance responses [4, 5]. It is still unclear what
are the best features for predicting whether people will use a stepping strategy.

In this paper our goal was to predict the natural reactive stepping response of young
able-bodied subjects in response to an external perturbation, without using any infor-
mation of the perturbation for that prediction. Here, we present a novel step prediction
method that is based on binary classification. To find out which classification algorithm
is most suitable for step prediction, we trained and compared several algorithms. Further-
more, we identified the key features that are best able to predict natural reactive stepping.
To put the performance of our step prediction method in perspective, we compared our
method to the stability boundary, the XCoM, and CoM-time-to-boundary concept.

3.2 Experiments

In this study, we trained several classification algorithms to predict the occurrence of
natural reactive stepping. To collect training data, standing balance experiments were
performed in which the aim was to mimic natural stepping in response to a perturba-
tion. The experimental setup (Fig. 3.1) and protocol were approved by Medisch Ethische
Toetsingscommissie Twente.

3.2.1 Subjects

Ten able-bodied subjects (five women, age 23.6 ± 1.9 years, mass 75 ± 11 kg, height
1.80 ± 0.09 m, mean ± SD) participated in the experiment after giving written informed
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Figure 3.1: (a) Schematic overview of the experimental setup. (b) Representative refer-
ence perturbation force profile of the Pusher (reference) and all generated perturbation
forces (real)

consent. Subjects were only included if they had no neurological, musculoskeletal or
other medical impairments that could affect functional movement performance.

3.2.2 Experimental Setup

Subjects stood on a custom made split-belt instrumented treadmill (Y- Mill, Motek, Am-
sterdam, The Netherlands) that has force plates beneath each belt to collect ground re-
action forces and moments. An actuated perturbation device, referred to as “Pusher,”
was placed at the rear of the treadmill to provide forward and backward perturbations
at the pelvis. It consists of a motor (SMH60, Moog, Nieuw-Vennep, The Netherlands)
connected to a horizontal push rod (0.8 m) through a lever arm (0.3 m), as shown on the
right of Fig. 3.1a. At the end of the push rod a modified universal hip abduction brace
(Distrac Wellcare, Hoegaarden, Belgium) was attached, which was tightly worn by the
subjects. A load cell (model QLA131, FUTEK, Los Angeles, CA, USA) was mounted
on the lever arm for torque sensing [125]. The rod was approximately horizontal, such
that a motor torque would result in forward pushing or backward pulling of the subject.
The motor control signal was generated at 1000 Hz using xPC-target (The Mathworks,
Natick, MA, USA) and sent to the Pusher PC over Ethernet (User Datagram Protocol).
The motor was admittance controlled. The reference perturbation force was a rectangu-
lar pulse with a duration of 0.2 s and various magnitudes. Although the Pusher motors
could not track the desired reference force perfectly, the provided pushes were consistent
(Fig. 3.1b). Other than these perturbations, the force was controlled to 0. Subjects wore
a safety harness to prevent a fall.
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3.2.3 Protocol

At the start of the experiment the subject’s baseline pose was measured: a comfortable
upright pose in which the feet were placed next to each other underneath the hips, with
the weight evenly distributed over both legs. The positions of the feet were marked
with tape on the floor and checked throughout the experiment. Subjects were instructed
to maintain balance in a natural way (with or without stepping) and to return to their
baseline pose within the taped area when they had taken a step. The arms were crossed
in front of the body to prevent arm movements and the subjects had to look at a dedicated
point that was about three meters in front of them. The subjects performed a counting
backwards distraction task (in steps of 13) to enforce natural stepping.

The experiment was divided in five trials. In the first trial the goal was to find a first
estimate of the stepping threshold on the perturbation force, the “force threshold,” which
we defined as the strongest perturbation force for which the subject did not take a step to
maintain balance. Perturbation force magnitudes were applied ranging from 0.04mg N
to 0.16mg N in steps of 0.02mg, with a maximum of 133 N in both forward and back-
ward directions, where m is the subject’s mass and g the gravitational acceleration. Each
perturbation was repeated three times. The time between perturbations varied randomly
between eight and twelve seconds.

In trials 2 to 5 perturbation forces were applied that had a magnitude close to the
force threshold (0.11mg ± 0.029mg N in forward direction, 0.074mg ± 0.023mg N in
backward direction, mean ± SD). Perturbation force magnitudes were applied ranging
from the force threshold minus 0.02mg to the force threshold plus 0.06mg in steps of
0.005mg with a Pusher related maximum of 133 N for both forward and backward per-
turbations. Perturbation force magnitudes higher than the limit were not applied. Each
force was repeated five times, resulting in a theoretical maximum total of 170 perturba-
tions, divided over four trials. In reality this number was lower, given the limit on the
perturbation force. Only the forward perturbations (722 in total) were further analyzed
for predicting reactive stepping.

3.2.4 Data collection and processing

Motion data were collected at 100 Hz through the use of a camera-based motion capture
system (Visualeyez II, Phoenix Technologies, Burnaby, Canada). Therefore, three-LED
marker clusters were placed on the subjects on the feet, lower legs, upper legs, the pelvis,
the trunk and the head. In addition to the marker clusters, single LEDs were placed on
the lateral epicondyles of the femur and on the lateral malleoli. Prior to the experiment,
measurements were taken in which anatomical landmarks were pointed out using a LED-
based probe [20, 33]. The force plate and perturbation data were collected at 1000 Hz
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using xPC-target (MathWorks, Natick, MA, USA). A signal composed of pseudo-random
numbers and a time interval of 0.1 s between two samples was sent from the xPC-target
to the Visualeyez PC and logged on both systems. By computing the cross-correlation
between the (resampled) signals, the delay between the systems was established and used
for data synchronization.

The motion data were reconstructed into joint and segment positions, joint angles,
CoM position and velocity, and whole body angular momentum, assuming the human
body segment parameters as described in Dumas et al., 2007 [33]. Because the LEDs on
the marker clusters of the feet often failed during the experiment, the measurements of
these clusters were unreliable. Therefore, the CoM-based parameters were reconstructed
without using the position and mass of the feet. Given the low mass of the feet, and the
limited movement of the feet before a step is taken, the effect of this simplification is
assumed to be negligible. To be able to use the force data together with the motion data,
the force data were resampled to 100 Hz. All motion and force data were smoothed with
a 4th order, zero-lag Butterworth filter using a low pass cut-off frequency of 5 Hz and
8 Hz respectively. These cut-off frequencies were selected such that noise was attenuated
while preserving relevant signal characteristics, based on visual inspection of the filtered
and unfiltered data. The CoP was computed from the measured moments and normal
forces of the force plates.

px =−
My

Fz
(3.1)

py =
Mx

Fz
(3.2)

where px is the CoP in x-direction (forward), py is the CoP in y-direction (outward),
My and Mx are the moments around the y and x-axis respectively, and Fz is the vertical
ground reaction force.

3.2.5 Data set preparation

The balance responses were sorted in two groups: stepping and non-stepping responses.
A reactive step was assumed to be taken if: 1. the vertical ground reaction force on
one of the feet dropped below 20 N; 2. the step took place within two seconds after the
application of the perturbation; and 3. the step length was at least 20% of the foot length
of the subject. The last condition was added to prevent that voluntary foot lifts were
counted as a reactive step. Since vertical foot lifts do not increase the BoS, they are not
considered to be reactive stepping responses. If 1. was met, but 2. and/or 3. were not,
the response was not included in further data-analysis.

During the experiment motion data of 654 stepping and non-stepping responses were
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recorded properly over all subjects, that is, without errors due to failing or occluded
LEDs, and non-traceable marker registration issues. For these responses we checked if
subjects showed consistent behavior at the onset of the applied perturbation. In particular,
data were dismissed if at the onset of the perturbation: subjects showed a deviation of
more than 0.03 m in forward or backward lean; subjects were swaying excessively; or
subjects did not distribute their weight evenly over both legs. Furthermore, the responses
in which subjects showed a lot of heel lift without taking a step were assumed to be
unnatural reactions to the perturbations, as they indicate that great efforts were made not
to step. These responses were therefore dismissed. A total of 580 balance responses, of
which 182 stepping and 398 non-stepping, were left for step prediction. These responses
were divided over three data sets: a training set, a cross-validation set and a test set.
Cross-validation was performed using the holdout method. Because the cross-validation
set was also used for improving and selecting classifiers, an independent test set was
required to verify the final performance. 15% of the stepping and non-stepping responses
was assigned to the test set. Of the remaining responses, 70% was assigned to the training
set and 30% to the cross-validation set. For each subject individually the ratio of stepping
and non-stepping responses was conserved over the data sets.

3.3 Step prediction methods

We approached the problem of predicting whether people will take a reactive step to
maintain balance as a classification problem. Hence we compared the performances
of several commonly used classification algorithms: a linear discriminant analysis
model (LDA), a quadratic discriminant analysis model (QDA), a linear support vector
machine (LSVM) and neural networks (NN) with one hidden layer and five to eight neu-
rons. For the training of these classification algorithms a data set of observations was
needed of which the outcome classes were known. The experimental data that we col-
lected consists of (time-series) responses that have a known outcome class instead of
(time instance) observations that have a known outcome class. Therefore, we defined a
relation between the outcome class of a response and the outcome class of an observation
that was part of that response. For the non-stepping responses all observations from the
start of the perturbation until four seconds after the start of the perturbation were labeled
as “non-stepping” and included in the data set. However, for the stepping responses it did
not make sense to label all observations as “stepping,” since stepping and non-stepping
data were not distinguishable immediately after the perturbation was applied (Fig. 3.2).
Therefore, we decided to include only one observation from each stepping response in
the training data set. The timing and performance of the step prediction is then dependent
on the chosen observation. The selection of suitable observations is further discussed in
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section 3.3.2.

The performances of the trained classification algorithms were also compared to the
performances of conventional step prediction methods. The classification algorithm that
performed best was used to find the features that are essential for predicting reactive step-
ping. Finally, the step prediction performance was calculated using the best classifiers
and the optimized feature sets.

3.3.1 Step prediction using conventional methods

The stability boundary [94, 95], the XCoM [56] and the CoM-time-to-boundary con-
cept [108] were used to predict the occurrence of reactive stepping. The stability bound-
ary is a limit on the CoM velocity given the position of the CoM. For forward pertur-
bations the limit on the anterior velocity normalized to body height is 0 s−1 when the
CoM is positioned above the toe and 0.45 s−1 when the CoM is positioned above the
heel [94]. We used the line passing through these points as the stability boundary. Us-
ing this method, a step was predicted if the combination of CoM position and velocity
exceeded this boundary.

The XCoM is based on the inverted pendulum model of human standing balance [45,
135]. For movements in the sagittal plane it is given by

ξ = xcom +
ẋcom√

g
l

(3.3)

where ξ is the XCoM, xcom the position of the CoM in anteroposterior direction, g the
gravitational acceleration and l the pendulum length. We predicted a reactive step using
this method if the XCoM was larger than the upper limit of the BoS. The full size of the
BoS was assumed to be the foot length from heel to toe, as measured for every subject
before the experiment, but for step prediction we also used various smaller BoS sizes,
since the effective BoS is smaller than the foot length [56, 58].

The CoM-time-to-boundary is the time required for the CoM to reach the boundary
of the BoS, given the CoM velocity. Since we are only considering forward perturbations
in the sagittal plane the instantaneous CoM-time-to-boundary (τ) was defined to be

τ =


xbos−xcom

ẋcom
if ẋcom > 0

Inf if ẋcom ≤ 0
(3.4)

where xbos is the upper limit of the full size BoS, that is, the position of the toes. We
predicted a reactive step using this method if the CoM-time-to-boundary was smaller
than a certain threshold. This threshold value was optimized such that the number of
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Figure 3.2: Top: Vertical ground reaction forces acting on the right foot of subject S9.
The ground reaction forces were used to detect step leg unloading (circles) and toe-
off (crosses) for a selection of stepping (red) and non-stepping (blue) responses. For
one of the stepping responses all prediction time steps are shown (dots). The grey area
represents the duration of the perturbation. Bottom: Timing of prediction time steps (in
seconds) with respect to toe-off of subject S9. SLU indicates step leg unloading, TO
indicates toe-off, tSLU−n and tTO−n indicate the nth time step before step leg unloading
and toe-off respectively. Note that the times are rounded to the nearest hundredth, since
motion data were collected at a 100 Hz.
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Chapter 3. Predicting Reactive Stepping in Response to Perturbations

correct prediction divided by the total number of predictions was highest [108].

3.3.2 Training classification algorithms

Data used for training

For the non-stepping responses all observations from the start of the perturbation until
four seconds after the start of the perturbation were included in the data set, whereas for
the stepping responses only one observation from each stepping response was included.
Since reactive stepping should be predicted before a step is actually taken, we wanted to
include the last observation before step initiation in the data set. However, the moment
of step initiation is not unambiguously defined. A step is assumed to be taken when the
foot of the stepping leg has left the ground, that is, when the ground reaction force on
that foot is zero. This moment is referred to as “toe-off” (TO), as shown in Fig. 3.2.
However, anticipatory postural adjustments may already occur several moments before
TO. A typical anticipatory postural adjustment for gait initiation is peak loading of the
stepping leg [78]. Although this anticipatory postural adjustment is not always present
in reactive stepping [82], for the exemplary subject in Fig. 3.2 this moment can clearly
be distinguished. Even when subjects did not show a large peak in the loading of the
stepping leg, for each stepping response there was a time instant from which on the
ground reaction force decreased towards zero. This moment is referred to as “step leg
unloading” (SLU). Note that this moment can only be derived from the ground reaction
force data when they are analyzed in reversed direction, that is, when the moment of TO
is known.

Although it is reasonable to take SLU as the moment at which a step is initiated, we
decided to train the classification algorithms using various observations between the start
of the perturbation and TO to monitor the performance of the step prediction over time
and to check whether good predictions can be made even before SLU. Fig. 3.3 shows
that the time between the start of the perturbation and TO varies a lot between subjects
(0.56±0.20 s, mean± SD), while the time between SLU and TO is less variable (0.16±
0.03 s). Therefore, we used for every perturbation response the time between SLU and
TO to create five equally spaced prediction time steps between and including SLU and
TO, and two prediction time steps before SLU. The mean timing of these prediction time
steps is shown in Table 3.1.

Features

For the training of the classification algorithms we initially used a fairly large feature
set consisting of the joint positions, joint angles, CoM-based parameters and CoP-based
parameters shown in Fig. 3.4 and Table 3.2. For each subject the features were nor-
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Table 3.1: Mean timing of prediction time steps (in seconds) with respect to toe-off.
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Figure 3.3: Timing of step initiation and toe-off for all subjects. Left: time between the
start of the perturbation and toe-off. Right: time between step initiation and toe-off.

malized using the normalization factors shown in Table 3.2. Furthermore, features were
standardized such that each feature had zero-mean and unit-variance.

x′ =
x− x̄

σ
(3.5)

Where x is the original feature vector, x̄ is the mean of that feature vector, and σ is its
standard deviation. The means and standard deviations are shown in Table 3.2.

Since CoP data are generally difficult to collect reliably outside an experimental lab,
we also trained the classifiers using a feature set that only contains kinematics.

Settings for training the classification algorithms

The classification algorithms were trained with the Statistics and Machine Learning Tool-
box and the Neural Network Toolbox from MATLAB (2015b, The Mathworks, Natick,
MA, USA) using the training set defined in section 3.2.5. Inputs for training the classi-
fiers were the observations of the parameters in the feature set and their corresponding
class labels. Note that the number of non-stepping observations was much larger than the
number of stepping observations, since for the non-stepping responses all observations
from the start of the perturbation until four seconds after the perturbation were included
in the training set, whereas for the stepping responses only one observation was included.
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Figure 3.4: Features and normalization measures used for training the classifiers. A
description of the features is presented in Table 3.2. Normalization measure H is the
subject’s body height, hcom is the height of the center of mass in the baseline pose, l f oot is
the length of the foot measured from heel to toe, and wstance is the stance width measured
from the head of the fifth metatarsal of the left foot to the head of the fifth metatarsal of
the right foot. Fz is the vertical ground reaction force. Joint angles are positive for knee
flexion and hip extension and they are defined to be zero in the baseline pose. Positions
are expressed with respect to the mean position of the left and right ankle over the two
seconds before the perturbation.
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Table 3.2: Full feature set used for training the classification models. Fig. 3.4 shows the
features and normalization factors. All positions are expressed with respect to the mean
position of the left and right ankle over the two seconds before the perturbation. For the
kinematics feature set the CoP-based features were dismissed.

Feature Description Norm. Mean SD
factor x̄ σ

xcom position of the CoM in x-direction (anteroposterior) 1/hcom 0.056 0.030
ẋcom velocity of the CoM in x-direction 1/hcom 0.000 0.057 1/s
ẍcom acceleration of the CoM in x-direction 0.001 0.388 m/s2

kcom whole body angular momentum around the CoM 1/(Mh2
com) 0.000 0.012 rad/s

xcop position of the CoP in x-direction 1/l f oot 0.233 0.161
ẋcop velocity of the CoP in x-direction 1/l f oot 0.000 0.578 1/s
ẍcop acceleration of the CoP in x-direction 0.000 2.090 m/s2

ycop position of the CoP in y-direction (mediolateral) 1/wstance 0.009 0.047
ẏcop velocity of the CoP in y-direction 1/wstance -0.001 0.185 1/s
ÿcop acceleration of the CoP in y-direction -0.003 1.308 m/s2

θhip mean joint angle of left and right hip 0.002 0.075 rad
θknee mean joint angle of left and right knee 0.090 0.085 rad
xCJC position of the cervical joint center in x-direction 1/H 0.035 0.028
xhip mean position of the left and right hip in x-direction 1/H 0.035 0.016
xknee mean position of the left and right knee in x-direction 1/H 0.029 0.013

Therefore, for the LSVM, the weights on the stepping observations were empirically in-
creased to 35 times the weights on the non-stepping observations, to enforce the classifier
not to predict every new observation as a non-stepping response. The training settings
for the LDA, QDA and NN were not adapted. For the LDA and QDA the training is not
affected by class imbalance. The training of the NN was affected by the ratio between
stepping and non-stepping responses, but this had a minor effect on the predictions made
using the cross-validation set. The effect of class imbalance on predicting the outcome
classes of the cross-validation set is discussed in Section “Performance of classification
algorithms”.

3.3.3 Performance of classification algorithms

The classification algorithms were compared based on their performance when predicting
the outcome classes of the cross-validation set that consisted of data of 45 stepping and
103 non-stepping responses. For the stepping responses inputs for the classifiers were
the observations in the time window from the onset of the perturbation up until each
prediction time step, while for the non-stepping responses all observations were used. A
balance response was predicted to be of the non-stepping class if all individual observa-
tions were classified as “non-stepping.” If one or more observations were classified as
a step, the balance response as a whole was classified as “stepping.” Each observation
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Chapter 3. Predicting Reactive Stepping in Response to Perturbations

was classified based on a certain “prediction score” that is the output of the classifier.
This prediction score indicates the likelihood that a new observation belongs to a partic-
ular class. For the LDA and the QDA the prediction score is the posterior probability,
for the LSVM it is the signed distance from the observation to the decision boundary,
and for the NN it is the probability distribution over the predicted outcome classes that
was generated by the Softmax output activation function [18]. Whether an observation
is classified as stepping or non-stepping is dependent on the threshold on the predic-
tion score. Generally, the predicted outcome class is the one for which the likelihood
that the observation belongs to that class is highest. However, by varying the threshold
on the prediction score the performance of the classifier can be optimized based on the
cross-validation set. This is desired, because we want a high performance in classifying
balance responses as a whole, and not necessarily in classifying individual observations.
Furthermore, by varying the threshold on the prediction score we compensate for the ef-
fects of class imbalance in the predictions of the LDA and the QDA, because changing
the threshold is equivalent to changing the prior probability or the misclassification cost.

The used performance measures were the accuracy, sensitivity and specificity: the
accuracy is the total number of correct predictions divided by the total number of pre-
dictions made, the sensitivity is the number of correctly predicted steps divided by the
total number of steps taken, and the specificity is the number of correctly predicted non-
steps divided by the total number of non-steps. Therefore, a high sensitivity means that
the algorithm is highly accurate at predicting steps, while a high specificity means that
the algorithm is highly accurate at predicting non-steps. By varying the threshold on
the prediction score for each classifier, prediction time step and feature set the maxi-
mum achievable accuracy was obtained together with the corresponding sensitivity and
specificity. If multiple thresholds lead to the same maximum accuracy, the one was used
for which the sum of the sensitivity and specificity was highest. The best classifier was
defined to be the classifier that resulted in the highest accuracy.

3.3.4 Feature selection

Through recursive feature elimination (RFE) the goal was to find the subset of features
that were most important for step prediction. Since this is a time-consuming task, only
the classification algorithms with the highest performances on the cross-validation set for
prediction time step SLU were trained, as SLU is assumed to be the moment at which
a subject decides to take a step. First these algorithms were trained using all features.
Then, to get a measure of feature importance, they were trained using all combinations
of all minus one feature. The least important feature was defined to be the feature that
was absent when the highest accuracy on the cross-validation set was achieved. This
feature was removed from the feature set and the algorithms were trained again using all
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combinations of all minus one feature, and so on, until only one feature was left.

The best performing classification algorithms turned out to be the neural networks.
Since the results of trained neural networks are dependent on randomly assigned initial
weights and biases, each training run using a certain combination of features was repeated
ten times. The performance on the cross-validation set was the average performance over
the ten runs. We started the RFE using the full feature set and the kinematics feature set
to obtain at least two smaller feature sets: one with (possibly) CoP-based features and
one with kinematic features only.

3.3.5 Step prediction performance

The classifiers that performed best on the cross-validation set for prediction time step
SLU were trained using the smaller feature sets that followed from the RFE on the full
feature set and on the kinematics feature set. As with the comparison of classification
algorithms, the threshold on the prediction score was varied such that the highest accu-
racy was obtained of predicting outcome classes of the cross-validation set. Then the
performances of these optimized classifiers were computed using the test data set and
compared to the performances of the classifiers trained using the full feature set and the
kinematics feature set.

3.4 Results

Comparison of classification algorithms

Fig. 3.5 shows that generally the highest accuracy on the cross-validation data set was
obtained using a NN, for both the full feature set and the kinematics feature set, indepen-
dent of the observation time window. The NN models score high on the sensitivity, while
the obtained specificity is similar to the other classifiers, indicating that they are able to
accurately predict both stepping responses and non-stepping responses. Overall, the per-
formance of classifiers trained using the full feature set was higher than the performance
of classifiers trained using only kinematics.

The stability boundary, XCoM and CoM-time-to-boundary performed worse than the
trained classification algorithms. Using the CoM-time-to-boundary or stability bound-
ary for step prediction resulted in the highest specificity, but the matching sensitivities,
and therefore the accuracies, were low. Therefore, the stability boundary and the CoM-
time-to-boundary are conservative step predictors that are reluctant to predict a stepping
response. The performance of the XCoM using a BoS size equal to the foot length was
similar to the performance of the stability boundary and therefore not shown in Fig. 3.5.
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Figure 3.5: Performance of classification algorithms on the cross-validation set using (a)
the full feature set including CoP related features and (b) the kinematics feature set. In the
Specificity plots lines for the CoM-time-to-boundary (TTB) and stability boundary (SB)
concepts are overlapping. SLU indicates step leg unloading, TO indicates toe-off, tSLU−n
and tTO−n indicate the nth time step before step leg unloading and toe-off respectively.
Predictions were made using various observation time windows: from the start of the
perturbation until each prediction time step.
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By adapting the size of the BoS, and therefore the upper limit on the XCoM, the sen-
sitivity and accuracy could be increased. Hence, reducing the effective BoS increased
the number of correctly predicted stepping responses. Still, the optimized XCoM model
performed worse than the trained classification algorithms.

The accuracy of the prediction increased with the length of the observation time win-
dow. When predictions were made up until TO, the classifiers trained using the full fea-
ture set predicted balance responses with a maximum accuracy of 0.99, which reduced
to 0.90 and 0.82 for predictions made up until SLU and the second time step before SLU
(tSLU-2) respectively. Predictions made using the kinematics feature set were slightly
worse: for predictions made up until TO, SLU and tSLU-2 the maximum accuracies were
0.97, 0.90 and 0.80 respectively.

For predictions made up until SLU the best performing classification algorithms were
the NN with eight neurons for the full feature set and the NN with five neurons for the
kinematics feature set. Therefore, these classifiers were used for RFE.

3.4.1 Feature Selection

When the full feature set was used for RFE the classification accuracy on the cross-
validation set remained constant for the remaining features until five features were left.
These features were: the acceleration of the CoM, the position of the cervical joint cen-
ter (CJC), the velocity of the CoM, the position of the CoP in mediolateral direction and
the acceleration of the CoP in mediolateral direction, in order of importance (Fig. 3.6).
As more features were removed the accuracy decreased. A similar trend was found when
the kinematics feature set was used for RFE (Fig. 3.7). In this case the most important
features were also the acceleration of the CoM, the position of the CJC and the velocity
of the CoM, supplemented with the position of the knee and the position of the CoM.
Based on this RFE three reduced feature sets were defined: two feature sets consisting
of the five most important features following from the RFE on the full feature set and
the RFE on the kinematics feature set, and one feature set consisting of the three features
that both feature sets have in common.

3.4.2 Test set performance

We tested the step prediction performance of five classifiers:

• a neural network with eight neurons trained with the full feature set,

• a neural network with five neurons trained with the kinematics feature set,

• a neural network with eight neurons trained with the reduced feature set includ-
ing CoP-based features, that is, the feature set containing the five most important
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Figure 3.6: Recursive feature elimination based on the full feature set including CoP-
based features using a neural network with one hidden layer and five neurons. The
moment of step leg unloading was used as prediction time step. The accuracies were
achieved on the cross-validation set.
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Figure 3.7: Recursive feature elimination based on the kinematics feature set using a
neural network with one hidden layer and five neurons. The moment of step leg unloading
was used as prediction time step. The accuracies were achieved on the cross-validation
set.
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Figure 3.8: Performance on the test data set using the original full feature set and kine-
matics feature set, and the three reduced feature sets that followed from recursive feature
elimination. SLU indicates step leg unloading, TO indicates toe-off, tSLU−n and tTO−n
indicate the nth time step before step leg unloading and toe-off respectively. Predictions
were made using various observation time windows: from the start of the perturbation
until each prediction time step.

features resulting from the RFE on the full feature set,

• a neural network with five neurons trained with the reduced kinematics feature set,
that is, the feature set containing the five most important features resulting from
the RFE on the kinematics feature set,

• a neural network with eight neurons trained with the three most important features
resulting from both the RFE on the full feature set and the RFE on the kinematics
feature set.

The shorter the observation time window, the lower the accuracies of the predictions.
The corresponding sensitivities showed a similar trend, whereas the corresponding speci-
ficities were generally high for all prediction time steps (Fig. 3.8).

Fig. 3.8 shows that reactive stepping can be predicted with a maximum accuracy of
1.00, 0.91, and 0.78 for predictions made up until TO, SLU, and tSLU-2 respectively. Us-
ing the full feature set the corresponding accuracies were 0.99, 0.91 and 0.78 (Table 3.3).
When the reduced feature set including CoP-based features was used, accuracies similar
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to the ones using the full feature set were achieved for late prediction time steps, but ac-
curacies for early predictions were low (0.69 for predictions made up until tSLU-2). On the
contrary, using the kinematics feature set or the reduced kinematics feature set, the early
prediction accuracies were similar to the ones using the full feature set, but accuracies
for late prediction time steps were lower (<0.97 for predictions made up until TO). The
accuracy of predictions made up until SLU using the full feature set (0.91) was clearly
higher than the ones obtained using the reduced feature set including CoP-based features
and the reduced kinematics feature set (0.86 for both sets). The prediction accuracies
were lowest when only three features were used (0.86, 0.83 and 0.67 for prediction made
up until TO, SLU and tSLU-2 respectively).

3.5 Discussion

In this work we predicted natural reactive stepping responses through the use of classifi-
cation algorithms. By comparing various classification algorithms we found that neural
networks with one hidden layer and five or eight neurons were most suitable for step pre-
diction using an input feature set without or with CoP-related features, respectively. The
step prediction accuracy was dependent on the length of the observation time window.
For predictions made up until the time steps between (and including) step leg unloading
and toe-off, high accuracies (>0.9) could be obtained. The most important input features
were the acceleration of the CoM, the position of the cervical joint center and the veloc-
ity of the CoM. However, the performance of the classifier trained using only these three
features was low (Fig. 3.8, “NN-8, 3 features”). When the position of the knee and the
position of the CoM were added as a feature, performances similar to the ones using the
full feature set could be obtained for the prediction time steps before step leg unloading
(Fig. 3.8, “NN-5, 5 features”). For the prediction time steps after step leg unloading
the position and acceleration of the CoP (in mediolateral direction) could best be added
(Fig. 3.8, “NN-8, 5 features”).

Table 3.3: Prediction accuracy, sensitivity, and specificity on the test set for each predic-
tion time step obtained using a neural network with eight neurons that was trained with
the full feature set.

Prediction time step
tSLU-2 tSLU-1 SLU tTO-3 tTO-2 tTO-1 TO

Accuracy 0.78 0.81 0.91 0.91 0.98 0.99 0.99
Sensitivity 0.55 0.62 0.79 0.79 0.97 0.97 0.97
Specificity 0.90 0.90 0.97 0.97 0.98 1.00 1.00
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3.5.1 Feature contribution

The performances of the classifiers are dependent on the used features and the assumed
relation between those features. In our classification algorithms comparison (Fig. 3.5)
the performances of the conventional methods (stability boundary and XcoM) were low,
although at TO they were similar to the ones presented by Pai et al. [95] for young able-
bodied subjects (accuracy 0.83, specificity 1). Firstly, this is a result of the assumed
(approximate) linear relation between the features. Our study showed that the trained
NNs performed better than the other classifiers, especially at early prediction time steps.
Using a NN with one hidden layer the decision boundary can be described by a wide
variety of non-linear functions [18,26], whereas for the other classifiers the function form
is fixed (i.e. linear or quadratic). Secondly, the low performance of the conventional
methods is a result of the choice to use the CoM and CoM velocity as features. Even
with a linear model (LSVM) a higher accuracy could be obtained by using more features
(Fig. 3.5), showing that using only the CoM and CoM velocity is not a good choice for
the prediction of natural reactive stepping.

We found that the three most important features for predicting reactive stepping were
the acceleration of the CoM, the location of the CJC and the velocity of the CoM. The
velocity and acceleration of the CoM are parameters often associated with balance [44,
118,132], but the location of the CJC is not commonly used. The positioning of the CJC
is related to upper body rotation, which is assumed to play an important role in balance,
for example in the ‘hip strategy’ [59]. In our feature set the position of the CJC is the
only body-fixed feature in which flexion of the trunk is expressed and this feature could
be a measure of whether the hip strategy can be applied effectively and efficiently to
counteract the perturbation. Therefore, this result indicates that for predicting natural
reactive stepping it is important to take this degree of freedom into account.

The added value of CoP-related features in the feature set is dependent on the obser-
vation time window. For predictions made up until a time step after SLU, the feature sets
that contain CoP-related features performed better than the feature sets that only contain
kinematics (Fig. 3.8). For predictions made up until TO even the maximum prediction
accuracy (1.00) was obtained using the five features that resulted from the RFE on the
full feature set (Fig. 3.8, “NN-8, 5 features”). At this time step the weight of a subject,
and therefore the CoP, has fully shifted to one leg. Hence, it makes sense that good pre-
dictions can be made when the CoP in mediolateral direction is part of the feature set.
However, for predictions made before SLU, the reduced feature set including CoP-based
features performed worse than the kinematics feature set and similar to the feature set
with only three features (Fig. 3.8, “NN-8, 5 features”, “NN-5 Kinematics”, and “NN8-8,
3 features” respectively). This indicates that the CoP-related features that are important
predictors for predictions made up until TO are not relevant for early predictions.
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3.5.2 Methodological considerations

The sensitivity of the step prediction was quite low at early prediction time steps (0.38 for
predictions made up until tSLU-2 for the reduced kinematics feature set, Fig. 3.8, “NN-5,
5 features”). Hence, at early prediction time steps the stepping responses are often not
correctly predicted. This is a result of the choice to optimize for the accuracy. Due to the
imbalance in the number of stepping responses and non-stepping responses in our data
set, an incorrectly predicted stepping response has a larger influence on the sensitivity
than an incorrectly predicted non-stepping response has on the specificity. However, they
both have the same influence on the accuracy. In some cases it is desired to achieve a
high sensitivity. For example, in fall prevention it can be particularly important that steps
are predicted correctly on time, because it is better to make an unnecessary corrective
step than to step too late. Using our prediction method this can be achieved by choosing
the threshold on the prediction score such that a high sensitivity is obtained. However,
that comes at a price of a lower accuracy.

The data collected from the perturbation responses were time series. However, we
did not make the predictions based on the complete time series, but based on individual
observations in the time series. For the stepping responses only one observation from
each stepping response was included in the training set. We also trained the classification
algorithms using more observations, e.g. all observations between the perturbation and
the prediction time step, but that did not improve the performance. Although our initial
attempts did not show any added value of including more samples, more extensive testing
should be done to determine whether the prediction performance can be improved by
including a certain number of observations from each stepping response.

Furthermore, it is possible that the prediction performance can be improved when
the causal relation between time samples is taken into account. We tried to include in-
formation of multiple observations in one sample by passing the data through a moving
average filter, but that did not improve the prediction performance. There are also more
sophisticated methods to classify time series data, for example through dynamic time
warping [89] and hidden Markov models [66]. However, these methods are more com-
plex and non-trivial to implement for predicting reactive stepping in real-time. As we
could already obtain good results with a simpler, sample-based method we did not look
further into classification methods for time-series.

This study had several limitations. First, we tried to predict natural balance responses
in an experimental setting. It is not certain whether subjects indeed reacted naturally. By
giving the subject the task to count backwards, we tried to ensure that they were not
preparing a balance response. Still, in a few cases subjects seemed to react ‘unnaturally’
to a perturbation. By removing these data afterwards we tried to minimize the effects of
unnatural balance responses. Second, the classification algorithms that we tested have
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hyperparameters, which we did not systematically optimize. By optimizing these hyper-
parameters to minimize the prediction error on the cross-validation set, the performance
of the classifiers could be further improved. Last, the classifiers were optimized for one
specific dataset. The data in the training, cross-validation, and test set were from the same
subjects and the same experimental setting. Therefore, it is possible that the obtained re-
sults don’t generalize well to new subjects and other perturbations. Yet, we showed the
potential of using a classification-based method for step prediction, and indicated impor-
tant features for such a prediction.

3.5.3 Possible applications & future work

In this work a classification-based method was presented to predict the occurrence of
natural reactive stepping. Future work includes further validation of the results using
data sets with other subjects and other perturbation types.

The classifiers obtained with the proposed method can be used in several applications,
such as balance training and robotic support. In these cases, the trained classifiers can be
implemented to decide whether or not the subject and/or robot should take or support a
step to maintain balance. Therefore, the features need to be tracked real-time in various
settings, inside and outside a biomechanics lab.

The setting of the application affects which feature set can be used. The kinematic
features can be estimated using inertial measurement units on the body, or in case of
robotic support, using joint encoders on the device. However, CoP-related measures
are generally difficult to collect reliably outside a biomechanics lab. Therefore, if the
application is not in a lab setting, within this method a classifier can be chosen that only
requires kinematic input data to accurately predict reactive stepping.

Considering the step timing, given that an actual step has to be taken, the classifier
should be able to make an early prediction. Hence a classifier that is trained using obser-
vations up until the moment of step leg unloading can be used for the prediction. A step
can then for example be initiated when a new observation is classified as stepping, but
it is also possible to wait until multiple samples predict a stepping response. The latter
increases the robustness of the step prediction, but also increases the risk of initiating the
step too late.

Ultimately, our goal is to implement this step prediction method in a human-like bal-
ance controller for an exoskeleton. Therefore, future research directions are to investigate
the influence of the exoskeleton on reactive stepping, the timing of step initiation with
respect to the timing of the step prediction and where to place the foot when a step is
initiated.

85



Chapter 3. Predicting Reactive Stepping in Response to Perturbations

3.6 Conclusion

In this study we trained classification algorithms to predict natural reactive stepping in
response to an external perturbation. We found that using a neural network with one
hidden layer prediction accuracies could be obtained of 0.91 for predictions made up
until the moment of step leg unloading and 1.00 for predictions made up until toe-off.
In general, the performances were dependent on the timing of the step prediction - the
later the prediction the higher the accuracy - and the feature set that was used for training
the algorithms. The three most important features were the acceleration of the center of
mass, the location of the cervical joint center and the velocity of the center of mass.
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Abstract

Background: Lower extremity exoskeletons are mainly used to provide stepping support, while
balancing is left to the user. Designing balance controllers is one of the biggest challenges in the
development of exoskeletons. The goal of this study was to design and evaluate a balance controller
for a powered ankle-foot orthosis and assess its effect on the standing balance of able-bodied sub-
jects. Methods: We designed and implemented a balance controller based on the subject’s body
sway. This controller was compared to a simple virtual-ankle stiffness and a zero impedance con-
troller. Ten able-bodied subjects wearing a powered ankle-foot orthosis had to maintain standing
balance without stepping while receiving anteroposterior pushes. Center of mass kinematics, ankle
torques and muscle activity of the lower legs were analyzed to assess the balance performance of
the user and exoskeleton. Results: The different controllers did not significantly affect the center
of mass responses. However, the body sway based controller resulted in a decrease of 29% in the
biological ankle torque compared to the zero impedance controller and a decrease of 32% com-
pared to the virtual-ankle stiffness. Furthermore, the soleus muscle activity of the left and right
leg decreased on average with 8%, while the tibialis anterior muscle activity increased with 47%
compared to zero impedance. Conclusion: The body sway based controller generated human-like
torque profiles, whereas the virtual-ankle stiffness did not. As a result, the powered ankle-foot
orthosis with the body sway based controller was effective in assisting the able-bodied subjects
in maintaining balance, although the improvements were not seen in the body sway response, but
in the subjects’ decreased biological ankle torques to counteract the perturbations. This decrease
was a combined effect of decreased soleus muscle activity and increased tibialis anterior muscle
activity.
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4.1 Introduction

4.1 Introduction

Exoskeletons have been successfully used to provide assistance during walking. For
people with lower extremity impairments the focus is generally on rehabilitation [1, 19,
65,111,124] and gait restoration [39,40,131], while exoskeletons for able-bodied people
aim to augment strength and endurance [31, 96, 129, 145, 147]. A particular goal of
exoskeleton studies is to reduce the effort of walking. A key challenge is to overcome
the negative effects of the added weight of the exoskeleton. It was shown that when
using passive or powered ankle-foot orthoses, it is possible to reduce the muscle activity
of ankle plantar flexors [24, 68].

While able-bodied users are able to walk in wearable exoskeletons without assistive
devices, for people suffering from neurological disorders such as a spinal cord injury this
is difficult, if not impossible, due to affected balance. Except for the wearable exoskele-
ton “REX” (REX Bionics Ltd, New Zealand) [104], commercially available devices are
used in combination with crutches for maintaining balance [39, 98, 111]. This implies
that the users are supporting themselves and the exoskeleton in staying upright, although
it would be desirable if the exoskeleton supported the user’s balance. Still, only a few
studies have addressed the topic of exoskeleton balance control during walking [130,131]
or standing [103]. These studies mainly focused on controller implementation and not on
its effect on the user. In maintaining balance, the user and the exoskeleton should work
in harmony and therefore it is essential to incorporate knowledge about human balance
control in the controller.

Several models have been suggested to describe the dynamics of human standing
balance control, based on full-state feedback [3, 38, 69, 72, 97] or center of mass (CoM)
motion [100,132,133]. For full-state feedback, the human is modeled as a multi-link sys-
tem and the state vector generally consists of the angles and velocities of all the joints.
How much each state contributes to a certain joint torque can be acquired by fitting ex-
perimental data to a model simulation. Through forward simulations it was shown that
full-state feedback models are able to predict ankle and hip torques well in a linearized
double-inverted pendulum model [3]. For CoM feedback, the whole body CoM of a
human is generally assumed to sway like a single inverted pendulum. This model has
proven to be sufficient for describing the balance strategy known as the “ankle strategy,”
which is dominant in quiet stance and other simple balancing tasks [59]. Furthermore,
previous studies have shown that CoM kinematics can be used to reproduce muscle ac-
tivity patterns during both ankle and hip postural responses [132, 133].

Our goal is to use an exoskeleton for balancing during standing and walking and
to assess the effect of the exoskeleton on the user. As a first step we tested balance
controllers on a powered Ankle-Foot Orthosis (pAFO) and investigated standing balance
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in the sagittal plane. Since task-space goals, such as controlling CoM excursion, play
an important role in standing balance, the proposed balance controller was based on
CoM kinematics. The assistive torque that the pAFO had to deliver was calculated from
the CoM kinematics according to the single inverted pendulum model. We compared
this control law to a simple stiffness applied around the ankle, which is equivalent to
controlling a single inverted pendulum model in joint-space. Furthermore, ankle stiffness
corresponded to the largest feedback gain of the full-state feedback law for the ankle
torque [97]. As such, the stiffness controller had the potential to positively affect balance
performance, without introducing task-space complexity. The goal of this research is
twofold: 1. to assess the effects of the controlled pAFO on the balance performance
of the user; and 2. to assess the effects of the controlled pAFO on human effort, based
on ankle joint kinetics and muscle activity of the ankle plantar and dorsiflexors. We
hypothesized that, with the application of an assistive torque that is similar to the ankle
torque humans generate when being perturbed, balance performance would improve,
while the human contribution to the balance response would decrease.

4.2 Methods and Materials

In this study, the assistive effect of the pAFO was tested by means of experiments in
which subjects had to maintain balance, without stepping, while receiving external per-
turbations. Ethical approval for the experiments was given by the Human Research Ethics
Committee of Delft University of Technology, the Netherlands.

4.2.1 Subjects

Ten able-bodied subjects (three female, mass 71 ± 6 kg, height 1.81 ± 0.07 m, mean ±
SD) participated in the experiment after giving written informed consent. Based on the
size and stiffness characteristics of the pAFO, participants were selected who were taller
than 1.65 m, weighed less than 84 kg, and had an EU shoe size between 36 and 44.

4.2.2 Experimental Setup

Figure 4.1 shows a schematic overview of the experimental setup.

The Achilles Ankle-Foot Orthosis

The Achilles [122] is a pAFO that can provide dorsi/plantar flexion torques to the ankle,
while inversion and eversion are constrained. As shown in Figure 4.2, the complete
device consists of two orthoses (1.5 kg each) and a backpack. Each orthosis is actuated
by a motor and ball-screw spindle. The spindle is connected to the rotational joint of the
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Figure 4.1: Experimental setup and perturbation profile. (a) Overview of the setup. In
addition to the shown hardware, EMG sensors were placed on the lower legs. (b) The
reference perturbation force profile of the Pusher and all generated perturbation forces
(real) for a representative subject. There was little variation in the generated perturbation
forces.

orthosis by a leaf spring, such that a translation of the spindle results in a spring deflection
and a joint torque. To measure the motor stroke and the joint rotation, the device is
equipped with an incremental encoder on the motor axis and an absolute encoder at
the rotational joint. Since the spring stiffness is known (410 Nm/rad) and the spring
deflection depends on the motor stroke and the joint rotation, the torque that is delivered
by the Achilles can be estimated [122]. In the Zero Impedance (ZI) condition the spring
deflection, and therefore the joint torque, is minimized. There is no compensation for the
inertia of the device, but the inertia effects are small.

The Achilles backpack contains a PC (EtherCAT Master) that communicates with
the orthoses and other hardware modules (EtherCAT slaves). EtherLab (IgH, Essen,
Germany) is used to compile MATLAB/Simulink (2014b, The Mathworks, Natick, MA,
USA) models into executables that can run on the real-time Linux EtherCAT master.
During the experiments subjects did not wear the backpack, but it was suspended behind
them on parallel bars.

Perturbation Device

An actuated perturbation device, referred to as “Pusher,” was used to provide forward
perturbations at the pelvis. It consists of a motor (SMH60, Moog, Nieuw-Vennep, The
Netherlands) located at the rear of the treadmill, connected to a horizontal push rod (0.8
m) through a lever arm (0.3 m), as shown on the right of Figure 4.1a. At the end of the
push rod a modified universal hip abduction brace (Distrac Wellcare, Hoegaarden, Bel-
gium) was attached, which was tightly worn by the subjects. A load cell (model QLA131,
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Figure 4.2: The Achilles ankle-foot orthosis.
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FUTEK, Los Angeles, CA, USA) was mounted on the lever arm for torque sensing [125].
The rod was approximately horizontal, such that a motor torque would result in forward
pushing or backward pulling of the subject. The motor control signal was generated at
1000 Hz using xPC-target (The Mathworks, Natick, MA, USA) and sent to the Pusher
PC, which communicated with the motor driver, over Ethernet (User Datagram Protocol).
The motor was admittance controlled, actively regulating the interaction force between
subject and motor to (near) zero when no perturbation was applied.

Measurement Equipment

To measure the orientation of the shank, thigh and trunk of the subject, three Xsens
(Xsens Technologies B.V., Enschede, the Netherlands) MTx Inertial Measurement Units
(IMUs) with integrated magnetometers were used. Each IMU was calibrated by defining
its axis of rotation to correspond to the mediolateral axis of the subject. This calibration
was done by letting each subject make a squat movement at the start of the first trial. The
signals of the IMU’s were made available real-time on the EtherCAT Master through a
RS232-EtherCAT converter box.

Besides motion data, ground reaction forces and moments were collected using a
custom made split-belt instrumented treadmill (Y- Mill, Motek, Amsterdam, The Nether-
lands) that has force plates beneath each belt. Furthermore, the Delsys Trigno Lab Wire-
less EMG System (Delsys Inc., Natick, USA) was used to record EMG signals on the
gastrocnemius medialis (GM), soleus (Sol) and tibialis anterior (TA). The EMG sen-
sors were equipped with a fourth order Butterworth filter that rejected frequencies above
450 Hz.

4.2.3 Control Strategies

Body Sway Controller

The body sway controller, PDcom, was a proportional-derivative controller that uses the
CoM motion as an input. The control law for the PDcom is as follows:

τach = KP(θswayd −θsway)+KD(θ̇swayd − θ̇sway) (4.1)

where τach is the desired support torque that the Achilles should deliver, KP and KD

are proportional and derivative gains respectively, θsway is the body sway angle that is
dependent on the CoM location with respect to the ankle joint, and subscript d indicates
a desired value. A complete list of symbols is provided in Table 4.1.

The body sway angle was estimated using a human model with four rigid segments: a
foot, shank, thigh and head-arms-trunk segment (Figure 4.3). The segments’ lengths, in-
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Table 4.1: List of symbols

Symbol Meaning

FCx Sum of the horizontal ground reaction forces
FCy Sum of the vertical ground reaction forces
g Gravitational acceleration
hA Ankle height w.r.t. the ground
K Proportional gain of the virtual-ankle stiffness controller
KD Derivative gain of the body sway controller
KP Proportional gain of the body sway controller
lcom Height of the center of mass in upright stance w.r.t. the ankle
M Subject mass
px Center of pressure in anteroposterior direction w.r.t. the ankle
θsway Body sway angle
τach Desired support torque
τtot Total torque applied to the ankle
φA Ankle joint angle

ertias, masses and CoM were estimated using the method described by Winter (2009) [136].
The orientation of the segments was obtained using the IMUs and expressed with respect
to the baseline pose. For this baseline pose, subjects were requested to stand comfortably
upright. Then all segment angles and the body sway angle were set to zero.

The desired body sway θswayd was initially set to zero, matching the zero value of the
body sway angle when a subject was in the baseline pose. During the experiments the
desired body sway angle was adapted to match the body sway angle of the steady pose
that subjects maintained between perturbations, allowing for natural variation in forward
lean. This was done by updating the desired body sway when the subject’s body sway
velocity remained close to zero for over 3 s. In a pilot test this duration had shown to
be long enough to be sure that the subject had adopted a new steady pose. The updated
desired body sway angle was then set to the average of the body sway angle during
those 3 s. To prevent instantaneous changes in the desired body sway angle, the signal
was passed through a second order low-pass filter with a cut-off frequency of 0.5 Hz
Figure 4.4 shows an example of how the desired body sway was adapted to a new steady
pose.

To obtain the body sway velocity the body sway was differentiated and low-pass
filtered using a second order Butterworth filter with a cut-off frequency of 10 Hz. The
desired body sway velocity was set to zero.
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Figure 4.3: Computation of the body sway angle θsway based on a rigid link model. The
variables φ are joint angles, mn are segment masses and M is the total body mass located
at the CoM. (a) Model in baseline pose. The model is placed in a right-handed coordinate
system. Segment rotations and moments are positive in counter-clockwise direction. (b)
The joint angles are defined as the angle of segment n minus the angle of segment n−1.
Segment angles are zero in the baseline pose. (c) Based on segment angles and masses
the whole body CoM can be computed. Similar to the segment angles, the body sway
angle is positive in counter-clockwise direction.
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Figure 4.4: Adaptation of the desired body sway angle to a new steady pose. Top: body
sway angle and desired body sway angle, bottom: scaled body sway velocity. The vertical
dashed lines indicate the time frame in which the body sway velocity is approximately
zero and the average body sway angle is computed. The desired body sway angle moves
slowly to this average value.
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The control gains were normalized to the subject mass M and CoM height lcom:

KP = Mglcom

KD = 0.3
√

Ml2
comKP

where g is the gravitational acceleration. The gain KP was chosen such that the gravita-
tional stiffness was compensated. As a result the subject was able to stabilize the system
with a minimal amount of effort. The subject was assumed to provide the feed-forward
torque to maintain the desired body sway angle himself. Gain KD consisted of a normal-
ization part

√
Ml2

comKP multiplied by a factor 0.3. This multiplication factor was tuned
empirically to maximize damping without causing unstable oscillations.

Virtual-Ankle Stiffness Controller

The Pankle is a proportional controller that takes the ankle angle φA as an input:

τach = K(φAd −φA) (4.2)

where τach is the output torque from the Achilles and K the proportional gain. The
controller is similar to a simple ankle stiffness that tries to keep the ankle angle at its
desired value. The desired ankle angle was initialized as zero, corresponding to the ankle
angle in the baseline pose. Damping was provided by the inherent properties of the ankle
of the subject wearing the Achilles.

The control gain K was chosen to be:

K = Mglcom

which is the same as the gain KP of the body sway controller. Therefore, if subjects
adjusted only their ankle joint angle, while keeping their foot flat on the floor, the stiffness
provided by the virtual-ankle stiffness controller was equal to the stiffness provided by
the body sway controller.

4.2.4 Protocol

Each subject was tested under three control conditions: ZI, PDcom and Pankle in a total of
10 trials. The order of the Pankle controller (three trials) and the PDcom controller (three
trials) was reversed after each subject. To prevent familiarization with the first controller
influencing the second, a ZI trial was done in between. Furthermore, the PDcom and Pankle

controlled trials were preceded and succeeded by ZI trials to let subjects get used to the
perturbation, collect baseline data and to check for fatiguing effects. The trial order for
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each subject is shown in table 4.2.

Table 4.2: Experiment trial order. Subjects were coded S02 to S11. Suffixes (0) to (3)
refer to the trial number, where (0) indicates a practice trial.

Subject Code Controller Order

Sxxodd ZI(0), ZI(1), Pankle(1), Pankle(2), Pankle(3), ZI(2), PDcom(1), PDcom(2), PDcom(3), ZI(3)

Sxxeven ZI(0), ZI(1), PDcom(1), PDcom(2), PDcom(3), ZI(2), Pankle(1), Pankle(2), Pankle(3), ZI(3)

Before the first Pankle and PDcom trial, subjects had one minute of practice time to
feel the effect of the controller.

Before the experiments, subjects were instructed to try their best to maintain balance
without stepping. They were instructed to cross their arms in front of their chests to
prevent arm movement while they balanced. Furthermore, subjects were asked to stand
still between perturbations with their weight evenly distributed on both feet and to return
to their initial pose after a perturbation was applied.

During the experiments, the Pusher provided forward perturbations at the pelvis with
two different magnitudes. The reference force was a rectangular pulse with a duration of
0.2 s and a magnitude of 0.08Mg (N) (small perturbation) or 0.14Mg (N) (large perturba-
tion), where M is the mass of the subject and g the gravitational acceleration. Although
the Pusher motors could not track the desired reference force perfectly, the provided
pushes were consistent (Figure 4.1b). In each trial subjects received 15 perturbations of
each magnitude in a random order. The time between perturbations varied between 8 and
12 seconds.

After five trials subjects had a five minute break. Additionally, subjects were given a
rest when needed.

4.2.5 Data Collection and Analysis

IMU data and joint encoder data were collected on the PC in the Achilles backpack at
a sampling frequency of 100 Hz. Force plate, Pusher and EMG sensor data were col-
lected on the XPC target PC at 1000 Hz. A signal composed of pseudo-random numbers
and a time interval of 0.1 s between two samples was sent from the XPC target to the
Achilles PC and logged on both systems. By computing the cross-correlation between
the (resampled) signals, the delay between the systems was established and used for data
synchronization.

The force plate and Pusher data were resampled to 100 Hz. To remove movement
artifacts, the EMG data were first high-pass filtered in both forward and reverse direction
using a third order Butterworth filter, resulting in a sixth order zero-lag filter with a cut-off
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frequency of 10 Hz. Then they were rectified by taking the absolute value, and low-pass
filtered using a sixth order zero-lag filter with a cut-off frequency of 5 Hz to create an
envelope.

To investigate the effect of the controllers on the standing balance of the subjects,
the body sway, body sway velocity, ankle torques and muscle activity of the lower legs
were analyzed. The body sway velocity was used to obtain a measure of the recovery
time, that is, the subject was assumed to have recovered from a perturbation when the
absolute body sway velocity was lower than 0.015 rad/s. This threshold was based on
the computed variation in body sway velocity during quiet stance. The ankle torques can
provide insight on how much the subject and device are contributing to maintaining bal-
ance. Therefore, the total ankle torque was derived using the center of pressure (CoP) in
the anteroposterior (AP) direction. The CoP was computed from the measured moments
and normal forces of the force plates. Since the location of the subject on the force plates
was known, the CoP could be computed with respect to the time varying location of the
ankle of the subject. For the estimation of the total dorsi/plantar flexion torque applied to
the ankle, the mass of the foot was neglected. Then the total ankle torque

τtot = FCy px−FCxhA (4.3)

where FCy is the vertical ground reaction force, px the CoP in the AP direction with re-
spect to the ankle, FCx the horizontal ground reaction force and hA the time varying ankle
height. The torque applied by the Achilles was estimated from the leaf spring deflection,
which was measured by differences between the motor and joint encoder readings. Sub-
tracting this torque from the total torque resulted in the torque applied by the subject (the
biological ankle torque). The total ankle torque, the torque applied by Achilles and the
biological ankle torque were all normalized by a factor 1

Mglcom
.

Data from the ZI, Pankle and PDcom trials 1:3 were used; ZI(0) was excluded from
the analysis to reduce the effect of subjects not being used to the perturbations. All data
were split to extract the perturbation responses, and the first two perturbations of each
trial were removed.

We computed the root-mean-square (RMS) of the body sway response from the start
of a perturbation until the average time at which subjects had recovered. Therefore, the
average recovery time was calculated over all subjects and all controllers. Additionally,
we computed the RMS of the normalized total ankle torque, normalized biological ankle
torque and the EMG envelopes, but then from the start of a perturbation until the average
time at which the normalized total ankle torque had returned to a steady-state value. We
assumed that the steady-state was reached when the absolute value of the derivative of
the normalized total ankle torque was smaller than 0.02. This threshold was based on
the variation in the derivative of the normalized total ankle torque during quiet stance.
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To compare the muscle activities of all the subjects, the means of the RMS values of the
EMG envelopes in the Pankle and PDcom trials were normalized by dividing them by the
mean from the corresponding ZI trials.

Statistical Procedures

Since not all data were normally distributed, we analyzed the data using non-parametric
tests. Furthermore, both perturbation levels were analyzed separately. We used the
Wilcoxon signed rank test to compare PDcom to the two other control cases by testing
for differences in RMS body sway, recovery time, RMS torque and RMS EMG.

The overall significance level was set at p < 0.05. To correct for two compar-
isons (PDcom compared to ZI and Pankle), for each test the significance level was set at
p < 0.05/2. To compute effect sizes, z-values were transferred to r-values, where r = 0.1
corresponded to a small effect, r = 0.3 a medium effect and r = 0.5 a large effect [23]. All
statistical procedures were carried out with SPSS Statistics 24 (IBM, New York, USA).

4.3 Results

Controller Behavior

We investigated the general behavior of the virtual-ankle stiffness and body sway con-
trollers by analyzing their inputs and outputs.

Due to heel lift, the ankle showed plantar flexion in response to a perturbation, rep-
resented by an increasing ankle angle in Figure 4.5a. However, the body’s CoM sways
forward, which corresponds to the decreasing body sway angle in Figure 4.5b. Therefore,
the output torques of the Pankle controller and PDcom controller are in opposite directions:
a dorsiflexion torque for Pankle (Figure 4.5c) and a plantar-flexion torque for PDcom (Fig-
ure 4.5d).

A comparison of the normalized controller output torques and the normalized bio-
logical ankle torque in the ZI trial shows that for both perturbation sizes the torques gen-
erated by the PDcom follow a similar trend to the biological ankle torque in the ZI trial,
while the torques generated by the Pankle do not (Figure 4.6). Despite these differences
in support torques, subjects were able to maintain balance using each of the controllers.

4.3.1 CoM Kinematics

The amplitude of the body sway angle hardly varied with the controller used, for small
and large perturbations (Figures 4.7a and 4.7b). The results of the Wilcoxon signed rank
tests showed no significant differences between the RMS body sway with the PDcom
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Figure 4.5: Controller inputs and outputs of a representative subject. (a) The ankle angle
measured in the Pankle trial, compared to the ankle angle measured in the ZI and PDcom
trials. (b) The body sway angle measured in the PDcom trial, compared to the body
sway angle measured in the ZI and Pankle trials. (c) Normalized output torque of the
Pankle controller. (d) Normalized output torque of the PDcom controller. The grey boxes
indicate the perturbation period. Similar results were obtained at a group level.
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Figure 4.6: Normalized biological ankle torque in ZI compared to normalized torques
provided by Achilles, mean over all subjects. (a) Torques in response to small pertur-
bations. (b) Torques in response to large perturbations. The grey boxes indicate the
perturbation period.

and the RMS body sway with the other two controllers (Table 4.3). The recovery time,
derived from the body sway velocity, was also similar for all controllers for small pertur-
bations and large perturbations (Figures 4.7c and 4.7d, Table 4.3).

Table 4.3: Statistical test results from the Wilcoxon signed rank test for RMS body sway and
recovery time.

Small perturbations Large perturbations

Variable PDcom vs. ZI PDcom vs. Pankle PDcom vs. ZI PDcom vs. Pankle

body sway z = -0.255, p = 0.846 z = -0.153, p = 0.922 z = -0.357, p = 0.770 z = -0.051, p = 1.000
recovery time z = -0.204, p = 0.865 z = -0.510, p = 0.643 z = -1.989, p = 0.047 z = -0.306, p = 0.785

4.3.2 Ankle Joint Kinetics

For both the small and the large perturbations, there was a decrease in normalized bio-
logical ankle torque for the PDcom compared to ZI and Pankle, while the normalized total
ankle torque stayed approximately the same (Figure 4.8, Table 4.4). The decrease in
median RMS normalized biological ankle torque over all subjects was particularly large
in response to large perturbations: a 29% decrease for the PDcom compared to ZI, and a
32% decrease compared to Pankle. The results of the Wilcoxon signed rank tests showed
that the normalized biological ankle torque response to a large perturbation was signifi-
cantly lower for the PDcom (Mdn = 0.063) compared to ZI (Mdn = 0.089), z =−2,701,
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Figure 4.7: CoM kinematics, mean over all subjects. (a) Body sway angle in response to
a small perturbation. (b) Body sway angle in response to a large perturbation. (c) Body
sway velocity in response to a small perturbation. (d) Body sway velocity in response to
a large perturbation. The grey boxes indicate the perturbation period.
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p = 0.004, r = 0.60 and Pankle (Mdn = 0.093), z =−2,803, p = 0.002, r = 0.63. For the
small perturbations the normalized biological ankle torque was only significantly lower
for the PDcom compared to ZI, but not compared to Pankle (Table 4.4).

Table 4.4: Statistical test results from the Wilcoxon signed rank test for RMS normalized total
ankle torque and RMS normalized biological ankle torque.

Small perturbations Large perturbations

Variable PDcom vs. ZI PDcom vs. Pankle PDcom vs. ZI PDcom vs. Pankle

total torque z = -0.866, p = 0.432 z = -0.051, p = 1.000 z = -1.886, p = 0.064 z = -1.886, p = 0.064
bio. torque z = -2.497, p = 0.010a z = -0.866, p = 0.432 z = -2.701, p = 0.004a z = -2.803, p = 0.002c

a RMS PDcom < RMS ZI
c RMS PDcom < RMS Pankle

4.3.3 EMG

Generally, when the PDcom was applied, subjects showed a decrease in soleus activity
and an increase in tibialis anterior activity with respect to ZI, as shown for a representa-
tive subject in Figure 4.9. These results were also observed at a group level in response to
large perturbations (Figure 4.10b). In that case the median of the RMS soleus muscle ac-
tivity of the left and right leg decreased on average with 8%, while the median of the RMS
tibialis anterior muscle activity increased with 47% compared to zero impedance. The
results of the Wilcoxon signed rank tests showed that the SolL activity significantly de-
creased using the PDcom (Mdn = 0.88) compared to ZI, z =−2,293, p = 0.02, r = 0.50,
while the TAR activity significantly increased (Mdn = 1.56), z = −2,803, p = 0.002,
r = 0.63. Test results for the opposite leg (SolR and TAL) were nearly significant (Ta-
ble 4.5). In comparison with Pankle, PDcom also resulted in a consistent decrease in plantar
flexor muscle activity and an increase in dorsiflexor muscle activity (Figure 4.10), how-
ever this effect was only significant for TAR (Table 4.5).

4.4 Discussion

The goal of this study was to develop a controller that provides balance support for an
exoskeleton and its user. Therefore, we tested a body sway controller and a virtual-ankle
stiffness controller on a pAFO, and assessed their effects on standing balance. The body
sway controller showed a human-like torque profile—that is, a torque profile that has
the same shape as the biological ankle torque profile with ZI—whereas the virtual-ankle
stiffness did not (Figure 4.6). Firstly, we hypothesized that when a human-like assistive
torque was provided, the balance performance would improve. However, subjects did
not use the provided support torques to respond to a perturbation quicker or to reduce the
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Figure 4.8: Normalized total ankle torque and normalized biological ankle torque. (a)
Torques in response to a small perturbation, mean over all subjects. (b) Torques in re-
sponse to a large perturbation, mean over all subjects. (c) Mean of the RMS of the
normalized torques computed over the small perturbations for each subject individually.
(d) Mean of the RMS of the normalized torques computed over the large perturbations
for each subject individually. The grey boxes indicate the perturbation period.

Table 4.5: Statistical test results from the Wilcoxon signed rank test for normalized RMS
EMG. RMS EMG was normalized to ZI.

Small perturbations Large perturbations

Muscle PDcom vs. 1 (ZI) PDcom vs. Pankle PDcom vs. 1 (ZI) PDcom vs. Pankle

GML z = -1.362, p = 0.203 z = -1.599, p = 0.129 z = -1.599, p = 0.129 z = -1.244, p = 0.250
GMR z = -1.988, p = 0.049 z = -1.988, p = 0.049 z = -1.988, p = 0.049 z = -1.580, p = 0.131
SolL z = -0.968, p = 0.375 z = -0.255, p = 0.846 z = -2.293, p = 0.02a z = -1.274, p = 0.232
SolR z = -1.784, p = 0.084 z = -0.633, p = 0.557 z = -2.090, p = 0.037 z = -0.561, p = 0.625
TAL z = -2.073, p = 0.039 z = -0.889, p = 0.426 z = -2.192, p = 0.027 z = -1.362, p = 0.203
TAR z = -2.191, p = 0.027 z = -0.561, p = 0.625 z = -2.803, p = 0.002b z = -2.701, p = 0.004d

a RMS PDcom < RMS ZI
b RMS PDcom > RMS ZI
d RMS PDcom > RMS Pankle
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body sway. Secondly, we expected that the human contribution to the balance response
would decrease. This was indeed the case, since subjects reduced their own contribution
to ankle torque.

In the scarce literature on balance control of exoskeletons, no results have been re-
ported on the effects on the biological ankle torque. Therefore, we compared our results
with pAFO locomotion studies. For torque assisted walking, decreased biological ankle
torques were reported [24, 68]. In these studies, the support torque profiles that were
provided to the subjects had a similar shape as the biological torque profiles during unas-
sisted walking. These findings are similar to our results on pAFO balance control.

In our work, the decrease in biological ankle torque was a combined effect of de-
creased soleus activity (8%) and increased tibialis anterior activity (47%). This is similar
to the results of Collins et al. (2015) [24], who also reported decreased soleus activity
and increased tibialis anterior activity (although in combination with affected gastrocne-
micus activity), but different from the results of Kao et al. (2010), who only showed a
decrease in soleus activity, without an increase of tibialis anterior activity [68]. For bal-
ance recovery from a forward perturbation the plantar flexor muscles are typically active.
However, the increased tibialis anterior activity indicates co-contraction of the lower leg
muscles. A possible reason for this co-contraction is that it could be an effective way to
decrease the biological ankle torque, while limiting the decrease in joint stiffness. Since
the EMG signal is not an absolute measure of muscle activity, it is not immediately clear
whether the total muscle activity has increased or decreased. We expressed the RMS
EMG with respect to ZI to be able to analyze the effects of the controllers on the mus-
cle activities across subjects. This normalization impacts the interpretation of the 8%
decrease in soleus activity and 47% increase in tibialis anterior activity, since the abso-
lute changes in muscle activity are dependent on the muscle activity with ZI. Although
in unassisted standing balance mainly plantar flexor muscles are active during recovery
from a forward perturbation, Maki and Ostrovski (1993) reported a substantial amount
of co-contraction for forward sway induced by backward platform perturbations, which
increased with increasing perturbation magnitude [80]. Since the perturbations in our
experiment were also large, we would expect substantial tibialis anterior activity with
ZI. Therefore, it is not likely that the relatively large increase in tibialis anterior activity
is a result of low muscle activity with ZI. Consequently, we cannot be conclusive about
whether the total muscle activity increased or decreased through the concurrent changes
in soleus and tibialis anterior activity.

Modifications in muscle activity can be feedback-driven or a result of feed-forward
adaptation over time. In this study the reduction of the biological ankle torque when
using the body sway controller could already be observed at the beginning of a trial
and remained constant over that trial. This suggests that the changes in muscle activity

107



Chapter 4. Effects of a Powered Ankle-Foot Orthosis on Perturbed Standing Balance

are feedback-driven adjustments. Similar feedback responses were found for walking
pattern adaptation in the presence of velocity-dependent resistance, but in combination
with feed-forward adaptive strategies [74]. It is possible that feed-forward adaptation
could also occur in standing balance with a controlled pAFO, but that the exposure to the
controllers in this study was too short to demonstrate this effect.

Besides a decreased human contribution to ankle torque, we also found that the body
sway in response to a perturbation was similar for all controllers (Figure 4.7). It is not
directly clear why the body sway stayed approximately the same, while the provided
support torques were different. For example, in Functional Electrical Stimulation con-
trolled standing, able-bodied subjects do change their body sway when different control
strategies are applied [60]. There are several explanations for the unchanged body sway.
Firstly, according to the inverted-pendulum model, the total torque must increase to re-
duce the body sway. In case of a large perturbation, it is not always possible to increase
the total ankle torque considering that the CoP is already at the edge of the base of sup-
port. However, this does not hold for the small perturbations for which we saw the same
effects. Secondly, subjects may prefer to reduce effort when they are confidently able to
maintain balance. This preference of minimizing effort instead of body sway was also
reported in standing balance identification studies, through comparisons between optimal
and identified neural feedback gains [69, 121]. Lastly, subjects may need more training
time to adapt their body sway response.

The body sway controller and virtual-ankle stiffness controller are not only different
in the sense that they require different angles as an input. For one thing, for the sake of
simplicity the virtual-ankle stiffness controller did not have a velocity dependent compo-
nent. For another thing, for the body sway controller we allowed the desired body sway
angle to adapt to a new steady pose, while for the virtual-ankle stiffness controller the
desired ankle angle was kept constant. As a result of keeping the desired ankle angle
constant, there was an offset from zero in the torque provided by the pAFO when the
virtual-ankle stiffness controller was used (Figure 4.6). Yet, we do not think that the
virtual-ankle stiffness controller would perform better when a velocity dependent com-
ponent was added to the control law, or when the desired ankle angle was updated to a
new steady pose, since the support torques generated in response to a perturbation would
still be small, or even in opposite direction (Figure 4.6).

A practical implication of using a body sway controller is that the CoM location
should be estimated on-line. Generally, exoskeletons are equipped with joint encoders.
While this is sufficient for simpler controllers, such as the virtual-ankle stiffness, for a
body sway estimation additional sensors are needed, which adds complexity to the setup.
We used three IMUs and anthropometric data to make a CoM estimation, but simpler
methods based on a single IMU have already been shown to give good results during
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walking [43].
Ultimately, our goal is to improve the standing balance of people with a spinal cord

injury. Based on the results of the tests with able-bodied subjects, it is difficult to pre-
dict how people with a spinal cord injury would respond to the provided support torques.
Able-bodied subjects reduced their own ankle torques, but individuals with a spinal cord
injury, depending on the level of injury, typically cannot provide large ankle torques
themselves. Therefore, a future direction is to test these balance controllers on an ex-
oskeleton for people with a spinal cord injury who are not able to balance themselves.

4.5 Conclusion

In this study we investigated the effects of a pAFO on the standing balance of able-
bodied subjects. We found that when using a controller that uses body sway motion as
an input, effective supportive torques could be provided. These support torques followed
a similar trend to the ankle torques humans would provide in response to a perturbation.
Although the CoM kinematics remained unaffected with the body sway controller, the
biological ankle torque decreased when the body sway controller was implemented. This
was a result of the combined effects of decreased soleus muscle activity and increased
tibialis anterior muscle activity. Subjects were able to quickly adapt their ankle torques
to the torques provided by the ankle exoskeleton. These results suggest a preference for
reducing effort instead of further improving body sway.
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Abstract

In this study, our goal was to improve the standing balance of people that have a spinal cord
injury by using a wearable exoskeleton that has ankle and knee actuation in the sagittal plane.
Three test-pilots who have an incomplete spinal cord injury wore the exoskeleton and tried to
maintain standing balance without stepping while receiving anteroposterior pushes. Two balance
controllers were tested: one providing assistance based on the subject’s body sway and one based
on the whole-body momentum. For both controllers, the balance performances of the test-pilots
wearing the exoskeleton were assessed based on the center of mass kinematics and compared to
the condition in which the device did not provide any assistance. One of the test-pilots was not able
to maintain balance without assistance, but could withstand small pushes when any of the balance
controllers was implemented. For this test-pilot the recovery time and sway amplitude hardly
varied with the type of balance controller that was used. For the other two test-pilots the recovery
time and the sway amplitude were smallest using the body sway controller. In conclusion, the
wearable exoskeleton with balance controller was able to improve the balance performance of the
test-pilots by reducing the recovery time after a perturbation and by enabling one of the test-pilots
to maintain balance, who could not maintain balance by himself.
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5.1 Introduction

Many exoskeletons have been designed to provide support to people with a neurologi-
cal disorder, such as a spinal cord injury (SCI). Their aims are to help people that have a
spinal cord injury to recover [1,19,65,111,124] or to restore gait in daily life [39,40,131].
Research on exoskeletons for people that have an SCI mainly focusses on walking, al-
though balance is generally also affected. Wearable exoskeletons rely on crutches for
balance maintenance [39, 98, 111], which prevents users from using their arms for other
activities of daily living. Although balance is an important issue in exoskeleton con-
trol, only a few studies have addressed the topic of exoskeleton balance control during
walking [130, 131] or standing [36, 103].

In human standing balance center of mass (CoM) motion plays an important role.
Therefore, in a previous study, a balance control strategy based on the CoM-related body
sway was designed and tested on able-bodied subjects wearing a powered ankle-foot
orthosis [36]. The ankle torques that the orthosis should deliver followed directly from
a proportional-derivative (PD) control law that used the body sway angle and velocity as
an input. It was shown that this controller could provide effective, human-like supportive
torques, but results were not directly generalizable to people with an SCI.

In the field of humanoid robotics momentum-based control strategies have been ap-
plied to impose balancing on a robot [54, 67, 76]. These controllers aim to regulate the
linear and angular component of the whole body momentum. Since the derivative of the
whole body momentum is related to generalized accelerations [92], one can define an
optimization routine to find generalized accelerations such that this derivative is as close
as possible to a certain desired value [54, 76]. Given the successful implementations of
momentum-based controllers in humanoid experiments, impaired wearable exoskeleton
users may also benefit from this type of balance control.

Our goal is to improve the balance of people with an SCI through the use of a wear-
able exoskeleton. Therefore, as a case study, we implemented a body sway controller and
momentum-based controller on a wearable exoskeleton that has ankle and knee actuation
and evaluated whether these controllers can improve the standing balance recovery in the
sagittal plane of three test-pilots who have an SCI.

5.2 Methods

5.2.1 Test-Pilots

Three male test-pilots who have an SCI participated in the balance experiments. Their
characteristics are shown in table 5.1. Ethical approval for the experimental protocol was
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given by the Ethical Committee of Fondazione Santa Lucia, Italy (Prot. CE/PROG. 509).

Table 5.1: Test-pilot characteristics, trial order, controller settings and maximum push
impulse.

Info Trial Order Controller settings Max Push
height mass lesion level KpA KdA KpK KdK ΓK ΓLx ΓRx FFA FFK

(m) (kg) ( Nm
rad ) ( Nms

rad ) ( Nm
rad ) ( Nms

rad ) ( 1
s ) ( 1

s ) ( 1
s2 ) (N) (N) (Ns)

TP1 1.65 80 C7 PDcom,MBC,ZI 280 53.4 35.0 7.00 1.66 0.166 3.30 0 0 30
TP2 1.70 80 L4-S3 PDcom,ZI,MBC* 774 89.2 141 28.1 1.65 0.099 3.28 10 -10 10
TP3 1.73 76 T10-T11 ZI,PDcom,MBC 479 70.0 34.2 6.84 1.64 0.164 3.21 0 0 30

* Collected on a different day

5.2.2 Wearable Exoskeleton

Figure 5.1 shows an overview of the Wearable Exoskeleton (WE) that was used in the
experiments. It consists of separate ankle and knee modules, which can be connected
through toggle latches, and a backpack. The WE has four series-elastic actuators that
can provide flexion/extension torques to the knees and plantar/dorsiflexion torques to the
ankles, while the ankle inversion/eversion is left free. The rotations of the ankle and knee
joints are measured with encoders. A detailed description of the device is presented in
the work of Meijneke et al. (2016) [84].

To get a modular design for real-time control, the exoskeleton is controlled using
EtherCAT. The backpack contains a computer (EtherCAT Master) that communicates
with custom-made EtherCAT slave electronics in the actuation units, such as a motor
controller. During the experiments subjects did not wear the backpack, but it was placed
behind them on a chair. An overview of the experimental setup is shown in Figure 5.2.

5.2.3 Control Strategies

Body Sway Control

In the body sway control strategy, PDcom, the knee and ankle joints are controlled inde-
pendently. The ankle controller computes desired ankle torques based on the body sway,
while the knee controller tries to keep the knee stretched. The desired ankle torque τAd is
derived from a PD-control law:

τAd = KpA(θswayd −θsway)+KdA(θ̇swayd − θ̇sway) (5.1)

where KpA and KdA are proportional and derivative gains respectively, θsway is the body
sway angle that is dependent on the CoM location (Figure 5.3c), and subscript d indicates
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Figure 5.1: Overview of the wearable exoskeleton that was used in the experiments.

Figure 5.2: Overview of the experimental setup.
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Figure 5.3: Computation of controller properties based on a rigid link model. The vari-
ables mn are segment masses, φ are the joint angles, θsway the body sway angle, M the
total body mass, k the angular momentum and l the linear momentum. The gravitational
force Mg and the ground contact force Fc are applied at the CoM r and center of pres-
sure p respectively. (a) Model in baseline pose. The model is placed in a right-handed
coordinate system. Segment rotations and moments are positive in counter-clockwise
direction. (b) The joint angles are defined as the angle of segment n minus the angle of
segment n− 1. Segment angles are zero in the baseline pose. (c) Forces acting on the
model, resulting in a whole body momentum. Based on segment angles and masses the
whole body CoM can be computed. Similar to the segment angles, the body sway angle
is positive in counter-clockwise direction.

a desired value. Note that the desired ankle torque is the same for both left and right.

To prevent the controller from generating large ankle torques that would make a test-
pilot topple over, the desired ankle torque was limited by the forefoot length and the static
normal force.

τAd ≤Mgl f f (5.2)

Where M is the total mass, g the gravitational acceleration and l f f the forefoot length.

The desired knee torque τKd is dependent on the knee angle of the corresponding leg.

τKd = KpK(φKd −φK)+KdK(φ̇Kd − φ̇K) (5.3)

where KpK and KdK are proportional and derivative gains respectively and φK the knee
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angle.

For each test-pilot proper controller settings were acquired in a separate tuning ses-
sion. During this session the pilots tested various subsets of controller gains while receiv-
ing forward pushes on the trunk with increasing push magnitude. After testing a subset
of gains they had to rate the controller based on the perceived safety (S), comfort (C)
and assistance (A) from the WE. Together with a performance (P) score, based on the
push magnitude that test-pilots could handle without losing balance, a performance and
usability index (PUI) was defined:

PUI = 0.30S+0.27C+0.20P+0.23A (5.4)

The weights in 5.4 were defined based on importance ratings given by 3 physical thera-
pists, 3 medical doctors and 4 people with an SCI. The combination of controller gains
that resulted in the highest PUI was used in the experiment. The controller gains for each
test-pilot are shown in Table 5.1. When test-pilots had difficulties to maintain balance
while standing still without receiving pushes, we provided them with a positive or nega-
tive feed forward support torque at the ankle or knee respectively such that the test-pilot
could stand comfortably. The feed forward ankle torque FFA and knee torque FFK for
each test-pilot are also shown in Table 5.1.

Momentum-based Control

The momentum-based control strategy, MBC, tries to find joint torques that generate a
certain desired whole-body momentum. The whole-body momentum vector h is com-
posed of the angular momentum about the CoM k and the linear momentum l (Fig-
ure 5.3c). Since we are only considering the sagittal plane motion, h is a 3×1 vector. It
was shown that the whole-body momentum can be expressed as a function of the joint
velocities φ̇ through centroidal momentum matrix AG [92].

h = AGφ̇ (5.5)

Therefore, the momentum rate change ḣ is related to the joint accelerations φ̈ , which
in turn are related to the joint torques through inverse dynamics. The momentum rate
change is also related to the contact wrench λ through the equations of motion (Fig-
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ure 5.3c):

ḣ = AGφ̈ + ȦGφ̇ =

1 ry −rx

0 1 0
0 0 1

λ +

 0
0
−Mg

 (5.6)

λ =

px fcy− py fcx

fcx

fcy

 (5.7)

Where r is the CoM, M the total mass, g the gravitational acceleration, p the center of
pressure, and fc the contact forces. Subscripts x and y represent the directions along the
anteroposterior axis and longitudinal axis respectively, as shown in Figure 5.3a. Through
optimization we can then find desired joint accelerations that result in a momentum rate
change that is as close as possible to a certain desired value, while satisfying (5.6) [54].
This desired momentum rate change was derived from the whole-body momentum in a
PD-like way [76].

ḣd =

[
k̇d

l̇d

]
=

[
Γk(kd− k)

Γl(ld− l)+ΓrM(rd− r)

]
(5.8)

Where Γ represent the control gains. The objective function for the optimization problem
becomes:

f = ‖

[
AG 03×3

W 03×3

][
φ̈

λ

]
+

[
−ḣd + ȦGφ̇

−W φ̈re f

]
‖2 (5.9)

Where ḣd is the desired momentum rate change, φ̈re f reference joint accelerations that
are added to the function to ensure that a solution for the optimization problem can be
found [54, 76], and W the weights on these accelerations. Constraints were added to
the objective function to prevent torques and joint angles from exceeding their limits,
to prevent foot slipping and to enforce the center of pressure to be within the base of
support.

Finally, inverse dynamics were applied to find joint torques based on the desired joint
accelerations.

Since the WE only has ankle and knee joints, we implemented the computed ankle
and knee torques and discarded the computed hip torque. Controller settings were ac-
quired in the same way as for the body sway controller. For the linear momentum and
the CoM, we decided to only control the component in x-direction by setting the gains
in y-direction to zero, since pushes are applied in the anteroposterior direction. The
controller gains for each test-pilot are shown in Table 5.1.
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Computation of Controller Inputs

The CoM, body sway angle, angular momentum and linear momentum were estimated
using a human model with four rigid segments: a foot, shank, thigh and head-arms-trunk
segment (Figure 5.3). It was assumed that the left and right leg moved symmetrically.
Foot, shank and thigh lengths were measured; the length of the head-arms-trunk segment
and the segments’ inertias, masses and CoM were estimated based on the method de-
scribed by Winter (2009) [136]. The orientation of the segments is obtained using the
joint encoders on the ankles and knees and two Xsens (Xsens Technologies B.V., En-
schede, the Netherlands) MTx Inertial Measurement Units (IMUs) operating at 100 Hz
on the right thigh and trunk (Figure 5.2). The signals of the IMUs were made available
real-time on the EtherCAT Master through a RS232-EtherCAT converter box. The seg-
ment angles were expressed with respect to the baseline pose. For this baseline pose,
subjects were requested to stand comfortably upright. Then all segment angles and the
body sway angle were set to zero.

The desired CoM and body sway were initially set to zero, matching the zero value of
the body sway angle when a subject was in the baseline pose. During the experiments the
desired body sway angle was adapted to match the body sway angle of the steady pose
that subjects maintained between perturbations, allowing for natural variation in forward
lean [36]. The body sway velocity and CoM velocity were obtained by differentiating
and low-pass filtering using a second order butterworth filter with a cut-off frequency of
10 Hz. The desired body sway velocity and whole body momentum were set to zero.

5.2.4 Protocol

We tested three control cases: PDcom, MBC and zero-impedance (ZI). Test-pilots re-
ceived pushes with a push stick and had to recover from them without taking a step.
Furthermore, they were instructed to return to the baseline pose after a push, to move
their legs symmetrically and to keep the same stance width throughout the experiment.
The push stick was equipped with a FUTEK LCM300 load cell (FUTEK Advanced Sen-
sor Technology, Inc., Irvine, USA). The given push magnitudes, defined as the push force
times the push duration, were about 80% and 60% of the maximum push magnitude de-
fined in the tuning session, as shown in Table 5.1. The experimenters that were giving
the pushes were instructed to vary the push force, but keep the push duration constant.
At all times, there was at least one spotter in front of the test-pilot to catch him in case of
a near-fall. For each controller 40 pushes were given. Table 5.1 shows the trial order for
each subject.
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5.2.5 Data Collection and Analysis

The IMU data and joint encoder data were collected at the computer in the backpack
at 1000 Hz. The push stick data were send to the analog input of an Input/Output-box
(Ethercat slave) and also collected at 1000 Hz. For data analysis only responses were
used to pushes that had a similar duration, that is, pushes with a duration deviating more
than 0.1 s from the median push duration were dismissed. This was done for each test-
pilot separately. Then the remaining pushes were sorted in groups of similar magnitudes.
Though the attempted push magnitudes were about 80% and 60% of the maximum, these
two groups could not be differentiated in the measured data. Therefore, for each test-
pilot, pushes were sorted in two or three categories based on the push impulse distribution
(Figure 5.4).

The main outcome measures were the body sway amplitude and recovery time. The
body sway amplitude was defined as the body sway angle in response to a push minus
the mean body sway angle during the 1 second before the push. The recovery time after
a push was based on the body sway velocity. The test-pilot was assumed to be recovered
from a push when the absolute body sway velocity was smaller than 0.015 rad/s. The
body sway amplitude and recovery time were computed for each response individually,
before computing a mean over pushes of the same category.

5.3 Results

We investigated the general behavior of the PDcom and MBC by analyzing their inputs
and outputs. With both controllers, the body’s CoM sways forward in response to a push,
which corresponds to the decreasing body sway angle in Figure 5.5a and the increasing
CoM in Figure 5.5b. As a result, both controllers generate a positive (plantar flexion)
ankle torque (Figure 5.5c and 5.5d). The magnitudes of the output torques of both con-
trollers are not directly comparable, as they are dependent on the chosen controller gains.
The generated knee torques were quite different for both controllers. The body sway
controller produced a negative (extension) knee torque as the test-pilot kept his knee
slightly bent (Figure 5.5c). However, the MBC produced a positive (flexion) knee torque
to prevent the CoM from moving forward and to reduce the momentum.

Considering the body sway amplitudes and recovery time, results were quite differ-
ent for each test-pilot. For TP1 the sway amplitude clearly decreased when a balance
controller was used. However, the recovery time was largest when using the MBC and
shortest when using the PDcom (Figure 5.6a). TP2 was not able to withstand any pushes
with ZI, but could recover from the pushes when a controller was applied. The maximum
body sway amplitude was almost the same for both balance controllers, but the recovery
time was shorter for the MBC (Figure 5.6b). Note that the recovery time was not com-
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Figure 5.4: Grouping of perturbations of similar magnitude for (a) TP1, (b) TP2, and (c)
TP3. Next to each histogram the individual push force trajectories are shown for each
push category. The color of the trajectory corresponds to the controller.
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Figure 5.5: Controller inputs and outputs. For the PDcom and MBC a typical response of
TP3 to a category 2 push is shown. The body sway responses to these two pushes were
similar. (c) The PDcom generates a plantar flexion ankle torque and an extension knee
torque. (d) The MBC generates a plantar flexion ankle torque and a flexion knee torque.
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Figure 5.6: Mean body sway amplitudes of (a) TP1, (b) TP2, and (c) TP3, for each con-
troller in response to cat. 2 pushes. The marker indicates the mean recovery time. Note
that the recovery time was computed for each response individually before averaging.

puted over the mean body sway velocity, but for each response individually. For TP3 the
body sway amplitude and recovery time were smallest when the PDcom was used (Fig-
ure 5.6c). Although the recovery time using the MBC was only slightly different from
the recovery time with ZI, the test-pilot clearly returned slower towards his baseline pose
when no balance controller was applied. Figure 5.6 only shows responses to pushes of
category 2, but the results were consistent over all push categories.

5.4 Discussion

The goal of this study was to test whether the body sway controller and momentum-based
controller could improve the standing balance recovery of people that have an SCI. Both
controllers affected the body sway of the test-pilots in response to a perturbation. One
of the test-pilots was not able to recover from pushes with zero-impedance, but could
restore his balance when any of the controllers was implemented. For the other two test-
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pilots the body sway amplitude and recovery time could be reduced using the body sway
controller. When the momentum-based controller was implemented, these test-pilots
responded to a push faster, although the recovery time was not always shorter than with
zero-impedance, indicating that it took the test-pilots more time to stand still.

In this study we focussed on standing balance in the sagittal plane. In this case the
body sway controller performed better than the momentum-based controller. However,
the body sway control strategy has the disadvantage that it cannot easily be extended to
larger applications, such as exoskeletons with more degrees of freedom. The momentum-
based control strategy on the other hand has already shown to perform well in complex
balancing tasks of humanoids. Therefore it may still be worthy to further explore the
possibilities of implementing momentum-based controllers on exoskeletons.

In the experiment we used a push stick to perturb the test-pilots and to measure the
magnitude of the push. Advantages of the push stick are that it is easy to use and easy
to carry along, but a disadvantage is the limited repeatability of the push magnitudes.
Although we aimed to give pushes of certain predefined magnitudes, it turned out to be
difficult to perturb consistently. For this experiment it was sufficient to group similar
pushes afterwards, but when a higher accuracy is required an automated perturbation
device [125] is more suitable.

A difficulty of this case study was that we were quite limited in the testing time, since
the test-pilots were prone to fatiguing. As a consequence, the controller tuning for TP2
could not be done in one session (Table 5.1). Furthermore we had to be quite pragmatic
in our experimental protocols. For example, in one session we could not provide more
pushes or test various controller gains.

A major result of this study was that one of the test-pilots was able to recover from
pushes when a balance controller was implemented on the exoskeleton, while this was not
possible with zero-impedance. Still, the pushes he could handle were not quite as large as
the pushes that were given to the other test-pilots. More extensive training with the device
and the controllers might be necessary to further improve the balancing performance.
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General Discussion 6
In the previous chapters various studies were presented that are related to the design of
standing balance control strategies for exoskeletons. The aim of this thesis was twofold:
1. to explore balance control strategies for the application in a lower-limb exoskeleton
for people that have a spinal cord injury, with a particular focus on mimicking human
standing balance recovery strategies; 2. to verify the effectiveness of exoskeleton balance
support. Therefore, several control strategies were compared to each other and to human
balancing behavior. Furthermore, balance controllers were tested by implementing them
on exoskeletons. Specifically, the following questions guided the research process:

• Is a momentum-based control strategy suitable for exoskeleton balance control?

– Does a momentum-based controller generate human-like feet-in-place bal-
ance responses?

– How does momentum-based control compare to joint-space control, center
of mass control, and full-state feedback?

• Is it possible to model the human transition from feet-in-place strategies to reactive
stepping?

– Can the occurrence of reactive stepping be predicted and what features are
most relevant for that prediction?

• What are the effects of exoskeleton balance support on the balance performance of
the user?

– What are the effects of an exoskeleton that only has ankle actuation on both
the balance performance and the balance effort of able-bodied users?

– What are the effects of an exoskeleton that has ankle and knee actuation on
the balance performance of people that have a spinal cord injury?
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In this chapter first the findings and insights of the presented studies will be related to
the research questions and discussed in a wider scope. Then considerations on future
research directions and implementations of exoskeleton balance control are discussed.

6.1 The momentum-based controller for exoskeleton
standing balance

In general, a suitable control strategy for exoskeleton balance support should be able
to adapt to various balancing situations. Furthermore, it is desired that the controller
generates human-like balance recovery responses, such that the controller is perceived
as comfortable and predictable. Therefore, standing balance was investigated by apply-
ing perturbations to subjects, and by analyzing their recovery response. Specifically,
the balancing ability of the momentum-based controller was investigated, because of its
expected suitability for exoskeleton balance control.

The balance recovery responses of the momentum-based controller were studied by
implementing the controller on a forward dynamics simulation model (Chapter 2) and on
an ankle-knee exoskeleton that was operated by test-pilots who have an incomplete spinal
cord injury (Chapter 5). When the momentum-based controller was implemented on the
model, stable balance responses were generated to simulated platform perturbations. Us-
ing fixed controller gains, standing balance could be maintained in response to multiple
perturbation magnitudes and directions. When the momentum-based controller was im-
plemented on the ankle-knee exoskeleton, test-pilots were able to maintain balance in
response to push-stick perturbations. This shows that the momentum-based controller is
suitable for exoskeletons to maintain balance in the presence of perturbations. However,
the momentum-based controller was not able to mimic the human feet-in-place balance
strategies in response to perturbations. Although the momentum-based controller was
able to generate ankle and hip strategies similar to the ones that humans apply to main-
tain balance, the timing of the shift from one strategy to another did not correspond to
the one observed in human data. These results suggest that, despite the ability of the
momentum-based controller to maintain balance in the presence of perturbations, for ex-
oskeleton balance control improvements need to be made to the controller to handle these
perturbations in a human-like way.

The momentum-based controller did not necessarily outperform other control strate-
gies. Of the controllers that were implemented in the presented studies only joint-space
control seems unsuitable for exoskeleton balance control, because the generated torque
profiles were not human-like (Chapter 4). However, using a body sway controller (that
is, a linear feedback law on the center of mass position and velocity) human-like ankle
torque profiles could be generated on an ankle exoskeleton (Chapter 4). Furthermore, the
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balance performance of test-pilots that operated an ankle-knee exoskeleton could be im-
proved. In fact, faster recovery times were obtained with the body sway controller com-
pared to the momentum-based controller for two out of the three test-pilots (Chapters 5).
These results indicate that the momentum-based controller is unnecessarily complex for
balancing lower-limb exoskeletons that do not have actuated hip joints: a linear feedback
control strategy is sufficient.

The momentum-based controller may not have performed better than the body sway
controller, because it is a whole body control strategy that was originally designed for the
balancing of humanoids. Therefore, desired joint torques are computed for all joints in
the underlying model, including the hip joints. When the controller was implemented on
an ankle-knee exoskeleton, the desired hip torque could not be implemented. Hence, the
exoskeleton users did not experience the control strategy as a whole. If their own upper
body motion deviated from the one expected by the model, the joint torques generated
by the exoskeleton did not have the desired balancing effect. Therefore, the momentum-
based controller is more suitable for a full lower-limb exoskeleton that also generates hip
torques.

The various control strategies were not tested on a full lower-limb exoskeleton, but
they were mutually compared using an inverted triple pendulum model in a simulation
(Chapters 2). A full-state feedback law, as well as the momentum-based controller, was
able to generate stable balance responses. Furthermore, the full-state-feedback law per-
formed similarly to the momentum-based controller in mimicking human balance re-
sponses. Yet, an optimization-based controller like the momentum-based controller has
the inherent advantage that constraints can be implemented in the internal optimization
procedure, such as constraints on the joints’ range of motion and on the allowable joint
torques. Specifically, the center of pressure-related constraint on the allowable ankle
torque makes the controller automatically switch from an ankle to a hip strategy when
the ankle torque has reached its limit. This behaviour cannot be obtained with a straight-
forward linear feedback controller. Therefore, an optimization-based controller like the
momentum-based controller is considered to be more suitable for implementation in a
full lower-limb exoskeleton.

6.2 Control of reactive stepping

In the studies on the balance recovery responses of the different controllers, only feet-
in-place balance responses were considered (Chapters 2, 4 and 5). The transition from
feet-in-place balance strategies to reactive stepping was analyzed using a data-driven
classification approach (Chapter 3). Using a neural network with one hidden layer and
eight neurons the occurrence of reactive stepping could accurately be predicted. The
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prediction accuracy depended on the length of the observation time window: the longer
the allowed time between the push and the prediction, the higher the accuracy. For pre-
dictions made up until step leg unloading and toe-off high prediction accuracies were
obtained of 0.91 and 1.00 respectively. These high prediction performances indicate that
this classification-based method is suitable for predicting whether people will take a re-
active step to recover from a push.

The prediction performance also depended on the features that were used for the pre-
diction. The most important features were the acceleration and velocity of the center
of mass, and the position of the cervical joint center. However, using only these three
features low prediction accuracies were obtained. For early predictions before step leg
unloading the feature set could best be extended with the position of the center of mass
and the position of the knees; for late predictions up until toe-off the mediolateral accel-
eration and mediolateral location of the center of pressure could best be added.

Given the high step prediction performance, this method has the potential to be used
for triggering reactive stepping in balance controllers of exoskeletons, for example in the
momentum-based controller. In the current humanoid applications of the momentum-
based controller stepping is triggered based on the capture point [28, 102], the (general-
ized) foot placement estimator [134, 143], or the “desired center of pressure” [22, 141]1

that leaves the base of support. Given that these measures are merely indicators that the
ankle strategy, possibly in combination with the hip strategy, is not sufficient to maintain
balance, they are expected to be conservative step predictors that are more suitable for
predicting when a step must be taken to maintain balance. Therefore, the step prediction
method proposed in Chapter 3 would lead to a more natural reactive stepping trigger. A
step can then be taken by the momentum-based controller the same way as was proposed
by Yun et al. [143]. There, upon triggering, the linear momentum in the control objective
is sacrificed, and a desired center of mass trajectory is imposed through the reference lin-
ear momentum rate change. Furthermore, a predefined swing foot trajectory is imposed
by constraining the swing foot accelerations in the internal optimization procedure. Im-
plementing the step prediction method proposed in Chapter 3 in the momentum-based
controller as a stepping trigger, while generating a stepping motion using the method of
Yun et al. [143], may already lead to a more human-like reactive stepping behaviour.

1These momentum-based controller implementations are slightly different from the ones implemented in
this manuscript. First a “desired center of pressure” is computed based on a desired momentum rate change.
If it is not physically realizable, i.e. outside the base of support, momentum rate changes are computed cor-
responding to an admissible center of pressure. A “desired center of pressure” outside the base of support
is equivalent to the case where the constraint on the computed center of pressure with respect to the base of
support is active in the internal optimization of our controller implementation.
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6.3 Effects of exoskeleton balance support

When able-bodied subjects wore an ankle exoskeleton that had a balance controller im-
plemented on it, they hardly changed their body sway in response to perturbations (Chap-
ter 4). Their balance performance, based on the recovery time and sway amplitude, did
not improve with respect to the zero-impedance controlled case. In contrast, when sub-
jects with a spinal cord injury maintained balance in response to perturbations using
a balance-controlled ankle-knee exoskeleton, they were able to improve their balance
response by decreasing the recovery time and/or sway amplitude after a perturbation,
dependent on the balance controller that was applied (Chapter 5). Monaco et al. [87]
also showed that balance can be improved by exoskeleton support, although in their case
a hip exoskeleton was worn by able-bodied elderly and amputees. The fact that their
(elderly) able-bodied users showed a balance improvement, whereas the (young) able-
bodied users in Chapter 4 did not, could be caused by the age difference, given that aging
reduces the ability to address unexpected balance perturbations [87]. Hence, the results
in this thesis confirm that through the use of an exoskeleton, balance can be improved if
the user’s own ability to maintain balance is impaired.

Although able-bodied subjects did not change their body sway response after re-
ceiving a perturbation, exoskeleton balance support was effective in the sense that their
applied ankle torques decreased. This decrease was a result of the combined effects of
decreased soleus muscle activity and increased tibialis anterior muscle activity. These
results suggest a preference for reducing effort instead of further improving stability. In
robot-aided training this behaviour was referred to as “slacking”, which means that given
the opportunity, humans will reduce their outputs and let the robotic device do the work
for them [139]. This behaviour was already shown for walking with an ankle exoskele-
ton [24, 68]. The results presented in Chapter 4 suggest that it also appears in standing
balance with an ankle exoskeleton.

6.4 Future considerations

6.4.1 Exoskeleton design

The findings of the presented studies have consequences for the design of exoskeletons.
First, since whole-body control strategies (e.g. momentum-based control, full-state feed-
back, body sway control) were developed for exoskeleton balance control, corresponding
sensory information is required. Most of this information can be obtained using joint en-
coders and IMUs on the exoskeleton. However, additional information from the upper
body pose is required to estimate, for example, the whole body angular and linear mo-

129



Chapter 6. General Discussion

mentum for the momentum-based controller or the position of the cervical joint center
for reactive stepping control. This information can be obtained by placing separate IMUs
on the upper body. Furthermore, measuring the center of pressure has shown to be useful
for step prediction, which can be done by using insole pressure sensors. In general, when
designing exoskeletons it should be taken into account that sufficient sensors are present
to measure the inputs of the aforementioned control strategies.

Second, balance controllers were designed that output desired joint torques for the
exoskeleton. For these kind of controllers, torque control at the joint level is required to
generate the desired torque computed by the balance controller. Torque control makes the
robot compliant, which is necessary for safe human-robot interactions. In exoskeletons
torque control is mostly achieved through series elastic actuation [47,107,116,130,146],
which is characterized by having an elastic element with fixed stiffness placed in series
with the motor. The actual applied torque can be determined by measuring the deflection
of the elastic element. Series elastic actuation was also used in the ankle-knee exoskele-
ton and the full lower-limb exoskeleton developed in the Symbitron project [83, 84].
Less frequently applied implementations of torque control in exoskeletons are variable
stiffness actuation [13, 21, 114] and pneumatic actuation [25, 41, 114]. The former is a
variation of series elastic actuation in which the stiffness can be mechanically modulated;
the latter generates forces through compressed air [107]. Any of the aforementioned
torque control variations could be suitable for implementation of the designed balance
controllers on an exoskeleton. In any case, the hardware should be designed such that
torque control is possible.

Last, for optimization-based controllers like the momentum-based controller the com-
putational power can be a limitation [63]. In our experiments this was not an issue, be-
cause we used a model with only three degrees of freedom (Chapters 4 and 5). When
non-symmetrical, three-dimensional movements are considered, the model’s degrees of
freedom should at least be equal to the exoskeleton’s actuated degrees of freedom, which
increases the size of the optimization problem. Furthermore, when the making and break-
ing of contacts has to be accounted for (e.g. reactive stepping), the complexity increases
even further. In a momentum-based controller implementation on a humanoid robot, a
simplification of the optimization process was proposed to run the controller in a fast
torque control loop of 1 kHz through the application of hierarchical quadratic program-
ming [55]. The idea of hierarchical quadratic programming is to first solve a quadratic
program to obtain a solution for a high priority task, and then solve another quadratic
program for a lower priority task, without decreasing the cost function of the previous
task [63]. By applying this method, the computation time could be reduced with 40%
compared to the case without task decomposition. While this was sufficient to make the
lower part of a humanoid with 14 degrees of freedom perform a simple balancing task,

130



6.4 Future considerations

it was still computationally infeasible to perform a more complicated stepping task with
the full 25 degree of freedom humanoid. Given that the degrees of freedom of a full
lower limb exoskeleton are generally less than 14, such a simplification of the optimiza-
tion process could be a way to implement an optimization-based controller in real-time.
Still, the required computational power is substantial, which should be taken into account
when selecting a central processing unit for a full lower-limb exoskeleton.

6.4.2 Controller design

The balance controllers that were presented in this thesis can be further improved. Specif-
ically for the momentum-based controller modifications were proposed (Chapter 2). Pe-
nalizing the center of pressure as it approaches the edge of the base of support, or tem-
porarily sacrificing angular momentum in the control objective of the internal optimiza-
tion problem, may lead to a balance response that is similar to the human hip strategy.
As a result, the human-likeness of the generated motion could increase. In addition to
these controller-specific improvements, there are other ways to improve the controller
performance, which generically apply to every balance controller.

The performance of the balance controller, and therefore the balance performance of
the exoskeleton and its user, depends on the chosen controller gains. Ideally, the con-
troller gains are such that the exoskeleton and its user are able to maintain balance, while
the user feels safe and comfortable in the exoskeleton. One way to find these ideal con-
troller gains is by tuning them manually, as was done in Chapter 5. There, the controller
gains were selected using the Performance and Usability Index (PUI) that was based on
user ratings and a performance measure. However, using this method, only a limited part
of all possible gain combinations can be tested, which makes it unlikely that the opti-
mal gains are found. Alternatively, gains can be selected offline. In Chapter 2 controller
gains were selected through optimization, such that a feed-forward model would mimic
human balance responses. However, to identify controller gains for the exoskeleton, the
feed-forward model should be an accurate representation of the combined system of hu-
man and exoskeleton, which is generally difficult to obtain given the complexity of the
system. For example, it should include passive and active contributions to human joint
impedance, and inertias of the exoskeleton and its user combined. Even if the system
could be accurately modeled, still the selected controller gains could feel uncomfortable
when they are implemented in the exoskeleton: there is a reality gap. Therefore, a com-
bination of the two gain selection methods is proposed: first select multiple sets of gains
offline using a simplified model, then test and compare these gains, for example based
on the PUI, by implementing them on an exoskeleton.

All the balance controllers require desired values of the controlled parameters. In
case of the momentum-based controller this is a desired whole-body momentum and
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center of mass position. A full-state-feedback controller uses desired angles and angular
velocities as an input. Finally, the body sway controller requires a desired center of mass
position and velocity. In our controller implementations these desired values were set to
the corresponding values of these parameters in a predefined baseline pose, which was
in most cases quiet, comfortable, upright stance. In Chapter 4 a method was presented
to allow for natural variations in the baseline pose, specifically for variations in forward
lean. This was done by adapting the desired body sway based on the intermittent steady
pose of a subject. However, exoskeleton users may want to deviate from the baseline
pose in other ways, for example to reach out to grab something, or to squat. In case of
the body sway controller and the momentum-based controller, if these voluntary move-
ments do not require a change in center of mass position they could be executed without
controller interference. This is for example the case when stretching the arms forward
while rotating the trunk backwards (provided that the position of the arms as well as
the trunk rotation can be measured). If a voluntary movement does require a change of
center of mass position, a way to enable this movement is by making the controller react
only when an out-of-balance situation is detected [103,115,144]. This approach could be
suitable for impaired exoskeleton users who have sufficient control to maintain standing
balance themselves. However, for users with a spinal cord injury who continuously need
the exoskeleton support to maintain standing balance this is not a solution. Therefore,
future studies should focus on incorporating voluntary movements in the control strategy.

6.4.3 Exoskeleton users

When investigating exoskeleton balance support, differences between user groups should
be taken into account, specifically the differences between able-bodied subjects and sub-
jects who have a spinal cord injury. This is based on the following observations: first,
exoskeleton balance support had a different effect on able-bodied subjects and test-pilots
who have a spinal cord injury. Although balance support was effective for both user
groups, results did not show improved balance recovery for able-bodied users (Chap-
ter 4), whereas they did for the test-pilots (Chapter 5). Hence, test results obtained with
able-bodied subjects do not necessarily generalize to subjects who have a spinal cord
injury. Second, impaired users got tired more quickly than the able-bodied users. There-
fore, the testing protocols that involved subjects who have a spinal cord injury could not
directly be copied from those performed with able-bodied subjects, and should in general
be kept short and simple to acquire reliable test results. This incomplete list of observa-
tions stresses the importance of involving individuals who have a spinal cord injury in an
early stage of exoskeleton design and testing.

Besides differences between able-bodied users and users who have a spinal cord in-
jury, there are also differences between individuals who have a spinal cord injury, for
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example based on the level and completeness of the injury. In particular for users who
have an incomplete lesion at a low level, it is important that the exoskeleton support
matches their own intention, because they and the exoskeleton might hinder each other.
Furthermore, there were differences in balance performance and in preferred controller
settings. These differences made it difficult to design and consistently follow a test pro-
tocol, and compare the obtained test results to each other. Therefore, individual subject
characteristics should be taken into account when applying a controller on an exoskeleton
or when designing an experiment.

6.4.4 Training

In this thesis, only the immediate effects of exoskeleton balance support were studied.
However, it is possible that users need more time to get used to the exoskeleton and its
controller. In the balance experiment from Chapter 4 able-bodied subjects showed mus-
cle activities that counteracted the torque supplied by the ankle-exoskeleton. Training
could teach them to use the assistive torque in a different way, for example, to recover
from a perturbation faster. For users who have a spinal cord injury, training can help
to become familiar with balancing in general, and may therefore improve the balance
performance [119]. A challenge here is that there are no standard test protocols to train
and to verify standing balance performance using an exoskeleton. For unassisted stand-
ing balance assessment of individuals who have a spinal cord injury the Berg Balance
Scale [17] and the Functional Reaching Test [34] have shown to be reliable [10]. How-
ever, these tests provide little insight into the underlying components of the affected bal-
ance [110]. Alternatively, methods have been developed to perform quantitative balance
assessments, for example by measuring a subject’s ability to maintain the body’s center
of mass over the base of support. Yet, the interpretation of such methods remains a topic
of research [110]. The aforementioned methods could be suitable for standing balance
assessment using an exoskeleton, however, it is unclear how rehabilitation training should
be performed based on these methods. Therefore, future work should focus on develop-
ing performance tests and training protocols for exoskeleton standing balance. Executing
these training protocols may help us understand the full potential of exoskeleton balance
support.
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