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Abstract

Research and development of exoskeletons for injury prevention and assistance with every-
day living has steadily increased in the last decade. With some products already available
on the market, a widespread adoption of exoskeletons appears to be within close reach.
However, many challenges still remain to be overcome, one of which is the development
of high level control strategies that would allow for a seamless human-robot integration.
The purpose of this thesis is to explore novel control architectures suitable for high-level
exoskeleton control and expand the current state of the art with an emphasis on the effects
of human-robot interactions on human movements.

First, we explored the effectiveness of using probabilistic models to facilitate the deci-
sion making in a high-level controller for use with a quasi-passive spinal exoskeleton. The
controller consisted of Gaussian mixture models in combination with a state machine that
identified and classified the movement of the user in real time and provided a timely control
output for the quasi-passive spinal exoskeleton. The results of this study showed that our
approach is a useful tool for the control of quasi-passive exoskeletons. Second, we evalu-
ated the use of probabilistic movement primitives (ProMP) for predicting user movement
intentions during walking and arm reaching. In the walking scenario we showed that we
can accurately predict some crucial gait parameters in real-time during the stride cycle.
In combination with other systems monitoring the environment our method can be used
to predict collisions of the feet with the surrounding environment. For the arm reaching
scenario, we present an exoskeleton control method that utilizes ProMP to generate predic-
tions of user movements in real-time which are then combined with a velocity-field-based
controller to provide assistance to the user in a predictive way. We evaluated our approach
with a haptic robot, where participants had to perform movements towards different target
locations. We showed that we accurately predicted user movement intentions while at the
sanie time significantly decreasing the overall physical effort exerted by the participants to
achieve the task, without affecting their movement kinematics.

For any device assisting healthy individuals, it is crucial that it does not significantly
modify their movements, as this could have negative health implications. However, some-
times the modifications of user kinematics with exoskeletons is desired. For example when
we want to recreate artificial environments such as microgravity. We investigated whether
local gravity simulation of altered gravitational conditions on the arm would lead to changes
in kinematic parameters comparable to a full-body experience of microgravity and hyper-
gravity. We developed a robotic device that applied forces at the wrist to simulate micro-
or hypergravity conditions for the arm while subjects performed pointing movements on
a touch screen. We analysed and compared the results of several kinematic parameters
and muscle activity using this system with data of the same subjects being fully exposed
to altered gravitational conditions onboard a parabolic flight. Our results suggest, that
simulated altered gravity can elicit similar changes in some movement characteristics for
arm reaching movements. This forms the basis for developing devices such as exoskeletons
to aid in training individuals prior to undertaking tasks in varying gravitational conditions.
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Povzetek

Razvoj eksoskeletov za preprecevanje poskodb posameznikov in pomo¢ pri vsakdanjem
Zivljenju se je v zadnjem desetletju vztrajno poveceval. Zdi se, da so eksoskeleti Ze na
dosegu roke, saj je na trgu na voljo ze ve¢ razliénih izdelkov. Kljub temu je potrebno
refiti 8e veliko izzivov, med katerimi je tudi razvoj strategij nadzora na visoki ravni, ki
bi omogocdile brezhibno integracijo ¢lovek-robot. Namen doktorske disertacije je raziskati
nove arhitekture vodenja, primerne za vodenje eksoskeletov na visoki ravni in raziritev
trenutnega stanja tehnike s poudarkom na vplivu interakcij med ¢lovekom in robotom na
¢lovesko gibanje.

Najprej smo raziskali u¢inkovitost uporabe verjetnostnih modelov za izboljSanje od-
lo¢itev regulatorja na visoki ravni za uporabo s kvazipasivnim eksoskeletom. Regulator
je bil sestavljen iz modela Gaussovih meSanic v kombinaciji z regulatorjem konc¢nih stanj
(state-machine), ki je v realnem ¢asu ugotavljal in klasificiral gibanje uporabnika ter za-
gotavljal pravocCasen ukaz za kvazipasivni eksoskelet hrbtenice. Rezultati te Studije so
pokazali, da je nas pristop uporabno orodje za vodenje kvazipasivnih eksoskeletov. Za
tem smo ocenili uporabo verjetnostnih elementarnih gibov (ang. probabilistic movement
primitives - ProMP) za napovedovanje gibanja uporabnika med hojo in gibanjem rok. V
primeru hoje smo pokazali, da lahko v realnem ¢asu natanéno napovemo nekatere kljuéne
parametre hoje v vsakem koraku. V kombinaciji z drugimi sistemi za spremljanje okolja bi
se nafa metoda lahko uporabila za napovedovanje trkov stopal z okolico. Za primer gibanja
roke predstavljamo metodo, ki s pomo¢jo predvidevanja gibov nudi pomo¢ uporabniku. Z
uporabo ProMP ustvarjamo napovedi premikov uporabnikov v realnem ¢asu, ki jih nato
kombiniramo z regulatorjem na osnovi hitrostnih polj. Predlagano metodo smo ocenili z
eksperimentom s hapti¢nim robotom, kjer so udelezenci izvajali gibe proti razliénim ciljnim
lokacijam. Pokazali smo, da smo natan¢no predvideli Zeleno gibanje uporabnikov, hkrati
pa se je ob¢utno zmanjsal celoten fizi¢ni napor udeleZencev, potreben za doseg naloge, brez
da bi pri tem znatno vplivali na njihovo kinematiko.

Za vsako napravo, ki pomaga zdravim posameznikom, je klju¢nega pomena, da ne pov-
zrodi bistvene spremembe v njihovem gibanju, saj bi to lahko negativno vplivalo na njihovo
zdravje. Kljub temu pa so spremembe kinematike gibanja véasih lahko tudi zaZelene. Na
primer, ko Zelimo poustvariti umetna okolja, kot je mikrogravitacija. Raziskali smo, ali
lokalna sprememba gravitacijskih pogojev na roki privede do sprememb v kinemati¢nih
parametrih, primerljivih z izkusnjo mikrogravitacije in hipergravitacije na nivoju celega
telesa. Razvili smo robotsko napravo, ki je aplicirala sile na zapestju za simulacijo spre-
menjenih gravitacijskih razmer na roko, medtem ko so subjekti izvajali gibe na zaslonu
na dotik. Z uporabo tega sistema smo analizirali in primerjali rezultate ve¢ kinematic-
nih parametrov in miSi¢ne aktivnosti s podatki istih subjektov, ko so le-ti bili izpostavljeni
spremenjenim gravitacijskim pogojem na paraboli¢nem letu. Nasi rezultati kazejo, da simu-
lirano spremenjena gravitacija lahko povzro¢i podobne spremembe v nekaterih znacilnostih
gibanja roke. To je osnova za razvoj naprav, kot so eksoskeleti, za pomo¢ pri usposabljanju
posameznikov pred opravljanjem nalog v spremenjenih gravitacijskih razmerah.
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Chapter 1

Introduction

1.1 Introduction and Description of the Problem

1.1.1 General overview of exoskeleton devices

Robotic exoskeletons are promising tools to assist humans in various real-life tasks [1].
They are robotic devices that are designed to be worn on the body and to provide direct
motion assistance to the user. They can be either full body exoskeletons, for upper or
lower extremities, or only for supporting specific joints of the human body. The common
applications of exoskeletons are physical rehabilitation for impaired patients [2|, assistance
of frail individuals [3] and motion augmentation of able-bodied workers [4]. These robotic
devices are predominantly categorized in two categories, active or passive. Active exoskele-
tons use actuators that can inject energy into the movement of the human. The actuators
can be either electric, hydraulic, pneumatic or a combination of these [5]-[7]. On the other
hand, passive exoskeleton systems only use passive viscoelastic elements such as springs
and dampers to provide assistance to the user. Even though these devices do not add
energy to the human, they have been proven to effectively reduce muscular activity and
fatigue, which can alleviate injuries or lower the risk of musculoskeletal disorders [8]-[11].
Additionally to the active and passive systems, several combinations of active and pas-
sive elements were proposed in literature, including clutched elastic actuators (CAEs) [12],
series or parallel elastic actuators (SEAs, PEAs) [13] and variable stiffness actuators [14].

1.1.2 From low-level to high-level control of exoskeletons

The common denominator to all the previously described exoskeleton systems, apart from
purely passive devices, is the need for suitable control algorithms. This is perhaps one of
the most significant issues that needs to be addressed in order to maximize the potential
of these robotic devices and enable a truly seamless human-robot interaction. The control
of robotic devices is always either explicitly or implicitly structured in a hierarchy as
was proposed in several generalized control frameworks [15], [16]. At the lowest level
the actuators of the devices need precise control of the torques and forces they exert
which is typically achieved with fast feedback loops that control the electrical current
or pressure in the actuator itself. The input to these low-level control loops are desired
output states of the device which can either be positions, velocities, accelerations or directly
torques and forces, depending on the type of device and control architecture. Apart from
some cases such as admittance or impedance control [17], these desired output states are
generally only part of a mid-level controller that translates the user intentions or commands
that originate from a high-level controller. The high-level controller is responsible for
correctly identifying the intentions of the user of the robotic device. Some intentions of the
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user can be explicitly specified via controls such as joysticks or buttons [18], but ideally
to achieve a truly seamless human-robot interaction while wearing an exoskeleton, the
device itself should automatically detect user movement intentions and act accordingly
[16]. In human-robot interaction literature there are several keywords that are associated
with detecting or predicting human movement intention such as anticipation, intention
recognition, activity recognition, legibility, goal estimation and inference [19]. All these
keywords were considered during the review of the current state of the art. However,
regardless of the terminology, the detection of user movement intent can be performed
as a separate step and complemented with predefined actions, or it can be intrinsically
performed such that the output can be directly exploited to drive the exoskeletal device in
the form of movement primitives. The following paragraphs will be split by first presenting
the various techniques used for recognizing human movement states and intentions, followed
by a description of path guidance algorithms that can be used in combination with the
intention recognition, and by presenting various techniques of encoding and predicting
movements in the form of movement primitives. Finally we also present an overview of the
important effects of human-robot interaction on the human body and identify the major
considerations when using such devices.

1.1.3 Human activity recognition

The prediction or inference of user movement intentions can be sensed through various
channels, such as cortical and neuro-muscular activity, myoelectric signals, the posture or
state of the user or device and through the interaction of the user with the device and
the surrounding environment. FEach of these input modalities differ in the amount of inva-
siveness and amount of information that is available [20]. Although there is some overlap
between algorithms used to process all these different input modalities, we primarily focus
on presenting methods designed for use with the least invasive sensors, such as those em-
bedded in the device itself or additional inertial measurement units (IMUs) for monitoring
the user kinematics. State machines are a powerful tool to implement different controllers
for different situations, such as an impedance-based controller in stance and a kinematic
controller for swing phase [21|. Usually in such state machines the rules for transitions
are hand tuned and fixed which is a very simplistic method but can be fairly effective
in many scenarios, such as detecting mode transitions between different gait events [22]
or lifting events [23|. Unfortunately, this type of control architecture is unsuitable for
more general purposes, as it is impossible to predict in advance all possible states and
the transitions between them. However, state machines can be used to complement au-
tomated pattern recognition techniques as they can include hard coded safety limitations
that are of paramount importance when designing human-robot interfaces. A more sensible
approach for human intent recognition is the use of automated pattern recognition tech-
niques. The advantages over using manually set rules is that a multitude of inputs can be
used simultaneously for generating the classification decision boundaries. Several classifi-
cation algorithms have been exploited for human intention recognition including k-Nearest
Neighbours (kNN), Linear Discriminant Analysis (LDA), Quadratic Discriminant Analy-
sis (QDA), Gaussian Mixture models (GMM), Support Vector Machines (SVM), Hidden
Markov Models (HMM) and Artificial Neural Networks (ANN) as presented in several re-
view papers concerning human activity recognition in general [24], [25] or classification of
activities in the scope of control of wearable robots [16], [26]. The choice of an appropriate
classifier heavily depends on a multitude of factors. For less complex input data, simpler
algorithms such as kNN, LDA or QDA may perform sufficiently, however with increased
sensor inputs and modalities they could struggle. For more complex systems, approaches
with GMM, HMM or ANN could be more suitable, the latter especially for complex sig-
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nals such as EMG or EEG. However, safety is of paramount importance when it concerns
human-robot interaction and relying solely on the classification algorithms for generating
control outputs is inappropriate. As previously mentioned, this can be accomplished by
combining these machine learning classification algorithms with state machines. One ex-
ample of such a combination was successfully used to detect various states of the user while
wearing a spinal exoskeletal device, by combining a state machine with a QDA classifier
[27]. However, in this study, the main algorithm for detecting the various states was still
a hand tuned threshold-based state machine and the trained QDA classifier was used only
for differentiating from a falsely identified lift versus a true lift event. A more general and
useful approach would be to primarily focus on the classifier to classify the input data and
complement the outputs with a state machine in order to satisfy hardware limitations and
safety aspects of the human-robot interaction. For some applications it is necessary to es-
timate certain parameters instead of the specific activity, such as different gait parameters
during walking. Approaches of using kinematic data for estimating gait parameters such
as toe-off and heel-strike are fairly accurate and can be used to a great extent in laboratory
and in rehabilitation scenarios [28]-[31]. Concerning robotic devices, it is also possible to
easily distinguish between swing and stance phases with simple threshold-based algorithms
[32]. However,the limitation of these methods is that it is difficult to infer future events
and as such these types of controllers merely act in a reactive and non-predictive manner.

Classification of activity and simple control can be effective and can even be used to
control active exoskeleton devices by selecting appropriate assistive profiles based on the
classified activity of the user as presented in [33], [34] for use with spinal exoskeletons.
For use cases regarding upper or lower limb exoskeletons another option is more suitable,
where the classified activity is used to select a predetermined reference trajectory. These
trajectories can then be used with various path control algorithms as we present in the
following subsection.

1.1.4 Guidance along predefined paths

In an effort to make physical therapy more accessible (in the sense of reducing costs and
increasing dosages) there has been a lot of development of robotic devices for either the
upper limbs [17] or lower limbs, especially gait training of post stroke patients [3], [35].
Most of these devices use some sort of reference trajectory either in task [36] or in joint
space [37] to compliantly guide the user. A viable method to provide assistance along
such reference trajectories is to use potential-field-based controllers [38]-[40]. However,
such control algorithms generate high forces in the event of larger errors with respect to
the specified path [38]. To overcome this problem, a velocity-field-based controller was
proposed by Martinez et al. [38], which applies corrective torques based on a viscous flow
field control law. They showed that this approach could effectively guide movements of the
user’s leg along a reference path while being less resistive to large path deviations and thus
making the controller inherently safer. All of the aforementioned methods for guidance
along a predefined path could benefit greatly from a reference trajectory that is predicted
from the user movement. This could then enable the expansion of the application of these
methods from uses in physiotherapy to wearable devices for the prevention of musculoskele-
tal disorders in able-bodied individuals. Therefore, we have explored the possibilities of
estimating user movement intention with methods that are capable of predicting future
evolution of the movement trajectory which we present in the following subsection.

A well-established approach for trajectory representation in robotics is by encoding the
trajectory using movement primitives (MPs) in a process often referred to as learning by
demonstration (LbD). There are a number of different versions of MPs such as dynamic
movement primitives (DMPs) [41], [42], compliant parametric dynamic movement prim-
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itives (CPDMP) [43], Gaussian Mixture Regression (GMR) [44], and probabilistic move-
ment primitives (ProMPs) [45]. These algorithms have been extensively used especially
for controlling robots in a multitude of tasks ranging from assembly [46] to surgical appli-
cations [47]. Many use cases also incorporate human-robot interaction. In these scenarios
some of these same algorithms were exploited for human movement prediction in the form
of inferring trajectories and end goals of the humans such as GMR [48]-[50] and ProMPs
[51], [52], with very promising results. Additionally ProMPs were successfully used for
real-time prediction of human movement outside the scope of robotics [53]. However, most
of these algorithms were rarely applied in the scope of exoskeleton control [54], despite
having many advantageous properties. ProMPs specifically have a high potential for use
in exoskeleton control, due to their representation of trajectories together with their vari-
ance. This could allow the controller to modulate the feedback gains based on the variance
of movement and provide high precision only in certain parts of the movement, which was
shown to be important for successful human-robot interaction [55], [56].

1.1.5 Effects on human movements in human-robot interaction

When considering any interaction between humans and robots we strive to minimise the
negative effects on the human body. Depending on the application and circumstances, this
can mean low interaction forces, maintaining the full range of motion, and no significant
effect on the kinematics of the movements. Low interaction forces are desirable primarily
in human robot collaboration, where we wish to minimize the effort of users to perform
a given task [57]-[59]. We also strive towards more ergonomic postures for the human
when using robotic assistance [60]. However, when we assist able-bodied individuals in
various tasks there is one more aspect that we need to be aware of: movement kinematics.
While reducing forces and generally assisting individuals, it is very important that we do
not modify their movements significantly. Imperfect implementations of robot control can
cause humans to make compensatory changes to their movement patterns. This can lead to
increased loading of other joints which can cause other musculoskeletal disorders or injuries
[9], [61]-[65]. Sometimes however, the opposite is true. For example patients that have
neuromuscular disorders and have trouble controlling their movements, have to be trained
to correct their movement patterns [54], [59]. This implies that significant modifications
of their kinematics is a desirable outcome. This can be achieved through various exercises
with simulated haptic environments etc. Additionally, changing of user kinematics can
be desirable when we want to simulate artificial environments. Similar to how we train
movement-impaired individuals to execute more healthy trajectories, we can implement the
use of robots with healthy individuals and modify their movements or muscle activations
in order to train them to adapt to new environments. One area which is still largely
unexplored is the use of exoskeletons for training individuals prior to undertaking tasks in
changed gravitational environments i.e. space travel.

1.2 Thesis Purpose, Goals and Hypothesis

1.2.1 Purpose of the dissertation

The main purpose of this dissertation is to explore novel control architectures suitable for
high-level exoskeleton control and expand upon the current state of the art with a strong
emphasis on the effects of human-robot interactions on human movements. One area that is
currently largely unexplored is the high-level control of newer types of exoskeleton systems
that combine passive and active elements. This thesis addresses this deficiency with the
development and evaluation of a high-level control algorithm for a quasi-passive spinal
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exoskeleton based on probabilistic models of user data. Another area worth exploring is
repetitive tasks such as manual object manipulation on assembly lines or walking, where
there is an opportunity to exploit the repetitiveness of movements and apply modern
probabilistic models to predict user movement intentions and design a high-level controller
that will improve the overall human-robot interaction experience. In the scope of this
thesis, we explored the possibilities of using probabilistic movement primitives (ProMPs)
in exoskeleton control applications, primarily as a form of human movement prediction to
create control schemes that can better adapt to users of exoskeletal devices. Additionally
we explored the effects of using a simple human-robot interaction to simulate microgravity
and hypergravity conditions for arm movements on Earth.

1.2.2 Goals of the dissertation

To realize the purposes of this dissertation four main goals are set.

G1. Develop a high-level controller for a quasi-passive spinal exoskeleton device based
on probabilistic models of user data. To successfully classify user movement intent and
control an exoskeleton device accordingly, it is crucial to utilize probabilistic models of user
data. This should form the basis for the decision making inside the controller while hard
coded safety limits should be used to complement this information in order to assure safe
operation of the device.

G2. Evaluate the use of ProMPs as a method for predicting gait kinematic parameters
for use in predictive control schemes for lower limb exoskeleton devices. The use of ProMPs
could provide more valuable real-time prediction of step length than conventional methods
for estimating these parameters. This could in turn be used to predict collisions of the user
with the environment which could be used as an input for an exoskeleton. Additionally,
the use of ProMPs would enable a control algorithm to condition the predicted trajectory
towards a different end goal and control the exoskeleton towards that goal (i.e. to prevent
the collision from occurring).

G3. Exploit state of the art probabilistic methods for human movement prediction to
develop a high-level controller for use in upper limb exoskeleton devices. With this goal
we aim to expand the use cases of already developed path guidance algorithms beyond
physical rehabilitation of movement impaired individuals towards assistive exoskeletal de-
vices intended for prevention of musculoskeletal disorders in various working scenarios with
repetitive tasks.

G4. Evaluate the effects of human-robot interaction for simulating microgravity and
hypergravity conditions for arm movements on Earth. The use of robotic devices for
simulating alternate gravitational conditions for limbs could prove useful in the research
field of neuromechanics as well as for training individuals prior to undertaking tasks in
changed gravitational conditions.

1.2.3 Hypothesis

In line with the purpose and goals of the dissertation we formulated the following hypoth-
esis:

o H1. Gaussian mixture models can be successfully used to encode different movements
and used to provide control outputs for a quasi-passive spinal exoskeleton.

e H2. Using probabilistic movement primitives, we can predict crucial gait parameters
in real time during the swing phase of the foot.

e H3. Using probabilistic movement primitives, we can accurately predict user move-
ment intention also for new never seen end target locations.
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e H4. Employing user movement prediction enables assistance also for new never seen
end goals.

e H5. The combination of movement prediction with a path guidance algorithm enables
a seamless human-robot interaction.

e H6. Exploiting human-robot interaction to simulate microgravity and hypergravity
conditions for arm movements in normogravity can recreate similar changes in the
parameters of motion.

1.3 Thesis Structure

This thesis is structured in the following way.

Chapter 2 presents our work of developing a new control scheme counsisting of GMM
in combination with a state machine controller to identify and classify the movement of
humans as early as possible and provide a timely control output for a quasi-passive spinal
exoskeleton.

Chapter 3 describes the use of probabilistic movement primitives for predicting user
foot placement in real-time where we have shown that we can accurately predict user step
length after observing only the initial part of the trajectory during the swing phase.

Chapter 4 presents the answers to hypothesis H3-H5 where we evaluated a novel control
approach using ProMPs to generate predictions of user movements in real-time and utilizing
them to generate an assistive controller.

Chapter 5 describes our work of simulating micro and hypergravity conditions for arm
reaching on ground with a robotic device and comparing the results with data obtained
from subjects fully exposed to micro and hypergravity conditions.

The thesis conclusions are presented in Chapter 6.



Chapter 2

Gaussian Mixture Models for Control
of Quasi-Passive Spinal Exoskeletons

2.1 Introduction

Exoskeletons are recently being developed to solve issues of worker injuries and prevent
musculoskeletal disorders [1], [4]. In particular, there has been a lot of development of spinal
exoskeletons to help alleviate the problems of low-back pain, and shoulder exoskeletons to
assist users in overhead working scenarios [66]-[68]. These exoskeletons exist predomi-
nantly in two categories: passive and active. Active exoskeletons can add energy to the
human motion using various types of actuators, ranging from hydraulic, electric, pneumatic
or a combination of these [5]-[7]. However, active exoskeletons usually require a substan-
tial energy storage that increases the weight of the system, and have a limited amount of
operational time. The additional weight of the exoskeleton increases the inertia of the sys-
tem which is difficult to compensate [69]. On the other hand there are passive exoskeleton
systems that only use passive viscoelastic elements such as springs and dampers to provide
assistance to the user. Even though these devices do not add energy to the human, they
have been proven to effectively reduce muscular activity and fatigue, which can alleviate
injuries or lower the risk of muscoloskeletal disorders [8]-[11]. Nevertheless, they usually
suffer from a limited versatility as they can restrict some of the user movement for tasks
that do not require support, such as walking, for spinal exoskeletons [70] and arm motion
for shoulder exoskeletons.

One way of solving this issue is by using passive elements to provide the supporting
torque and small actuators to engage or disengage this support making these devices quasi-
passive. Actuators used for such purposes are called Clutched Elastic Actuators (CEA)
[71]. By means of having the possibility to engage or disengage the passive support of
the exoskeleton, unobtrusive movement of the user can be achieved for tasks that do not
require assistance. For all other tasks the support is engaged. One of the problems with
such devices is the need for a controller that has to determine when to turn the support
on and off.

Work regarding the control of devices implementing CEA’s is sparse as it is usually
limited to the low level control of forces and stiffness [71]-[73]. Most papers regarding
control of exoskeletons deal with active devices [27], [74], [75]. Some studies were deal-
ing specifically with controllers for active spinal exoskeletons, where various techniques
of lifting were being classified and based on this, appropriate support was given to the
user [23|, [27]. These studies focused on the detection and classification of the upward
lifting motion and neglected the initial part, when the body bends down towards the load.
This is appropriate only if the exoskeleton can actively generate mechanical power. For
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a quasi-passive exoskeleton this is not a feasible approach, since the energy to assist the
upward motion needs to be stored in the viscoelastic elements already when performing
the downward motion. This is a more difficult task as some movements start similarly and
only become different in later stages (e.g. sitting down on a chair vs. bending down to lift
an object from the ground). Arguably this would imply that the initial part of the motion
should be considered the same for both tasks (e.g. bending down is common to both sitting
down and lifting an object). This would, however, require a more complex acquisition of
the ground truth information, such as video analysis of the performed movements. In the
scope of this work, we used clean and elementary ground truth information about the per-
formed movements in combination with a probabilistic classification algorithm, to develop
a controller that is able to handle the similarities between the movements and provide a
control output for the quasi-passive spinal exoskeleton.

A variety of classification techniques exist that were used for human movement clas-
sification from body mounted sensors. These range from simple algorithms like threshold
based classification, k-nearest neighbours or decision trees, to probabilistic approaches such
as Gaussian mixture models, Hidden Markov models, or Support vector machines, Fuzzy
logic and artificial neural networks [25]. Regarding exoskeleton control, Gaussian mixture
models (GMM) have already been implemented for EMG and EEG signal classification
for the purpose of controlling an exoskeleton |76]-|78]. GMM are also an effective tool for
probabilistic classification of user movements [79], [80]. The main advantage of GMM is
that they provide a probability estimate for classification rather that assigning new input
data to one specific class. As such, the classification of the model is not discrete, which
allows us to use this information to condition the transitions of a state machine in order
to modulate the control output for the quasi-passive spinal exoskeleton. In this chapter,
we present an exploitation of the GMM probabilistic classification expanded with a state
machine to control the quasi-passive exoskeleton in such a way that it supports the user
when needed and is unobtrusive when the support is not necessary.

2.2 Materials and Methods

2.2.1 Experimental setup

We used a quasi-passive spinal exoskeleton [81] (Figure 2.1) that can provide support to
the subject by unloading the spine when performing lifting movements. It is comprised of
two main components: the upper spinal module and the bottom spring mechanism. The
upper part is a spinal elastic module with carbon fibre beams that transfers the extension
torque generated by the passive spring mechanism at the hip to the trunk of the subject.
Additionally it provides passive support when the subject is performing trunk flexion. In
the bottom part of the exoskeleton there is a spring mechanism that is compressed during
hip flexion which generates an extension torque at the hip. The mechanical design is
presented in greater detail in the work of N&f et. al. [81]. The spring mechanism can be
engaged or disengaged via a clutch located at both hip joints. If the clutch is disengaged,
the springs do not provide any support as the mechanism freely rotates around the hip
joint. This means that the exoskeleton does not hinder the subject when performing
movements like walking or sitting down. It is important to note that the mechanical
design of the clutch enables a transition from engaged to disengaged or vice versa only
when the forward rotation around the hip joint of the exoskeleton is lower than 25°. The
rotation around the hip joint of the exoskeleton is directly correlated with the subject’s
hip angle.

To automatically engage or disengage the clutch, one small servo motor (KST X15-908,
KST Digital Technology Limited, Meihzou, Guangdong, China) is used on each side of the
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Figure 2.1: Lateral view of a subject wearing the exoskeleton. Red arrows indicate the
locations of key components of the device.

exoskeleton. Each servo motor is attached to the lever arm of the clutch and can engage
or disengage the clutch in 0.05 s. For a regular motion of the user, the expected rotational
velocity of hip flexion is around 100 °/s. Based on the servo actuation timing, the subject
can move 5° during the activation of the clutch. This limits the actual engagement window
of the clutch to 20° of hip flexion.

The exoskeleton is equipped with sensors to monitor the configuration of the exoskeleton
and therefore the pose of the subject wearing it. It has built-in rotational encoders in
both hip joints to monitor the hip flexion or extension (AS5048A, ams AG, Premstaetten,
Austria). In addition to the encoders, an IMU (Xsens, Enschede, Netherlands) is attached
on the chest straps of the exoskeleton. The IMU provides information of the orientation
of the subject’s trunk in space. For the experiment performed in this study, we recorded
the orientation of the subject’s trunk in the sagittal plane.

The exoskeleton includes on-board electronics to read sensor data and send commands
to the servo motors. The main computing module consists of a Raspberry Pi Model 3B+
(Raspberry Pi Foundation, Cambridge, United Kingdom). It allows a controller to be
programmed in Matlab Simulink (Mathworks, Natick, MA, United States) and deploy the
compiled code on the target hardware. The power supply for the raspberry Pi is an off-
the-shelf product PiJuice HAT (Pi Supply, East Sussex, United Kingdom). It provides
uninterrupted power supply for the Raspberry Pi from a 4.2 V, 1820 mAh battery. The
servo motors are powered from a separate 7.4 V, 1000 mAh Li-Poly battery.

2.2.2 Experimental protocol

Seven healthy subjects participated in the study (age: 27.14 +2.12 years, height: 172.00 £+
9.27 cm, weight: 69.86+12.69 kg). The experiment was conducted at Jozef Stefan Institute
in accordance with the principles stated in the Declaration of Helsinki and approved by
the Slovenian National Medical Ethics Committee (No. 339/2017/7).

Subjects performed a sequence of tasks while wearing the exoskeleton, representative of
a typical working environment, shown in Figure 2.2. The task sequence was predetermined
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Standing Walking Squatting Lifting Sitting

Figure 2.2: Example of performed tasks during the experiment.

and consisted of a random number of repetitions of the following movements: walking,
sitting, squatting and lifting a 3 kg box from the floor. In between every movement,
the subjects came back to a normal upright stance and awaited instructions for the next
movement. The sequence of tasks was unknown to the subjects and the instructions were
given verbally, only after every completed movement. Each subject performed in total
20 walks, 20 squats, 20 box lifts and 20 chair sits. The subjects were not instructed to
perform any specific lifting technique such as stoop or squat lifting. They were free to use
their preferred lifting technique as well as perform all movements at their preferred speed.
Data from the sensors was recorded using the Raspberry Pi at a frequency of 100 Hz. For
reference, the average duration of the performed movements was 1.38 s +£ 0.73 5, 4.64 s +
0.868,2.67s+0.478s,2.98s+0.39sand 5.61 s £ 1.57 s for the tasks of standing, walking,
squatting, lifting and sitting, which corresponds to an average of 138, 464, 267, 298 and
561 data samples. The total length of the experiment was on average 460.5 + 52.3 s. Prior
to the start of each recording session, we recorded the orientation of the IMU for 1 second.
The mean value of this recording was used as a reference for normal upright standing (0°
of trunk inclination). During the experiment, the exoskeleton clutch was disengaged at all
times.

To have a ground truth label to train and validate our classification method, the
recorded dataset was segmented and hand-labelled. The set of possible labels was: 1 -
standing, 2 - walking, 3 - squatting, 4 - lifting, 5 - sitting. Labelling was based on the
set of instructions given to the subjects during the experiment. For example, the whole
motion of performing the instruction "Sit", "Stand up", was labelled as sitting. The start
and end of the task were determined by the standing phase.

2.2.3 Classification algorithm with GMM

The foundation of our control algorithm is based on GMM to discriminate between the
various tasks performed by the subject. This is done in two steps: fitting and predicting.

First, data belonging to each task j was modelled using a superposition of K Gaussian
densities (Gaussian mixtures) by

K
pi() = Tidn (@ pk, Zh), (2.1)
k=1
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where x is a 6x1 vector of input data (right encoder angle, left encoder angle, IMU orienta-
tion in the sagittal plane, right encoder angular velocity, left encoder angular velocity, rate
of change of IMU orientation in the sagittal plane). Every k-th Gaussian density denoted
as ¢ (x|, Xx) is a component of the mixture and has its own mean g and covariance
Xk. T are the mixing coefficients of the components. Both pj(x) and the individual
Gaussian components are normalized such that:

/_OO pi(x) =1 (2.2)

and
K
> m=1 (2.3)
k=1

To fit the Gaussian mixtures we used the Expectation Maximization algorithm for fitting
a predefined number of mixtures to the selected data. The number of mixtures K used
for fitting was set to 1 for the standing task. For each of the tasks of walking, squatting,
lifting and sitting, the value K was determined in an iterative process [82] separately, as
follows. For each model with K Gaussians used, the Bayesian information criterion (BIC)
was calculated and compared to the value of the previous model (K —1). If the new value
of BIC was lower, the new model was kept and the iteration continued until the value
did not lower anymore or the set maximum value (K = 5) was reached. In Figure 2.3
we present an example of the trained GMM in a reduced feature space for the lifting and
sitting task.

/\
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Figure 2.3: GMM representation in a reduced feature space for the lifting (Blue) and sitting
task (Red); Kjips = 5, Ky = 5. The axis @1, 22 and x3 represent right hip angle, left hip
angle and trunk inclination respectively. For reference, all movements start in the bottom
right corner, continue towards the left side of the graph and return to the starting position.

To use the Gaussian mixture models for classification of new input data we calculate
the posterior probability of the new input data « belonging to each task j:
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H@—pe)T 2 (- )
)7 (2.4)

@)= ("
pj\x) = Tk(
Pt (2m) P |
where D is the dimensionality of the model (6 in our case). We can combine these values
in a vector p(x) that contains the posterior probabilities for each task. At this point it is
possible to compare all of the probability values with each other and select the task with
the highest probability. To do this, we define a function imax(p) that selects the index j
in the vector p that has the maximum probability,

imaz(p) = {j | pj = maz(p)}, (2.5)

which gives us the prediction to which state the new input data x belongs to. This approach
already provides valid and useful information about any new input data into the model.
However, this can be problematic when GMM of different tasks overlap. Such an overlap
can be observed in the bottom right corner of Figure 2.3. This is an outcome of the protocol
used for acquiring the ground truth that was used for training the model. In this case the
prediction using imax(p) is not stable as it can change from one task to another for every
new data sample acquired. To overcome this limitation and preserve the clean acquisition
of ground truth, we developed a state machine controller that is presented in subsection
2.2.4.

2.2.4 Integration of GMM with a state machine

To complement the GMM probability outputs we developed a state machine controller
which is schematically presented in Figure 2.4. The states of the controller are the five
tasks performed during the experiment (standing, walking, squatting, lifting and sitting)
along with a pre-lift state. We added a pre-lift state, because of the similarity of the
models in the early stages of performing the tasks of squatting, lifting and sitting. By
using this state we conditioned the output of the state machine to classify a pre-lift until
the probability of squatting, lifting or sitting reaches a high enough value. This limits the
amount of transitions between states in the initial part of the downward movement when
the subject starts bending down. The transitions between the states are conditioned by
probabilities of p(x), normalized based on the sum of probabilities of all tasks (J = 5) for
the current input x,

p(e) = P (2.6)

With this normalization, we simplify the comparison of probabilities for the current input
x. However, the normalized probabilities do not include information about the actual value
of the posterior probability of o belonging to a task j. This is important, as it defines
whether the current input data is similar to the data used for training the model or not.
To account for this, we compare the current probability value of each state p;(x) with the
maximum probability of the model for that state:

i(x
mj(x) = _Bi®) ,) :
max(p;(x))
If the current probabilities for all states are lower than 0.005 of their respective maximum,
the transitions between the states in the state machine are disabled. The initial state of
the state machine is denoted by the circle and arrow leading to the state standing. The

(2.7)
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Figure 2.4: Structure of the state machine controller with all possible transitions between
states. The states of pre-lift, squating, lifting and sitting are grouped inside a superstate
which allows transitions back to the walking or standing state. Arrows with circles denote
initial transitions.

transition to standing occurs when the sensors are calibrated in a normal standing pose
of the user. After this, the state machine controller can switch between all the different
states based on the following transition rules. The transition rule from standing or walking
to the pre-lift state is defined as:

p5 () + pli () + p5 () > hy. (2.8)

All other transitions in the state machine from a current state 7 to the next state ¢+ 1 are
defined as

piy1(x) > ha, (2.9)

where hj is a fixed threshold value set to 0.8. Additionally, we add a hold condition, that
holds the current state of the state machine when the subject is in the middle of a sit, squat
or lift. The rule for the hold condition is abs(vr) < vi AND (p§(x) > ha OR pj(x) > ho
OR pf(x) > hg), where hy and v are fixed threshold values of 0.5 and 5 °/s respectively
and vr denotes the rate of change of orientation of the subject’s trunk. The hold condition
ends when the probability of standing or walking satisfies equation 2.9.

2.2.5 Performance evaluation of the controller

We evaluated the performance of our controller for task recognition and for the activation
of support provided to the user. We split the collected data from the 7 subjects into
2 groups. The first 6 subjects were used to perform a leave-one-out cross validation of
our proposed approach, while the final seventh subject was used separately as a testing
subject. The methodology used to evaluate task recognition is presented in subsection
2.2.5.1. Activation of support provided to the user was evaluated based on the control
signals generated for clutch actuation which is presented in subsection 2.2.5.2.
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2.2.5.1 Evaluation of task recognition

To evaluate the performance of task recognition, we performed a leave-one-out cross vali-
dation procedure on the dataset due to a limited number of subjects that were recruited
for the experiment. In the validation part, data of all except one subject was used to
train the GMM and the remaining subject’s data was used as the test dataset. This was
repeated for each subject, using every subject once as the testing dataset, for a total of 6
times. After this procedure was carried out, the same metrics were calculated for the final
testing subject, where the data of the first 6 subjects was used as the training dataset.
To emphasize the importance of the state machine we calculated the performance metrics
for the case of using only GMM and the combination of GMM with the state machine
(GMM-S). First we looked at the overall accuracy, sensitivity and specificity of classifica-
tion for GMM+S considering all input data samples collected during the experiment. We
defined these classification metrics as:

TP+ TN

A = 2.10

Y = TP Y TN+ FP+ FN (2.10)
TP,

11T = = 2.11

Sensitivity(k) TP 1 FN, (2.11)
. T Ny,

icity(k) = ———— 2.12

Speci ficity(k) TN, 1 FD,’ (2.12)

where, TP, TN, FP, FN denote the number of true positives, true negatives, false pos-
itives and false negatives. For the calculation of specificity for the 5 states, the TN and
F P values were calculated for a one vs. all comparison.

More important in our case, are classification results for binary conditions of support
ON and support OFF. In this case, we define a true positive result (7'P) as a classification of
support ON for lifting or squatting movements. A true negative result (T'N) is considered a
classification of support OFF for standing, walking and sitting movements. The definitions
of the performance metrics of accuracy, sensitivity and specificity remain the same as
defined in equations 2.10, 2.11 and 2.12. Since the calculation of these metrics across all
input data is too general, we additionally calculated their values over the course of the
performed movements. To do this, we normalized each individual repetition of a task
over time. We then calculated the performance metrics for each 5 % of the normalized
movement trajectories for each subject. The final results are presented with the mean and
standard deviation of the performance metrics across all the test subjects.

2.2.5.2 Evaluation of support activation

To evaluate the efficacy of our controller for support activation we performed a simulation
of the actuation of the exoskeleton’s clutch. As stated in section 2.2.1, the clutch of the
exoskeleton needs some time to actuate. We have taken into account this actuation time,
by reducing the angle at which successful engaging of the clutch is deemed possible. For an
average motion of the user, this angle corresponds to 20 °. The exoskeleton should support
the lifting and squatting movements, therefore the clutch needs to successfully engage at
the beginning of these movements. In contrast to this, the clutch should be disengaged for
the standing, walking and sitting tasks to allow free movement to the user. The results of
this evaluation are presented based on the binary state of the exoskeleton’s clutch. A true
positive result (T'P) is considered a successfully engaged clutch for lifting and squatting
movements. A true negative result (T'N) is considered a disengaged clutch for standing,
walking and sitting movements.
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2.3 Results

The results sections is presented in two parts. First we present the results of the leave-
one-out cross validation procedure with the first 6 subjects and then we present the results
when testing the proposed approach with one subject.

2.3.1 Leave-one-out cross validation
2.3.1.1 Task recognition

The average size of the data samples for training the GMM model was 223056 £+ 6068
samples, while the testing dataset on average consisted of 44611 + 6068 samples. Using
GMM-+S, the overall recognition accuracy of all 5 tasks (standing, walking, squatting,
lifting, sitting) for all input data samples was 79.32 £ 2.14 % (mean =+ s.d.). The average
sensitivities across 6 subjects for standing, walking, squatting, lifting and sitting were
92.504+4.92 %, 90.63+2.97 %, 60.07+£29.96 %, 88.45+7.94 %, 64.16+£5.42 %, respectively.
Whereas the specificities were: 76.33+3.15 %, 75.37+2.43 %, 83.88 +5.49 %, 86.69 + 3.96
%, 74.47 +3.77 %. However, in our case, it is more important to look at results of support
ON vs support OFF classification. For this binary case of support ON/OFF, the overall
classification accuracy for all input data samples was 87.50 + 0.95 % and the sensitivity
and specificity were 95.77 + 2.15 % and 84.77 + 1.32 % respectively. The results of the
performance metrics of accuracy over normalized trajectories are presented in Figure 2.5.
We can observe that there is a very high accuracy for both cases (GMM and GMM+S) in
the middle of the movement (at 0.5 of the normalized time). The GMM only (black error
bars) shows a higher accuracy of recognition at an earlier stage of the movement (Accuracy
> 90 % at normalized time 0.3).
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Figure 2.5: Mean and standard deviation of accuracy over the course of the performed
movement for ON/OFF classification. Using only the maximum GMM probability (black)
and using GMM+S (grey).

Sensitivity and specificity for ON/OFF classification are presented in Figure 2.6a and
Figure 2.6b. Here we can observe, that using GMM only we obtain higher specificity of
classification in the first half of the performed movements. This indicates a higher success
rate of classifying support OFF when no support is required. However, the sensitivity
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Figure 2.6: Mean and standard deviation of sensitivity (a) and specificity (b) over the
course of the performed movement for ON/OFF classification. Using only the maximum
GMM probability (black) and using GMM+S (grey).

of classification using GMM only is lower, with a higher standard deviation, compared
to using the combinations of GMM with the state machine (GMM+S). This means that,
using the approach of GMM+S, we can reduce the number of misclassified movements
when the support of the exoskeleton is required.

2.3.1.2 Support activation

An example of the control outputs of the controller is presented in Figure 2.7.

Lift and squat movements, when the support of the exoskeleton is required, are high-
lighted with shaded grey areas. The rest of the data represents sitting, standing and
walking. In this example, all the movements requiring support were correctly classified
and the support was provided successfully, which is denoted with a green highlight. Both
sitting tasks are initially misclassified and are therefore highlighted in red. The results of
support activation for all movements and for all subjects are presented in the form of a
confusion matrix in Table 2.1. Accuracy of support activation was 86.35 + 1.00 % (mean
+ s.d.)). The sensitivity and specificity of support activation were 96.15 £+ 3.89 % and
83.10 4+ 0.92 % respectively. The specificity is reduced, due to the many sitting tasks be-
ing supported in the early part of the movement as can be seen in the example presented
in Figure 2.7, highlighted in red. However, it is important to note that 93.05 +4.95 % of
sitting tasks were correctly classified in the middle of the movement.

Table 2.1: Confusion matrix (mean + s.d.) for support activation of exoskeleton.

Required condition
Support ON  Support OFF

Support ON  96.154+3.89 16.90 £ 0.92
Support OFF  3.85+3.89  83.10 £ 0.92

Output
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Figure 2.7: Example of control output for the support of the quasi-passive spinal ex-
oskeleton. Shaded grey areas indicate when the support needs to be active. Highlighted
trajectories represent the real-time output of the controller for support ON state. True
positive (TP) activation of the support is denoted in green, False positive (FP) activation
is denoted in red. Graph labels for the sections of standing are omitted for clarity.

2.3.2 Test subject

The training dataset for the test subject consisted of data from 6 subjects equating to
267668 samples of data. The testing dataset of subject 7 consisted in total of 46237
samples of data.

2.3.2.1 Task recognition

Using GMM-+S, the overall recognition accuracy of all 5 tasks (standing, walking, squat-
ting, lifting, sitting) for all input data samples was 84.49%. The sensitivity for standing,
walking, squatting, lifting and sitting were 98.56 %, 93.90 %, 79.56 %, 90.49 %, 63.60 %
respectively. Whereas the specificities were: 83.83 %, 81.40 %, 87.71 %, 88.15 %, 81.05 %.
For the binary case of support ON/OFF, the overall classification accuracy for all input
data samples of the test subject was 88.60 % and the sensitivity and specificity were 91.37
% and 87.69 % respectively. The results of the performance metrics of accuracy over nor-
malized trajectories are presented in Figure 2.8. Sensitivity and specificity for ON/OFF
classification are presented in Figure 2.9a and Figure 2.9b. Similar to the results during
validation we can observe the slightly increased sensitivity while using the GMM-S versus
using only the GMM probability outputs.

2.3.2.2 Support activation

The results of support activation for all movements for the test subject are presented in
the form of a confusion matrix in Table 2.1. Accuracy of support activation for the test
subject was 87.65 %. The sensitivity and specificity of support activation were 100 % and
83.47 % respectively. As during the validation we observe that the specificity is reduced,
due to the many sitting tasks being supported in the early part of the movement just as
in the example presented in Figure 2.7, highlighted in red. Likewise however, 90.00 % of
sitting tasks were correctly classified in the middle of the movement for the test subject.
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Figure 2.8: Accuracy over the course of the performed movement for ON/OFF classification
for the test subject. Using only the maximum GMM probability (black) and using GMM-+S
(grey).
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Figure 2.9: Sensitivity (a) and specificity (b) over the course of the performed movement
for ON/OFF classification for the test subject. Using only the maximum GMM probability
(black) and using GMM+S (grey).

2.4 Discussion

We described our approach of using probability outputs of a GMM in combination with a
state machine to generate control signals in real-time for a quasi-passive spinal exoskeleton
device. The inputs to the controller were limited only to the sensors embedded in the device.
With this approach we achieved a very high accuracy of task recognition in the middle of
the movement, when the support to the user is most critical for lifting movements. These
results indicate that our approach would also be suitable for active exoskeletons, where
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Table 2.2: Confusion matrix for support activation of exoskeleton for the test subject.

Required condition
Support ON  Support OFF

Support ON 100 16.53
Support OFF 0 83.47

Output

this method could be used to select different types of support profiles for various lifting
techniques. Additionally, based on the type of lifting technique and an a priori knowledge
of joint loading for each movement, the exoskeleton could prevent human joint overloading,
while still enable a seamless execution of the task [83].

Using the state machine we complemented the versatility of GMM by controlling tran-
sitions between states during downward motion. With this, we achieved very good re-
sults during the leave-one-out cross validation with a sensitivity of support activation of
96.15 + 3.89 %. The specificity of support activation was only 83.15 + 0.85 %, which is
mainly due to the many sitting tasks being initially misclassified. Similar results of support
activation were also present for the test subject with a sensitivity for support activation of
100 % and specificity of 83.5%. Due to the similarity between a lifting and sitting move-
ment at the beginning of the motion (Figure 2.3), it is difficult to disengage the support
for sitting without compromising support for lifting. In this case, a more feasible solution
would be the use of a different clutch mechanism that can be disengaged under load. Nev-
ertheless, classification errors are inevitable and can greatly compromise the comfort or
safety of the wearable device. Striving for reducing these errors is important, but equally
so is the implementation of additional safety measures that prevent injuries or discomfort
even in the unlikely event of misclassified user movements or intentions.

The protocol used for determining the ground truth required to learn the GMM, could
be easily integrated in the wearable device itself, requiring user input for movement type
along with the start and end of movement. In our approach, the absolute values of GMM
probability were used only to limit transitions in case of uncertainty (low m;(z) values).
However, this information could also be used to detect movements new to the model or
give feedback to the user, prompting an update of the learned model. Another possible
extension could be to look at the repetitions of the same movement in order to influence
future predictions.

Even though much of the recent technological advances in spinal exoskeleton control
are focused on active devices [84], we believe that the emerging passive and quasi-passive
versions are equally important. The many benefits of passive devices are often limited by
their poor versatility or the discomfort imparted to the users for performing some tasks
[85]. Therefore the development of hybrid style devices along with adequate control is
very important in order to advance the field of spinal wearable devices. Despite some
limitations of this study, we believe our approach proved to be a promising tool for control
of quasi-passive spinal exoskeletons and thus provides a meaningful contribution to the
state of the art.
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Chapter 3

Foot Placement Prediction in
Real-Time Using Probabilistic
Movement Primitives

3.1 Introduction

Falls and injuries associated with falls are very common among people, especially the
elderly [86]. This is becoming an ever increasing problem, due to the continued population
ageing in developed parts of the world [87]. To prevent these individuals from fall-related
injuries there are already some systems which can protect the user after a fall is detected
in the form of an airbag [88]. However, with the increase in development of exoskeleton
systems for assisting users [89], another suitable approach would be to implement fall
prevention strategies, that could reduce the probability of a fall even occurring. This may
be ambitious, but for some scenarios it could certainly be implemented by predicting user
foot placements in real-time and employing a warning or possibly some active manoeuvres
with the exoskeleton e.g. shortening or lengthening the step length to reposition the foot.

The first prerequisite for such a system is the ability to gather positional data of
the user. The gold standard for measuring human kinematics are camera-based systems
that precisely track movement in 3D space. However, these systems are usually only
limited to use in laboratories or rehabilitation facilities. Alternatively, there are other
commercial systems which use inertial based sensors to reconstruct the kinematic data of
human subjects. These systems have been extensively used and evaluated in a multitude of
gait analysis studies. An extensive review based on 82 papers concluded that the validity
and reliability of step and stride length using IMU systems were found to be good to
excellent [90]. While these systems have some limitations, they are still very reliable and
provide accurate kinematic data that can be gathered outside of the laboratory or even
easily implemented in wearable robotic devices [91].

Omne of the most important aspects of the human gait is stability. This has been
investigated in many studies which are nicely summarised in the work of Bruijn et.al
[92]. In its essence however, the stability of the human gait is primarily a game between
the location of the centre of mass (CoM) and the position of the feet i.e. the base of
support (BoS). Many models to describe human gait were derived from the simple idea of
the inverted pendulum [93]-[95]. While these models can be very accurate at predicting
user foot placement, their underlying assumption is that the human is able to perform
these movements. With elderly individuals however, these assumptions may not be valid
and alternative models could be more appropriate for estimating future feet positions.
Some studies have looked at the possibility of predicting user foot placement from the
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subject’s gaze [96] or using kinematic data of the foot in 3D space [97], [98]. However
the research in this field is very sparse. We have previously successfully implemented
probabilistic movement primitives (ProMPs), for predicting user movement intention for
arm movements [99]. In this chapter, we present an alternative use case of ProMPs for
predicting foot placement in real time at the beginning of the swing phase. We evaluate
whether we can accurately predict the step length for steady state walking at a constant
speed on a treadmill.

3.2 Methods

Twelve healthy young adults (4 women and 8 men, age 28.5 + 4.8 years (mean + SD);
height 178.9 + 11.2 c¢m; weight 71.8 + 14.2 kg) participated in the study. The study was
carried out in accordance with the recommendations of the Slovenian National Medical
Ethics Committee (No. 0120- 339/2017/7) and all subjects gave written informed consent
for participation.

3.2.1 Experimental setup

The experiment was caried out using a custom made wide belt treamill (dimensions of
2.00 x 1.2 m) driven by a servo motor (EMMS-AS-140-S-RM, Festo, Esslingen, Germany)
controlled via CAN-bus network with an in house developed Simulink Real-Time control
interface. The motor has a built in encoder which is used to precisely monitor the rotational
velocity of the motor. By multiplying the motor speed on the output shaft of the motor
with the gear reduction and the radius of the treadmill driving roller, we can calculate the
velocity of the treadmill. This is however susceptible to measurement error. Therefore,
to ensure the validity of the controlled speed of our treadmill, a standardised treadmill
calibration procedure was carried out which is presented in detail in the work of Padulo
et. al. [100]. The speed of our treadmill was calibrated by first measuring the length of
the treadmill belt (4.19 m). After measuring the belt length, the treadmill was set to a
speed of 1 ms™1. We then proceeded to time 20 revolutions of the treadmill belt with a
stopwatch and calculated the actual velocity of the treadmill belt. The difference in the
calculated and measured treadmill velocity was used as a correction factor for the control
input to the treadmill motor. We then proceeded to time 20 revolutions of the treadmill
belt with a stopwatch to calculate the actual velocity. We determined the final accuracy
of the treadmill velocity at 0.08 ms~1. The speed of the treadmill was verified also with
a subject (weight: 80 kg) walking on the treadmill with no significant deviation from the
set velocity.

3.2.2 Protocol

To collect user kinematic data in this study we used the Xsens Awinda system (Xsens,
Enschede, Netherlands). Before the start of the recording, the Xsens system was calibrated
and aligned, so that the forward direction of the system (X direction) matched the forward
direction of the treadmill. To compensate for any small misalignments between the model
and the treadmill, the orientation of the pelvis segment was used to rotate all data points
about the vertical axis. To determine their preferred walking speed (PWS) during the
familiarization trial, the subjects used a keyboard to increase and decrease the speed of the
treadmill until they found a setting they deemed suitable. This speed was then saved and
used in the experimental trials. The subjects then walked on a treadmill at their preferred
walking speed (PWS), 30% slower (SWS), and 30% faster (FWS) in the following sequence
of trials (PWS — SWS — FWS — PWS — SWS — FWS). In the scope of this work, we
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analysed only the first trial at the preferred walking speed (PWS). The first half of the
data was used for training the ProMp model, whereas the second half of the data was used
for testing.

3.2.3 Step segmentation

We used the inter-malleolar point located midway between the lateral and medial malleoli
[101] for detecting heel strike events as in [31]. Heel-strikes (HS) were detected as the local
maxima of the anterior-posterior (AP) position of the inter-malleolar point. Conversely,
the toe-off (TO) events were detected as the local minima of the AP position of the inter-
malleolar point. The general shape of the segmented trajectories is presented in figure 3.1
where we show an example set of trajectories for one leg of one subject.
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Figure 3.1: Example set of trajectories from one subject in the sagittal plane.

3.2.4 Probabilistic model for prediction

In this section we present the framework of the probabilistic movement primitives, i.e. how
the trajectories are encoded, how the model is generated and how the future predictions
are computed from the observed data points.

3.2.4.1 Encoding trajectories

Let ¢y € R/ denote a basis function vector containing values of J basis functions at
time & ¢y = [gf)u P2 qu,t]. The variable w’ € R7*! represents a J-dimensional
feature vector that encodes weights for each of the J basis functions. We can extend this
formulation and define a diagonal matrix &; as

(3.1)

&, = diag(¢y, ¢1) = [¢t 0}

0 ¢
that includes the basis functions and their derivatives. The weight vector gets extended

to a vector w = [w) ., w’ ;] that includes the weights for the basis functions and for the

pos’» el

derivatives of the basis functions. With this notation, an observation in time y; = [xy, it]T
which represents the position and velocity in one dimension at time ¢, can be approximated
as

Y = [ij = dw (3.2)
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This can be further extended to multi-dimensional states. Assuming that our variable
y; now has D dimensions y; = [yl,t e yD,t]T, the basis function matrix @; extends to
a block diagonal matrix ¥ € RP*’/D and the weight vector w becomes a concatenation
of the weight vectors of each dimension w € R/P*!. Variable y; is now approximated as

& - 0
. ]T

—

yy=%w=|: " i|[w - wp|, (3.3)
0 - &

Using this formulation we can approximate a sequence of T states denoted by 7 = 1.7,
where

T = !plsz (3.4)

with

Ty = (& - B - qJT]T

e RTP*ID, (3.5)
The basis functions used in this work were Gaussian basis functions which are often used
for point-to-point movements.

To approximate the trajectories in the previously described manner, the weights for
each trajectory need to be calculated. For the ¢-th trajectory 7;, the corresponding weight
vector w; can be estimated using a simple least squares estimate. In our case, we used the
least squares method

—1
w; = (WIT:T%;T 4 )\I> ol 7, (3.6)

where A\ represents a regularization parameter used to avoid numerical singularities. Its
value should be small, in our case we used A\ = 10712,

3.2.4.2 Creating the probabilistic model

When the weight vectors of all trajectories are calculated, we assume their values to be
normally distributed, i.e., p(w) = N(w|py,Xyw). The mean p,, and the covariance
matrix 3, can be estimated with sample mean and sample covariance of the w; vectors.

With the function approximation (3.4) and the weight vectors w; defined, we can define
a probabilistic model for trajectories as

T
p(T‘w> = HN(yt‘!ptwu Zy) = N(ylit’!pl:Tw) Ey) (37)
t=1

This model describes the probability of observing a trajectory 7 given the weight vector
w, that is given as a linear basis function yi1; = Wi.rw + €,1.7. The parameter X
represents independent and identically distributed (i.7.d.) Gaussian noise in the trajectories
yr = Yw + ¢y, where ¢, ~ N(¢,[0, X).

3.2.4.3 Computing Predictions from Observations

We can model predictions from observations by computing the conditional probability.
First, we need to define the probability distribution over the trajectories 7, which can be
computed by marginalizing out the weight vector w. In the case of a Gaussian distribution
the marginal can be computed in closed form as

p(r) = / Pl |w)p(aw)duw (3.8)
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= //\/(?J1:T|!P1:Tw, 2N (W], Xy )dw (3.9)

= N (1| Prow, U0 2,¥ . + 3,). (3.10)

What we get is a multivariate Gaussian distribution, the conditional probability of
which we can compute in closed form.

When we receive a new point y*, we can predict the most likely path of the foot
(parametrized through p* and X*) by conditioning the observed state over the weight
vectors. Say that we observed a sequence of states y;1 to yyr at m=1, 2,..., M-different
time points. We declare v as a concatenation of the observed states y:, and ¥, as the
concatenation of the basis function matrices for the observed time points.

With the observed trajectories encoded as previously described, we can obtain a con-
ditioned distribution p(w,|v) over the weight vectors w as

p(wy,|v) x N(v|&,w,, Xo)p(w) (3.11)

= N(wl/|“w\u72w\l/)' (312)

We can compute the mean p,,, and the covariance matrix 3, as

Hylv = Hw + EWEPEL(I/ - Spyﬂfw) (313)
and
By = Zw — 2,0, LY, 3, (3.14)
where B
L= (20 n %zwwf) . (3.15)

With the feature mean p,,), and covariance matrix X, obtained, we can now use this
conditional distribution to calculate the distribution over the trajectories p(7) using (3.10)

p(?) = N(glzT|!p1:Tuw|w !IllsTEwh/WlI:T + Ey)a (316)

where the predicted sequence of states gy.7 is represented by the product Yr.r ), -

3.2.5 Data acquisition and analysis

The encoding and model generation was performed based on the first half of the recorded
data for each subject. The step segmentation, conditioning of new data, and generation of
predictions was implemented in Simulink (Mathworks, Natick, MA, United States). New
data about the foot positions was streamed over UDP in real time from the MVN Analyze
(Xsens, Enschede, Netherlands) software to the Simulink model calculating the predictions.
The analysis of data was performed in Matlab (Mathworks, Natick, MA, United States).
We limited the analysis of the data to the sagittal plane, since this is the plane where the
kinematic data from the Xsens system is the most accurate [102].

3.3 Results

The average number of steps during the PWS trial was 156.9 with a standard deviation
of 13.4 steps. The mean and standard deviation of step lengths for each subject are
presented in figure 3.2. We can observe different average step lengths for each subject as
well as different levels of variations of steps during the trial. The average step length was
678.9 mm, while the average standard deviation of step length was 15.9 mm.
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Figure 3.2: Mean and SD of step lengths for each subject.

Figure 3.3 shows an example prediction of the foot position in the AP direction at
different times after movement onset.

The error of prediction of the step length for all subjects is presented in figure 3.4. The
mean and standard deviation of the error of prediction was 7.9+£3.3, 8.6+£3.5 and 10.0+3.7
mm for the 100, 150 and 200 ms observation windows respectively. The one sample t-test
showed that the error of prediction is significantly lower than the standard deviation of the
step length for all observation windows (p < 0.001). A paired t-test revealed that there is
no significant difference between the three observation windows (p < 0.001).

To further evaluate the predictions of the model we looked at how the predicted trajec-
tory differs from the actual trajectory over the whole movement. For each of the predicted
trajectories we calculated the error from the actual trajectory (both normalized to the
movement phase) for all data points and calculated the root mean squared error to have
one single measure for each step. The root mean squared error of the predicted trajecto-
ries with the ProMps for all subjects is presented in Figure 3.5 in the form of boxplots
of the mean RMSE of each subject. The mean and standard deviation of the RMSE was
14.8 £ 6.6, 14.5+ 5.5 and 14.6 + 6.0 mm for the 100, 150 and 200 ms observation windows
respectively. A paired t-test revealed that there is no significant difference between the
three observation windows (p < 0.001).
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Figure 3.3: Example of a foot trajectory (black dots), observations used for making the
prediction (blue circles), and the predicted trajectory (blue line) at 100, 150 and 200 ms

after movement onset.
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Figure 3.4: Boxplots of the mean error of all subjects of the predicted step length at differ-
ent percentages of the swing phase. The red dashed line represents the average standard
deviation of step length for all subjects.
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Figure 3.5: RMSE of the predicted trajectory at different percentages of the swing phase.

3.4 Discussion

Since the experiment consisted of steady state walking at a constant speed, the variation
in step length is small for all subjects. Nevertheless, as we can observe from figure 3.4, the
error of prediction was significantly lower than the standard deviation of the step lengths
for the subjects. This is a very encouraging result for the use of ProMPs for predicting user
foot placement. A similar study looked at the accuracy of prediction of foot placements
with different machine learning regression algorithms [103] where they were able to predict
the foot placement with an average error of 35 mm and a RMSE of 44 mm. In their
experiment the protocol was slightly different where they had more variation in the step
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length of the subjects.

In our case, the accuracy of prediction is very high already from the first few samples
of observation (after 100 ms Figure 3.3). This was slightly unexpected as we did not
anticipate such high accuracy until observing at least half of the trajectory. However,
since the kinematic data of the foot position is relative to the pelvis location, the first data
point is already somewhat dependent on the position of the COM of the subject. This is
probably why there is already an inherent correlation between the initial foot position in
the swing phase and the final leg position.

Another part of the reason for the error not decreasing over a prolonged observation
window is due to not having a perfect alignment of the new data with the phase of the
generated model. In order to improve our predictions over increased observations windows,
we would need to implement a robust phase estimation algorithm such as that proposed
by Ewerton et.al. [104] or possibly try to find additional features in the gait cycle that
could help with the model alignment. This means that maybe we should also include data
from the stance phase of the foot in order to have more data available for phase alignment
during the early parts of the swing phase.

One of the limitations of our study was that we did not directly evaluate the global
accuracy of the kinematic data of the Xsens system with an external optical system. How-
ever, due to the given complexity of aligning both system’s kinematic models [102], [105],
[106] such an evaluation is not a straightforward task. Therefore, this analysis was omitted
from the study and we relied on the data from the Xsens system as our ground truth data
which was shown to be very accurate especially in the sagittal plane [90].

3.5 Conclusion

Given constant technological advancements and the current state of art which already
provides impressive results, we believe that inertial measurement based systems will provide
even more accurate position estimations of foot placement in the near future. This would
allow our proposed approach to be integrated to predict foot placement not only in the
sagittal plane but also for media-lateral foot placement. In combination with systems
monitoring the surrounding environment this could then be exploited to generate either
warning signals for more able bodied individuals or initiate some gait correction strategies
with an exoskeleton, e.g. lowering or lifting the foot prematurely, to prevent hitting an
obstacle with the foot during swing phase. One of the limitations of this study is that
we did not take into account more pronounced variations in the step length as well as
analyse the predictions under different gait speeds. Based on the initial results presented
in this study, we conclude that we would first need to implement a robust phase estimation
algorithm to be able to better align the new observations of real data with the generated
models. We will tackle this issue in future work.

Additionally we would like to further explore the possibilities of combining our approach
for foot placement prediction with other foot placement estimation algorithms based on
COM measurements and identifying the discrepancies between the prediction and estima-
tion. This could then be used to determine mid swing whether the foot trajectory will be
satisfactory or not.

Some additional use-cases of our proposed real-time foot placement prediction would be
for rehabilitation and training procedures, where subjects are walking on a treadmill over
virtual stepping stones. Such a system could integrate and predict the future placement
of the foot and depending on the outcome, it could provide the user with an audio, visual,
or haptic stimulus in the middle of the swing phase in order to promote correct/healthy
foot placement.
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Chapter 4

Predictive Exoskeleton Control for
Arm-Motion Augmentation Based on
Probabilistic Movement Primitives
Combined with a Flow Controller

4.1 Introduction

Robotic exoskeletons are promising tools to assist humans in various real-life tasks [1].
They are designed to be worn on the body and to provide direct motion assistance to
the user. The two common applications of exoskeletons are physical rehabilitation for
impaired patients [2| and motion augmentation of able-bodied workers [4]. In physical
rehabilitation, the exoskeleton is used to move the limbs of impaired individuals based on
repetitive motion patterns defined by physiotherapists [107|, while for able-bodied workers
the exoskeleton rather amplifies the user’s joint torques [66]. Popular control approaches
for these exoskeletons are usually position or angle based for rehabilitation purposes or
impedance/admittance based for movement augmentation [16], [17]. However, such control
approaches lack the intention recognition needed for a successful human-robot interaction
[108]. Since movement intention and prediction is a very complex problem, it is usually
addressed by monitoring muscle or brain activity. Although they can be successful, such
control architectures have greater complexity and are more invasive for the subject wearing
the device [17].

Nevertheless, there are many work related repetitive tasks where an exoskeleton could
significantly reduce the physical effort of users, such as manual object manipulation on
assembly lines or in logistic centers [66]. In general, motion prediction is a very ambitious
goal without the use of more invasive sensing technologies, but for the above mentioned
repetitive tasks, prediction can be achieved using modern probabilistic trajectory repre-
sentation.

Movement predictions using movement primitives: A well-established approach for tra-
jectory representation in robotics is by encoding the trajectory using movement primitives
(MPs). There are a number of different versions of MPs such as dynamic movement prim-
itives (DMPs) [41], [42], compliant parametric dynamic movement primitives (CPDMP)
[43]|, Gaussian Mixture Regression (GMR) [109], and probabilistic movement primitives
(ProMPs) [110]. In this work, we focused on the use of ProMPs which offer a wide range
of properties in one generalized framework [111]. They allow simple learning from demon-
stration with a low set of parameters needed to represent trajectories. Generalization to



32 Chapter 4. Predictive exoskeleton control based on ProMPs combined with a flow controller

new situations is possible by specifying different end-goals or specific via-points during the
execution of the trajectory as well as temporal scaling of the movement. Another impor-
tant property of ProMPs is the representation of trajectories together with their variance.
This allows the controllers to modulate the feedback gains based on the variance of move-
ment and provide high precision only in certain parts of the movement, which was shown
to be important for successful human-robot interaction [55], [56]. Finally, ProMPs can be
successfully used to make predictions of a trajectory based on the initial samples which
was successfully used for real-time prediction of human movement [53].

Ezxoskeleton control strategies: A viable method to provide assistance along a specified
path is to use potential-field-based controllers [39], [40]. However, such control algorithms
generate high forces in the event of larger errors with respect to the specified path [38]. To
overcome this problem, a velocity-field-based controller was proposed by Martinez et al.
[38], which applies corrective torques based on a viscous flow field control law. They showed
that this approach could effectively guide movements of the user’s leg along a reference
path while being less resistive to large path deviations and thus making the controller
inherently safer.

In this chapter we investigate whether such a velocity-field-based controller could be
adapted to other applications of exoskeletons involving able-bodied humans. Additionally,
we explored whether this approach could be further improved by adapting to new move-
ments in a predictive manner. We present the use of ProMPs to generate predictions of
user movement in real-time in combination with a velocity-field-based controller to provide
assistance to the user for performing an arm reaching task, hereby referred to as Predictive
Assistance. With this combination we aimed to lower the physical effort of subjects while
adapting to their movements. To evaluate our approach, we performed an experimental
study where we measured a set of motion-related parameters for a group of 12 participants
who had to perform reaching tasks to 4 different targets with and without assistance of a
haptic robot. To emphasize the importance of user movement prediction, we additionally
compared the Predictive Assistance to a Fized Assistance that does not generalize to new
unknown targets.

4.2 Methods

First in section 4.2.1 we describe the experimental setup, protocol and evaluation metrics
used in this study. Then, in section 4.2.2 we present the methodology for generating a
probabilistic model and using it to compute predictions of trajectories based on newly
observed data. In 4.2.3 we present the methodology used for creating fixed reference
trajectories. The predicted or fixed trajectories are the basis for generating the assistive
flow field which we describe in section 4.2.4.

4.2.1 Experimental design

Twelve healthy young adults (4 women and 8 men, age 27.1 £+ 4.0 years (mean + SD);
height 176.8 4+ 10.1 c¢m; weight 70.5 4+ 13.5 kg) participated in the study. The study was
carried out in accordance with the recommendations of the Slovenian National Medical
Ethics Committee (No. 0120-339/2017/7) and all subjects gave written informed consent
for participation.

4.2.1.1 Setup

Subjects sat on a chair in front of a 50 inch TV screen that was located 2 m in front of the
chair. Experiments were performed using a 3 axis haptic manipulator (Haptic master Mk2,
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Figure 4.1: Experimental setup A. Subjects started their movement from the start position
and had to reach one of the targets positioned on the screen while avoiding the obstacles
shown as black and grey rectangles. Experimental protocol B. Following a series of famil-
iarization trials, subjects performed 20 trials based on which the model was learned. Each
subject then performed one block of 40 trials with Predictive Assistance, one block with
Fized Assistance, and one block with No Assistance. The order of blocks with different
conditions was randomized. There was a rest period of three minutes in between each series
of trials. During the Familiarization and Model Learning phase, the task included only
targets T1 and T2. In all other phases, the task consisted of reaching to all four targets.

MOOG, Nieuw-Vennep, The Netherlands). The subjects were controlling the position of
the cursor on screen by holding the end effector of the haptic manipulator. All reaching
movements were performed in the frontal plane of the subject from left to right. Interaction
force, velocity, and position of the end effector were acquired by the Haptic master with a
sampling rate of 200 Hz.

The goal of the experiment was for subjects to successfully reach a target that was
placed on a simulated shelf on the screen in front of them. Targets had a diameter of 4 cm
and were placed in four different positions as can be seen in Fig. 4.1A. All the reaching
movements were towards the right hand side either upward or downward. For reference,
the average movement duration was 1.14 + 0.29 s. Subjects started their movement from
a circular (2.5 cm diameter) starting position in the left middle part of the screen. They
were instructed to start their movement when the circle indicating the start position was
coloured green and aim for the currently highlighted end target.

4.2.1.2 Protocol

The experiment consisted of 5 phases: Familiarization, Model Learning, Predictive Assis-
tance, Fized assistance, No Assistance. In the Familiarization and Model Learning phase,
only 2 targets were part of the task (T1 and T2). The Familiarization phase consisted of
40 trials (20 per target) and gave the subjects time for adapting to the experimental setup.
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After the Familiarization, the Model Learning phase followed, which consisted of a series
of 20 trials (10 per target). Only the data collected in this phase was used for generating
the probabilistic model for the Predictive Assistance phase as well as creating the reference
trajectories for the Fized Assistance phase.

The condition with Predictive Assistance is the main focus of this study. In this con-
dition, data collected during the Model Learning phase was used to make a probabilistic
model with ProMPs, which was later used to make predictions in real time for new arm
reaching movements. It is important to note that the model was trained only on targets T1
and T2, but is then tested on all 4 targets. The predicted trajectories from the ProMPs are
then fed into the flow controller in order to generate the assistive forces. As a comparison,
we also implemented a simple model with fixed reference trajectories that was used in the
Fized Assistance condition. With this we aim to emphasize the shortcoming of pre-set
reference trajectories and the need of movement prediction when the task changes to new
target locations (i.e. T3 and T4). Such a change is often expected in a real world scenario
where we never have full a priori knowledge of the task at hand. Finally a control condition
(No Assistance) is necessary to establish a baseline for the execution of the task. Subjects
were allocated a random sequence of blocks of conditions ( Predictive Assistance, Fized As-
sistance, No Assistance) in order to mitigate the effects of fatigue on the final results. All
subjects performed 10 trials for each of the 4 targets (in total 40 trials per subject) in all
three conditions. In between each phase of the experiment there was a rest period of three
minutes. During the rest periods, subjects were given NASA TLX questionnaires [112]
to record their perceived workload of the task in the current condition. The sequence of
presented targets was randomized in all phases of the experiment. Subjects were informed
whether they would receive assistance from the robot or not, but were not told about how
the robot would try to assist them. The total length of the experiment was approximately
22 minutes per subject.

4.2.1.3 Evaluation and data analysis

To evaluate our proposed approach, we investigated the accuracy of our predicted trajecto-
ries, user effort, and potential changes in movement kinematics with the metrics presented
in this section.

Prediction accuracy We analyzed the accuracy of the predicted trajectories by calcu-
lating the error of our movement predictions. We defined the error of prediction as the
difference of the final point of the predicted trajectory from the centre of the target for
each trial.

User effort To estimate physical effort for performing the task, we calculated the work
exerted by the subjects from the start of the movement until the target was reached. The
work was calculated as the integral of force fj, over the whole path of the movement s

W:/fhds. (4.1)

The force of the subject f;, was measured with the force sensor located at the end effec-
tor of the haptic robot. Additionally, for six subjects we also measured muscle activity.
Electrodes were placed on the skin following SENIAM recommendations [113| on the ante-
rior and posterior deltoid, biceps brachii, and triceps brachii. EMG signals were recorded
at 1250 Hz. After recording, EMG signals were band-pass filtered (zero lag, 2nd order
Butterworth filter with cut-off frequencies of 20 and 450 Hz), full-wave rectified and low
pass filtered (zero lag, 2nd order Butterworth algorithm, 10 Hz cut-off frequency). Finally,
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the signal was normalized by the maximum value reached during the experiment for each
subject and integrated over time (iIEMG) for each trial to express the magnitude of muscle
activity. From data collected with the NASA TLX questionnaires we calculated overall
workload for each condition [112].

Movement kinematics To evaluate the impact of the assistive controllers on the sub-
jects movements, we verified how the trajectories changed in the conditions with Predictive
Assistance and Fized Assistance as compared to when subjects had no assistance in the
task. First, we normalized over time all trials for each target from the condition No Assis-
tance and calculated the mean of these trajectories to serve as a reference. Then, for each
trial and condition, we normalized the trajectory and calculated the error from the mean
reference trajectory for all data points. Finally, we calculated the root-mean-square (rms)
of this error to have a single value represent each trial.

Statistical analysis Two-Way repeated measures ANOVAs were performed to compare
the calculated parameters across the different conditions. A 4 targets (T1, T2, T3, T4)
x 3 conditions (Predictive Assistance, Fized Assistance, No Assistance) statistical design
was used to asses the effect of the different assistive scenarios on the computed variables.
Prior to analysis, the data was tested for normality (Shapiro-Wilk test) and sphericity
(Mauchly’s tests). Post hoc t-tests with Bonferroni correction were conducted to deter-
mine significant differences between specific conditions relative to others. For the NASA
TLX score, statistical significance between Predictive Assistance, Fized Assistance and No
Assistance was established using a One-Way Repeated measures ANOVA and post hoc
tests with Bonferroni correction.

4.2.2 ProMPs and predicted reference trajectories
4.2.2.1 Encoding trajectories

To reduce the amount of parameters needed to represent trajectories, ProMPs use a basis
function representation approach. To better understand the formulation, we present a
simple example where we describe a point in time a; (e.g. position of the end-effector)
using this method. Let ¢; € R/ denote a basis function vector containing values of
J basis functions at time . The variable w € R”7*! represents a J-dimensional feature
vector that encodes weights for each of the J basis functions. With w and ¢; defined, a
point at time ¢ can be approximated as
T
@ = ¢ w = [¢1,t ¢J,t] [w1 U)J] . (4.2)

This concept can be applied to multi-dimensional states by using block diagonal matrices.

. . . . T .
Assuming that our variable a; now has D dimensions a; = [alyt e aDA . In this case
the basis function vector becomes a block diagonal matrix ®; € RP?*/P and the weight
vector w becomes a concatenation of the weight vectors of each dimension w € R/P*1,
Variable a; is now approximated as

¢ - 0
. ) T
a; = Py w = : .. : [wl IR wD] ) (4.3)
0 - o

where

b= [P1e d2r o Guil (4.4)
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and
T
w; = [wl,i ’wgﬂ' e w‘]’i] . (45)
Using the same idea we can approximate a sequence of T states denoted by 7 = y1.7,
where
T = 7w (4.6)
with .
b0 = [&1 - B - Pr] € RIPVID (4.7)

where the vector w and the matrix @; are the same as before. In this work we used
Gaussian basis functions which are often used for point-to-point movements.

To approximate the trajectories in the previously described manner, the weights for
each trajectory need to be calculated. For the ¢-th trajectory 3, the corresponding weight
vector w; can be estimated using a simple least squares estimate. In our case, we used the
least squares method

T -1 T
w; = (szil:TdSl:T n )\I) &7, 7, (4.8)

where A\ represents a regularization parameter used to avoid numerical singularities. Its
value should be small, in our case we used A = 1072.

4.2.2.2 Creating the probabilistic model

When the weight vectors of all trajectories are calculated, we assume their values to be
normally distributed, i.e., p(w) = N(w|py, Xyp). The mean p,, and the covariance
matrix 3, can be estimated with sample mean and sample covariance of the w; vectors.

With the function approximation (4.6) and the weight vectors w; defined, we can define
a probabilistic model for trajectories as

T

p(rlw) = [[Nwl®w, Z)) = N(y14|Pr.0w, 5). (4.9)
t=1

This model describes the probability of observing a trajectory 7 given the weight vector
w, that is given as a linear basis function yq.; = @1.7w + €, 1.7. The parameter X rep-
resents independent and identically distributed (i.i.d.) Gaussian noise in the trajectories
yr = Pyw + €y, where ¢, ~ N(ey|0, X,).

4.2.2.3 Computing Predictions from Observations

We can model predictions from observations by computing the conditional probability.
First, we need to define the probability distribution over the trajectories 7 , which can be
computed by marginalizing out the weight vector w. In the case of a Gaussian distribution
the marginal can be computed in closed form as

p(r) = / p(r|w)p(aw)duw (4.10)

= /./\/(yl;T\@l:Tw,Zy)N('w\uw,Z'w)d'w (4.11)

= N(yl;t|@1;T’UJ, élzTEwds{;T + Sy) (412)

What we get is a multivariate Gaussian distribution, the conditional probability of
which we can compute in closed form.
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When we receive a previously unseen point a*, we can predict the most likely path
of the end-effector (parametrized through p* and X*) by conditioning the observed state
over the weight vectors. Say that we observed a sequence of states y;1 to y:s at m=1,
2,..., M-different time points. We declare v as a concatenation of the observed states ¢y,
and &, as the concatenation of the basis function matrices for the observed time points.

With the observed trajectories encoded as previously described, we can obtain a con-
ditioned distribution p(w,|v) over the weight vectors w as

p(wy|v) x N(v|®,w,, X,)p(w) (4.13)

= N(wy‘uw|y,2w|u). (4.14)

We can compute the mean p,,, and the covariance matrix X, as

Hywly = Hw + Ewgﬁ?;L(V - gpul«l/w) (415)
and
S = Zw — ZuPL LD, Xy, (4.16)
where B
L= (20 + qsyzquf) . (4.17)

With the feature mean p,,, and covariance matrix X', obtained, we can now use this
conditional distribution to calculate the distribution over the trajectories p(7) using (4.12)

p(?) = N(gl:T‘gpl:TlJ/w\w él:Tz’w\y@{;T + Ey)a (418)

where the predicted sequence of states yy.7 is represented by the product 1.7,

The encoding and model generation was performed based on data collected in the Model
Learning phase of the experiment. Predictions for the subjects movement were calculated
in real-time during each trial at a frequency of 20 Hz. The predictions were updating only
for the first 400 ms, after which the predicted trajectory was fixed until the end of the trial.
The predicted trajectories were used as a reference trajectory to generate the assistive force
based on the control law specified by the flow controller. An example of the progression
of the prediction during one trial is presented in Fig. 4.2 where we can observe how the
variance of prediction decreases over time.

4.2.3 Assistance with fixed reference trajectories

To emphasize the importance of human movement prediction, we used an assistance with
fixed reference trajectories as a comparison. The naming ” Fized Assistance” refers to the
fact that this assistance does not adapt to new targets. In this case, we calculated the
mean of the trajectories for each target during learning phase (T1 and T2). During the
Fized Assistance trial we continuously checked which of these 2 trajectories is closer to the
current end effector position. The closest trajectory was selected as the reference trajectory
that was passed through to the flow controller. An example is presented in Fig. 4.2 where
the goal was to reach target T4. In this case, the fixed reference trajectory towards T2 is
closer and is the one selected as the input for the flow controller.

4.2.4 Integration with the flow controller

The velocity-field-based controller as presented in [38], shortly referred to as flow controller,
generates a flow field shaped according to a reference path. In our case, the reference
path used to generate this flow field was either a predicted reference trajectory or a fixed
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Figure 4.2: Example of the fixed reference (green) and predicted reference (blue) trajectory
used as the input to the flow controller for one sample trial, at two time steps. A 150 ms
after movement onset; B 400 ms after movement onset. The mean and SD of the predicted
trajectory is marked in blue. The black dashed line represents the actual subject movement
in the condition Predictive Assistance.

reference trajectory. We will now present the generation of the assistive flow field based
on a reference trajectory.

For any given point in time, one point on the reference trajectory, denoted as x., will
be closest to the current end effector position &. We can now define the expression for
error e

e=x—x. (4.19)

Additionally, we can calculate the gradient of the reference trajectory at the point x., to
define the tangent vector t which points in the direction of the prediction. We define the

normalized tangent vector as:
t

t mh
The normalized vector 7 is orthogonal to the tangential vector and represents the normal
to the reference path at the point x.. If we use 6 to denote the angle between the error
vector e and the normal to the curve fi, we can define a new vector 7; with the following

condition:

(4.20)

(4.21)

A

, otherwise

X {—ﬁ,if0>90
n; =

This ensures that the vector fi; is always a normal vector pointing towards the reference
trajectory.
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Figure 4.3: Example of a reference trajectory (red) with the flow field depicted as stream-
lines (black), ks, = 1000mm?. The streamlines show the shape of the flow field set by
the reference velocity v,e¢. The flow field near the trajectory is tangent (flowing in the
direction of the prediction), while further away it is normal to the trajectory. With the
chosen parameter kg, the vector field has a 45 degree angle with respect to the reference
trajectory at a distance of e = 3em. The start of the movement trajectory is located at
[-0.2, 0] whereas the target is located at [0.15, 0.18].

The equation of the flow field, written as a function of error and the tangential and
normal components previously defined, is given by

(4.22)

o I(le|f; + brd), for |e] > 178
rel I't, for |e| < 1e7’

where the scalar I" determines the magnitude of the velocity reference. Here |e|f; + ]T;}rf
is normalized such that v,.s is a unit vector multiplied by I".

The force generated by the flow controller describes a flow force on a symmetric body
due to drag when immersed in a viscous fluid:

Fy = C4(vyey — ). (4.23)

Here Cy is equivalent to a drag coefficient and wv,.s is the velocity of the flow field
defined in Equation 4.22. v represents the current velocity of the point @ or in our case
the velocity vector of the end effector of the haptic robot. A graphical representation of
the flow field v,y is presented in Fig. 4.3. The force Fj, was calculated and updated at
a frequency of 200 Hz. The values of the controller parameters used in the experiment
were: I' = v, ., kg, = 1000 mm? and Cyq = 20 Ns/m. The magnitude of the reference
velocity was calculated to match each subject’s maximum velocity profile v, . during
the learning phase. This ensured that the subjects would not be forced to perform the
movement faster than their preferred speed during the assisted trials. The magnitude of
the reference velocity was the same for the Predictive Assistance and the Fired Assistance.
To prevent influencing the initial speed of the subject’s movement, the controller was only
activated 250 ms after movement onset. An example of the generated forces during one
trial with Predictive Assistance and one trial using Fized Assistance is presented in Fig.
4.4.
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Figure 4.4: Example of the commanded force during an example trial while reaching
towards target T4 with assistance. Blue with a predicted reference trajectory, green
with a fixed reference trajectory.

4.3 Results

In this section we first present the accuracy of the movement predictions. We then present
how the user effort was affected by analyzing the calculated exerted work, EMG muscle
activity, and the NASA task load index. Finally, we present how movement kinematics are
affected by the two different assistive strategies by analyzing the rms error of trajectories.

The error of the predicted trajectories was [2.3£1.77 cm, 2.4+ 1.83 cm, 2.3+ 1.63 cm,
1.9+ 1.24 cm] (mean + SD) for targets T1, T2, T3, T4 respectively.

Does the predictive assistance lower user effort?: To evaluate the performance of our
approach we calculated the work exerted by the subjects while performing the task. The
results for each target and condition are presented in Fig. 4.5 in the form of boxplots.
ANOVA revealed a significant main effect of controller condition on work required for
task completion [F'(2,22) = 14.13, p = 0.001] as well as a significant target x controller
condition interaction [F'(6,66) = 65.05, p < 0.001]. There was also a significant main
effect of target position [F(333) = 25.28, p < 0.001], which was expected since the targets
are at different distances away from the starting position. For targets T1 and T2, there
was no difference between the different types of assistance. However, the work required
for reaching the target T3 with the Fized Assistance was significantly higher compared
with No Assistance (t(11) = 3.86, p = 0.008) and Predictive Assistance (t(11) = 8.72,
p < 0.001). The same is true for target T4, where the work during Fized Assistance was
significantly higher compared with No Assistance (t(11) = 6.11, p = 0.002) and Predictive
Assistance (t(11) = 11.91, p < 0.001). Additionally, we show that the work required in
Predictive Assistance was significantly lower than in the No Assistance condition for target
T3 (t(11) = 2.89, p = 0.04) and T4 (¢(11) = 2.95, p = 0.04).

As an additional measure of user effort we analyzed EMG muscle activity. For the
posterior deltoid, ANOVA revealed a significant effect of condition x target interaction
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Figure 4.5: Boxplots of work performed by subjects for each of the four targets and three

conditions. Boxplots for the Predictive Assistance are highlighted in blue, for Fized Assis-
tance in green and for No Assistance in red. *<0.05, **<0.01, ***<0.001.

[F(6,30) = 12.59, p < 0.001]. Post hoc tests showed that the increase in muscle activ-
ity during Fized Assistance was significantly higher compared to No Assistance at target
T3 (¢(5) = 3.82, p = 0.037). For target T4 the muscle activity was significantly higher
than with no assistance (¢(5) = 4.79, p = 0.015) and Predictive assistance (t(5) = 5.47,
p = 0.008). The results are also presented in graphical form in Fig. 4.6. The ANOVA also
revealed a significant effect of condition x target interaction for the other muscles: ante-
rior deltoid [F'(6,30) = 2.93, p = 0.023], biceps brachii [F(6,30) = 3.26, p = 0.014] and
triceps brachii [F(6,30) = 7.282, p < 0.001]. However, post hoc tests did not return any
significant differences between conditions at each target. The overall workload calculated
from the NASA TLX questionnaires was: 18.3 + 13.1, 41.4 + 18.9, 21.3 + 11.1 (mean =+
SD) for the Predictive Assistance, Fized Assistance and No Assistance condition respec-
tively. ANOVA revealed a significant main effect of controller condition [F(2,22) = 15.27,
p < 0.001]. Post hoc tests revealed that the workload in condition Fized Assistance was
significantly higher than in the condition No Assistance (t(11) = 4.18, p = 0.005) and Pre-
dictive assistance (t(11) = 4.41, p = 0.003). There was no significant difference between
Predictive Assistance and No Assistance.

Does the predictive assistance impact the overall kinematics of the movement?: While
successfully lowering the effort for performing the task is important, the assistance should
not impact the overall kinematics of the movement. In Fig. 4.7 we present the rms of
the deviation from the mean trajectory calculated from the condition No Assistance, for
each target and each condition. ANOVA revealed a significant main effect of controller
condition on the rms [F'(2,22) = 27.25, p < 0.001] as well as a significant target x controller
condition interaction [F(6,66) = 5.95, p < 0.001]. There was also a significant main effect
of target position [F'(3,33) = 4.38, p = 0.011]. Post hoc tests revealed that rms values in
condition Fized Assistance were significantly higher than in the condition No Assistance at
targets T3 (¢(11) = 5.20, p < 0.001) and T4 (¢(11) = 5.80, p < 0.001) and also significantly
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Figure 4.6: Boxplots of iIEMG muscle activity of the posterior deltoid for each of the four
targets and three conditions. Boxplots for the Predictive Assistance are highlighted in blue,
for Fized Assistance in green, and for No Assistance in red. *<0.05, **<0.01, ***<0.001.

higher than in the condition Predictive Assistance for targets T3 (¢(11) = 3.06, p = 0.011)
and T4 (¢(11) = 4.62, p = 0.002). All other comparisons were not significantly different.

4.4 Discussion

In this study, we investigated the efficacy of a novel exoskeleton control approach combining
movement predictions with a flow field controller. Our results showed that the probabilistic
models used were able to accurately predict user movements and generalize to new target
locations. This may be in part due to the fact that the initial movement was not altered
by the assistive controller and therefore the speed of movement execution was similar to
those performed in the Model Learning phase. However, as presented in [52] it would be
possible to implement a phase estimation algorithm to take into account different speeds
of movement execution while maintaining reliable predictions of movements.

The analysis of work required to perform the task had expected results. Overall, the
work required for completing the task was lowered using our proposed predictive control.
However, if the reference trajectory is not accurately predicted, this can still have an
adverse effect on performance. This is shown by the fact that it was significantly more
difficult for subjects to complete the task with the Fized Assistance for targets T3 and
T4. While the forces produced are not high (< 10 N) and subjects could still complete
the task at hand, this had a negative effect on their performance. This was also reflected
in the kinematics of the movement, the muscle activity as well as workload scores, which
were all negatively affected in the Fized Assistance condition.

The spread of data points for work in Fig. 4.5 is much lower for No Assistance than
in the other conditions. This might indicate that the subjects started by using the same
amount of work for the task, but they gradually learned how to exploit the assistance
which lowered their effort for performing the task.

There was no strong indication that the Predictive Assistance lowered the perceived



4.5. Conclusion 43

50 I Predictive assistance |
Fixed assistance
45 H No assistance J
T kk KKk
40 r; | % kokk T
| [ |
—_— 35 [ | | 1|— | T
g |
Esorl g 1 | | 1
2,1 T o
& | - l Bl
| |
| T l

20 (8 ‘ ‘ 1' | 1]
15{ | " E | =
1

10 F1 1

Target

Figure 4.7: Boxplots of rms deviation from a mean reference for each of the four targets
and three conditions. Boxplots for the Predictive Assistance are highlighted in blue, for
Fized Assistance in green, and for No Assistance in red. *<0.05, **<0.01, ***<0.001.

workload or muscle activity of subjects, which one might expect when considering the
outcome of work analysis from the interaction force. However, this is probably because the
task is not very demanding and it is therefore difficult to lower the workload even further.

4.5 Conclusion

In current exoskeleton control approaches, there exists a lack of human movement pre-
diction without the use of invasive sensors, which is crucial for a seamless human-robot
interaction. Additionally, it is very important to keep the system safe, as human safety is
the single most important aspect for a successful human-robot interaction. Therefore, we
proposed a novel control approach for assisting a human subject in performing a reaching
task that combines movement predictions with a velocity-field-based controller.

Using ProMPs we were able to generate a model that accurately predicted user trajec-
tories for all subsequent movements. The combination of user movement prediction with
a flow controller resulted in an intuitive and safe assistance for the task. We validated
our approach with an experiment emulating exoskeleton support for assisting in a reaching
task, where we showed a significant reduction of effort required by the users to perform
the task without affecting the user’s kinematics.

For future progression of this work, we plan to further exploit the probabilistic nature
of ProMPs and incorporate the predicted variance of movement in the flow controller.
Meaning, we could modulate the parameter kg, depending on the variance in order to
provide a more restrictive flow where the movements need to be more determined whereas
the flow could be more general in parts of the movement with higher variance. This would
however require a different and more complex task setup with locally constrained movement
trajectories (e.g. avoiding an obstacle mid trajectory) in order to properly evaluate such
modulation of the flow field. Furthermore, the variance of the prediction could be used
in order to determine when to “trust” the prediction more and therefore also increase the
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level of assistance by increasing the value of the drag coefficient Cj.

One argument could be made for using only ProMPs to generate the assistance needed
for the given task, as they inherently poses properties which would probably work well in
the context of our simulated task. However, even though ProMPs can provide temporal
scaling of movements and lower feedback gains in parts of trajectories with high variance,
we believe that a flow field controller could be inherently safer for human-robot interaction
as was argued in the work of Martinez et al. [38]. Additionally, one might argue that it
would be possible to use the flow controller by itself to provide enough assistance for the
task by using the average trajectories to all targets and increase the width of the flow field.
However, we believe that such an approach would be too general as it would (in our case)
approach a scenario with only a relatively constant force being applied in the direction of
all targets.

While we showed that the proposed assistive control is capable of providing adequate
assistance, future work with a direct comparison with other assistive controllers would be
needed to fully evaluate this type of assistive control. Overall, we believe that our approach
is a promising tool for high level exoskeleton control that can provide intuitive and safe
assistance to the user for a variety of tasks.
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Chapter 5

Effects of Simulated Microgravity
and Hypergravity Conditions on
Arm Movements in Normogravity

5.1 Introduction

Eye-hand coordination is necessary for many everyday tasks that involve grabbing or ma-
nipulating objects around us. High proficiency in eye-hand coordination is especially cru-
cial for humans controlling vehicles or complex systems or performing piloting tasks [114].
However, human sensorimotor control has evolved in the Earth’s environment where all
movements are influenced by the gravitational force [115]|, [116]. Changes or the mere
absence of this environmental force can drastically affect the performance of arm reaching
movements especially in early exposure to the novel environmental dynamics as was ob-
served in force field experiments [117], [118] or microgravity [119]. Adaptation and training
for exposure to changing environmental conditions are critical especially in space flight ex-
ploration where astronauts must be prepared on how to operate and complete a multitude
of tasks in periods of hypergravity as well as microgravity. Designing efficient training
procedures or simulation environments requires good knowledge of how microgravity and
hypergravity affect human sensorimotor control. Several studies have already explored
the effect of these environmental conditions on arm reaching kinematics in space, during
parabolic flights and in human centrifuges as well as the effects after returning to earth
from space [120]. However, the results are not always consistent from study to study. In
some cases, the authors found a reduction of movement duration in microgravity compared
to normogravity [121]-[123] while in other cases, no significant changes were detected [124],
[125]. In general, it has been shown that the new environmental conditions negatively af-
fect the accuracy or pointing position of subjects as compared to normogravity [115], [126].
However, in studies where the subjects were trained cosmonauts, no changes in accuracy
were found when comparing microgravity and normogravity conditions [122], [127|. These
discrepancies in results could be just due to the limited number of subjects included in
these studies or they might indicate that trained subjects are indeed able to perform better
in such environments. One option for training astronauts before space missions is the use
of parabolic flights. However, these are very expensive, the exposure time to microgravity
is very limited, and the gravitational environment varies. The other, more established
method to prepare astronauts for performing tasks in microgravity, is underwater train-
ing in neutral buoyancy [128]|. Some studies explored the effects of neutral buoyancy on
sensorimotor control and also compared the effect to those observed in microgravity [125].
However, training underwater does not affect the vestibular signals in the same way as
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microgravity. Furthermore, faster movements generate additional viscous resistance forces
that are not present in microgravity. An alternative for simulating microgravity would
be the use of weight support systems to locally remove the effect of gravity on a limb
of the individual. There has been some work exploring kinematic features with weight
support systems, but mainly for rehabilitation purposes for stroke patients [129], [130]. In
these studies, no significant differences were found for movement duration and movement
symmetry. However, these studies did not investigate movements with or against gravity
and therefore cannot be compared with other studies investigating movement kinematics
in space or parabolic flights. In this study, we investigated whether simulation of hyper-
and microgravity conditions locally on the arm could be a feasible approach for on-ground
training of arm reaching movements in altered gravity conditions. To achieve this, we de-
veloped a low friction robotic device that was able to apply forces at the wrist in order to
simulate micro- or hypergravity conditions for the arm while subjects performed pointing
movements on a touch screen. We compared the results of various kinematic parameters
using this system with data from a parabolic flight where the same subjects were fully
exposed to micro- and hypergravity conditions.

5.2 Materials and Methods

The study was performed during the 142nd CNES parabolic flight campaign that included 3
flights over 3 days. The flights were composed of 31 parabolic maneuvers. Each maneuver
consisted of 3 phases: 20 s of hypergravity (1.8 g, pull-up phase) followed by 22 s of
microgravity (0 g) before a second period of 20 s of hypergravity (1.8 g, pull-out phase).
A more technical and in-depth description of the parabolic flight maneuvers is presented
by [131]. The second part of the study was performed on the ground, where we simulated
micro- and hypergravity conditions for the arm of the subjects with a robotic system.

5.2.1 Subjects

Nine right-handed subjects (7 males, 2 females) participated in the study (age: 29.8 +
7.4 years, height: 176.0 + 10.8 cm; weight: 71.0 £ 15.7 kg). No subject reported any
musculoskeletal disorders. To avoid motion sickness during the parabolic flight all subjects
received a personalized dose of scopolamine prior to the flight. It has been previously
shown that use of scopolamine does not interfere with sensorimotor control [132]. None of
the subjects had prior microgravity or hypergravity experience. They were all naive with
respect to the specific purpose of this experiment. All subjects gave their informed consent
to participate in the study, stored by the Caen University Hospital. The experiment was
conducted in accordance with the Declaration of Helsinki, procedures were approved by
the French National Ethics committee (2018-A03379-46) and authorized by the ANSM
(French National Agency for Biomedical Security).

5.2.2 Experimental setup

The subjects were seated in a chair (Figure 5.1A) positioned in front of a touch screen dis-
play (ProLite T2435MSC-B2, liyama, Hoofddorp, The Netherlands) oriented in portrait
mode (display size 521 mm x 293 mm) as depicted in Figure 5.1B. The middle of the screen
was positioned at a height of 750 mm so that subjects could comfortably reach the top and
bottom of the screen. To prevent trunk displacement during the task, subjects were se-
curely strapped to the chair using a four-point harness. The subject’s legs were positioned
on the outsides of the screen with the ankles strapped firmly in place. This was done
in order to prevent involuntary leg movements during microgravity phases. During the
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experiment, the subject’s right wrist was strapped with a Velcro strap to a non-stretchable
string (Dyneema@®) 1.5 mm, YSM and Partners, Dobra, Poland) which was connected to
two motors (EMMS-AS-55-S-TM, Festo, Esslingen, Germany), positioned above and below
the center of the screen. The distance between the motors was 1.5 m. To prevent string
slack, a constant pretension force of 10 N was applied by both motors in the opposite
direction. This allowed for unobstructed vertical movements of the arm while maintaining
a constant connection of the wrist to the motors. In the trials performed on the ground,
the motors were used to apply a force at the subject’s wrist, mimicking the gravitational
effects of microgravity or hypergravity conditions at the shoulder joint. To simulate micro-
gravity, the motors applied a constant force in the upward direction, whereas to simulate
hypergravity conditions, the force was applied in the downward direction. In simulated
normogravity conditions, no additional force was applied to the wrist, only the pretension
was used in order to prevent string slack. The force used was subject-specific and was mea-
sured beforehand (18.6 £+ 4.8 N). The force controller to control the motors was running
on a real-time computer at a rate of 1 kHz and in a closed loop. To monitor the kine-
matics of the subjects, a motion capture system consisting of 3 cameras was used (Vicon,
Yarnton, United Kingdom). A marker was placed on the stylus used for performing the
task. The acquisition frequency for the kinematics was 100 Hz. To collect data of muscle
activity, EMG electrodes (SX230 sensor, Biometrics Ltd, New- port, UK) were placed on
the skin following SENIAM recommendations [113] on the Anterior and Posterior Deltoid,
Trapezius, and Pectoralis. Raw EMG signals were recorded at a frequency of 1000 Hz on
a Sensoray Model 526 (Sensoray, Tigrad, USA).

A B Screen C

Measurement window

Flight
1(2(3/4]\\10

Ground
1]2]3]4]5/6]7]8]9]10

Figure 5.1: (A) Profile view of the experimental setup and (B) view of the screen indicating
start (Grey) and end target (Red) locations. The orientation of the coordinate system is
marked indicating the positive y coordinate pointing up and the x coordinate pointing out
from the screen towards the subject. (C) The measurement window during each parabola
consisted of 20 seconds of normogravity followed by 20 seconds of hypergravity and finally
22 seconds of microgravity. (D) Number of parabolas per subject. The parabolas from 5
to 9 during flight were part of another study.

5.2.3 Task

Subjects had to successfully point to a target presented on the screen in front of them.
To perform the task, subjects used a tactile stylus held by the thumb, index, and middle
finger. The starting position was indicated by a grey circle of a diameter of 60 mm and
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was located approximately at the shoulder height. After a random delay of 0 - 500 ms,
the end target (diameter of 20 mm) was presented to the subject. The seven possible end
target positions were 8, 10, 12, 14, 16, 18, and 20 cm from the start target either vertically
up or down. To prevent anticipation, the sequence of displayed targets was randomized.
The subjects were instructed to perform the task as fast and as accurately as possible. On
average subjects performed 20.8 £ 4.3 trials per each parabola.

5.2.4 Protocol

The whole experiment consisted of one in-flight session and one simulation session per-
formed on the ground. In the in-flight session, each subject performed the experiment for
10 parabolas. This included 20 s before the parabola (normogravity), 20 s during hyper-
gravity, and 22 s during microgravity. During other parts of the flight, the subjects were
instructed to rest their arm on their right leg. In the simulation session (carried out one
day after all the flight sessions), each subject performed the same task for the duration of
10 simulated parabolas. Each simulated parabola consisted of 20 s with the motors inactive
(normogravity), followed by 20 s with the motors active and applying a downward force
to the wrist simulating hypergravity and finally 22 s with the motors active and applying
an upward force to the wrist, simulating microgravity. After each simulated parabola, the
subjects rested their arm. In the simulation session, only 7 out of 9 subjects participated in
the experiment. As indicated in Figure 5.1 D, only 5 parabolas during flight were used for
the analysis in this study. The parabolas 5-9 were part of another study where the subjects
received an assistive force at the wrist to compensate for the gravitational changes experi-
enced during the parabolic flight and thus simulated constant normogravity conditions for
the arm performing the experiment. For a concise representation of different conditions
throughout this chapter, we will refer to the in-flight phases of normogravity, microgravity,
and hypergravity with labels (1g, Og, and 2g) respectively. For the trials performed on the
ground, we will refer to them as simulated normogravity, microgravity, and hypergravity
conditions with labels (1g S, 0g S, and 2g S). We use the term simulated normogravity,
even though during these trials we did not simulate any additional forces. The colors
used in the figures of results are coherent between actual or simulated conditions, where
green denotes 1g/1g S conditions, blue denotes 0g/0g S conditions and red denotes 2g/2g
S conditions.

5.2.4.1 Data processing and analysis

Data from the touch screen was used to calculate movement duration and accuracy. The
trial started when the stylus moved away from the screen and ended when it touched the
screen again. Movement duration was defined as the time from the start to the end of
one trial. To assess accuracy, the pointing position relative to the target was calculated
as the vertical distance between the center of the target and the position where the stylus
touched the screen. We refer to these results as deviations from the targets, where a positive
deviation represents a hit above the target location whereas a negative deviation represents
a hit under the target location in the coordinate frame defined in Figure 5.1 B. Marker
positions were interpolated for missing data and low pass filtered with 2nd order zero-
phase lag Butterworth filter (10Hz cut-off frequency). Trials with excessive missing data
or data with clear outliers were manually removed from the kinematic analysis. Position
data were used to calculate displacement in the x direction, the velocity profiles, maximum
velocity, and time-to-peak-velocity (TPV) as a measure of movement asymmetry. Motion
trajectories were plotted with normalized positions in the vertical direction and averaged
positions in the horizontal direction. EMG signals were band-pass filtered (zero phase
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lag, 2nd order Butterworth filter with cut-off frequencies of 20 and 350 Hz) and full-wave
rectified. The envelope of the signal was extracted with a moving average window of 100
samples. Finally, the signals were normalized to the mean of the 1g condition and integrated
over time for each trial to express the magnitude of muscle activity (normalized iIEMG).
All data processing and generation of data figures were performed in Matlab (Mathworks,
Natick, MA, USA).

5.2.5 Statistical analysis

To compare parameters across different conditions, we conducted a linear mixed models
analysis with 3 gravitational conditions (1g, 0g, 2g) x 2 simulation conditions (real, sim-
ulated) x 7 targets statistical design where the subjects were included as random effects.
The analysis was conducted in R [133] with the nime [134] and multcomp [135] packages.
We checked that the residuals of the fitted model were normally distributed. We performed
all analyses separately for the upwards and downwards movements. We report only the
main effects of gravity and simulation as well as the interaction effect of gravity x simula-
tion. Post hoc tests (with Bonferroni correction for multiple comparisons) were conducted
to determine significant differences between specific conditions. To specifically determine
the effects of microgravity on task variables, we compared (1g — 0g and 1g S — 0g S) and also
directly compared the parameters with simulated microgravity with actual microgravity
on the plane (0g S — 0g). The same comparisons were conducted for changes of movement
parameters in hypergravity (1g—2g, 1g S —2g S, 2g S — 2g). The final comparison included
the two conditions of normogravity (1g S — 1g). The level of statistical significance was
set at 0.05. We adopt conventional statistical significance labels: * < .05, ** < .01, *** <
.001.

5.3 Results

First, we present the results of the pointing accuracy which is the main task outcome. We
then present movement kinematics. Starting with movement duration, velocity profiles,
and maximum velocity, followed by the shape of the trajectories and time to peak velocity
(TPV). Finally, we present the results of muscle activation during the different conditions.
The results for each parameter are structured in the same form where the results for
downward movements are presented first followed by results for upward movements. For
each direction, we first report the effects of gravity, simulation, and the interaction of
gravity x simulation. Then, individual differences and results of post hoc tests are first
presented for microgravity conditions (0g), followed by hypergravity (2g) and finally, we
report if there were any differences between normogravity conditions (1g) during flight
versus the simulation trials. We do not report the effects of target positions, however as
mentioned in subsection 2.5.1, the statistical analysis was performed taking into account
the different target locations.

5.3.1 Task outcome: Accuracy

To evaluate the accuracy of pointing, we looked at the location of hits on the screen with
respect to the displayed targets, which we refer to as deviations from the targets. The
absolute deviations of hits for each gravitational and simulation condition, averaged for
all parabolas and targets, are shown in Figure 5.2 A, D. Additionally, signed deviations of
hits for each individual target are presented in Figure 5.2 B, E for microgravity and sim-
ulated microgravity and in Figure 5.2 C, F for hypergravity and simulated hypergravity
conditions. Post hoc test results are presented in Table 5.1. For downward movements the
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Figure 5.2: Absolute deviations of the pointing position averaged for all subjects and
grouped per condition for upward movements (A) and downward movements (D). Signed
deviations for every target in microgravity (B, E) and hypergravity (C, F) for upward and
downward movements, respectively. Downward pointing triangles denote mean values for
downward movements, upward pointing triangles denote mean values for upward move-
ments, the whiskers denote the standard error of mean. Green represents normogravity,
blue represents microgravity and red represents hypergravity conditions, (1g, Og, 2g) de-
note in-flight gravitational conditions, (1g S, 0g S, 2g S) denote simulated gravitational
conditions.* p < 0.05, ** p < 0.01, *** p < 0.001.

statistical analysis showed no significant effects of simulation (F(1,278) = 3.52, p = 0.061),
gravity (F(2,278) = 2.65, p = 0.071) or the interaction of gravity x simulation (F(2,278) =
1.40, p = .245). For the microgravity conditions, no comparisons were significantly differ-
ent. Despite that, a similar trend is visible where the absolute deviation of hits is slightly
higher in microgravity compared to normogravity for both in-flight and simulated condi-
tions. The same effects were observed in hypergravity and simulated hypergravity, where
there was a slight increase in the absolute deviations, however this was not significant.
The accuracy of downward movements in the simulated normogravity condition is better,
however, this difference is not significant. For all gravitational conditions we observed a
trend in the signed deviations of hits for each target, where the deviations increase with
the increased target distance. For upward movements the statistical analysis showed a sig-
nificant effect of gravity (F(2,278) = 53.34, p < .001), simulation (F(1,278) = 11.21, p <
.001), and the interaction gravity x simulation (F(2,278) = 18.49, p < .001). Interestingly,
for upward movements in microgravity, there was no significant difference in the deviations
from normogravity conditions. There was, however, a significant increase in deviations in
the simulated microgravity condition in comparison with normogravity or microgravity (0g
S - 0g, 1g S — 0g S). Also, while we observed both positive and negative deviations of hits
in normogravity and microgravity, the same was not true for the simulated microgravity
where the subjects on average hit above all of the targets (only positive deviations). Con-
cerning hypergravity conditions, the absolute deviations increased significantly compared
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to normogravity (1g — 2g) whereas this was not the case for the simulated hypergravity,
where there was only a small increase in the absolute deviations. We also noted marginally
higher deviations in the simulated normogravity conditions compared to normogravity (1g
S - 1g).

Table 5.1: Post hoc analysis for signed deviations of hits.

Down Up

Comparison z 9] Comparison z p

1g — Og 2436  0.104 1g — Og 0.096  1.000
éo 1lgS-0gS 0.122 1.000 lg S—-0gS -7.757 <0.001 ***

0g S - Og 0.297 1.000 0g S - Og -5.421  <0.001 ***

lg — 2¢g 0.679  1.000 lg — 2¢g 6.976  <0.001 F*F*
Cio lgS—-2gS -1.058 1.000 lgS—2gS 0340  1.000

2g S - 2g 0.709  1.000 2g S - 2g -3.452  0.004  **
% 1gS-1g 2470 0.095 lgS - 1g 2.733  0.044  *

5.3.2 Motion Kinematics
5.3.2.1 Duration of movements

The durations of movements for each gravitational and simulation condition averaged for all
parabolas and targets are shown in Figure 5.3, whereas post hoc test results are presented
in Table 5.2. For downward movements the statistical analysis showed a significant effect
of gravity (F(2,278) = 18.83, p < .001), simulation (F(1,278) = 19.15, p < .001) and the
interaction of gravity x simulation (F(2,278) = 9.52, p = .001). Concerning microgravity
conditions, post hoc tests revealed that for downward movements there was a significant
increase in movement duration compared to normogravity only in the simulated trials (1g S
— 0g S). The movement durations during real and simulated microgravity (0g — O0g S) were
not significantly different. Also for hypergravity conditions there was no significant differ-
ence between real and simulated conditions. However, a significant decrease in movement
duration was observed during flight (1g — 2g) but not during the simulation. Interestingly,
movement durations were significantly shorter in the simulated normogravity trials com-
pared to those during flight (1g S — 1g). For upward movements the statistical analysis
showed a significant effect of gravity (F(2,278) = 109.28 , p < .001) and the interaction
gravity X simulation (F(2,278) = 3.71, p = .026), but not simulation alone (F(1,278) =
2.00, p = .158). Post hoc test revealed that movement duration in microgravity increased
significantly both during flight (1g — 0g) and in simulation (1g S — 0g S). Movement du-
ration during real microgravity did not significantly differ from the simulated condition
(0g S — 0g). Movement duration during hypergravity was significantly lower compared to
normogravity only in the real condition (1g — 2g). No statistical difference was found when
comparing both normogravity conditions (1g — 1g S).

5.3.2.2 Velocity profiles and maximum velocity

Figure 5.4 shows the mean velocity profiles for all gravitational and simulation conditions
normalized for target distance in the y direction. Here we can see that the shape of
velocity profiles remained constant throughout the various gravitational conditions, i.e.
the peaks did not shift, which we already evaluated when analyzing the TPV parameter.
However, we observed a change in the magnitude of the velocity profiles especially for the
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Figure 5.3: Movement durations in different gravitational and simulation conditions.
Downward pointing triangles denote mean values for downward movements, upward point-
ing triangles denote mean values for upward movements, the whiskers denote the standard
error of mean. Green represents normogravity, blue represents microgravity and red rep-
resents hypergravity conditions, (1g, 0g, 2g) denote in-flight gravitational conditions, (1g
S, 0g S, 2g S) denote simulated gravitational conditions. * p < 0.05, ** p < 0.01, *** p <
0.001.

Table 5.2: Post hoc analysis for movement duration.

Down Up

Comparison z p Comparison z p

lg — Og -0.505  1.000 lg — Og -8.978  <.001 e
;D lgS-0gS -4173 <.001 *** 1gS-0gS -7.069 <.001 ***

0g S — Og 2.000  .318 0g S — Og 2437 104

lg — 2¢g 5.062 <.001 *** 1g—2g 3.148 012 *
U 1gS-2gS  -1.238  1.000 IgS—2gS 0.18  1.000

2g S —2¢g -0.130  1.000 2g S - 2¢g -1.292  1.000

0 1gS-1g 5881 <.001 *** 1gS - 1g 1.455  1.000

upward movements where the maximum velocities increased in hypergravity conditions. In
order to more clearly illustrate these changes, we present the maximum velocities for each
gravitational and simulation condition, averaged for all parabolas and targets in Figure
5.5. Post hoc test results are presented in Table 5.3. Statistical analysis for downward
movements showed a significant main effect of simulation (F(1,278) = 15.69, p < .001)
as well as the interaction of gravity x simulation (F(2,278) = 6.68, p = .002), whereas
there was no significant main effect of gravity (F(2,278) = 2.12, p = .122). In microgravity
conditions, the maximum velocity was significantly lower only in the simulated condition.
However, there was no significant difference between the actual and simulated microgravity
conditions (0g S — 0g). In contrast, the maximum velocity in simulated hypergravity was
higher compared with the real hypergravity condition (2g S - 2g). Similarly, the maximum
velocity in normogravity conditions was higher in the simulated trials compared to those
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during flight (1g S — 1g). For upward movements, analyzing the maximum velocity revealed
a significant main effect of gravity (F(2,278) = 54.85, p < .001). No significant effects of
simulation (F(1,278) = 0.54, p = .462) or interaction of gravity x simulation (F(2,278) =
1.24, p = .292) were found. Concerning microgravity conditions, the maximum velocity was
significantly lower than in normogravity both in flight and on the ground (1g — 0g, 1g S — 0g
S). There was no significant difference between simulated and real microgravity conditions
(0g S — 0g). For hypergravity conditions, the maximum velocity increased in both real and
simulated conditions (1g — 2g, 1g S — 2g S) and there was no difference between the two
hypergravity conditions (2g S — 2g). The maximum velocity in simulated normogravity
was higher than in-flight, however, this difference was not statistically significant (1g S —

1lg).

o ©
o N
o
o)}

o
13
o
)

Absolute velocity [m/s]
N

Absolute velocity [m/s]
o
i

0.3 0.3
0.2 0.2 1
———0g$s
0.1 — ——298 0.1
0 x : : , . 0 : : . : )
0 02 04 06 08 1 0 02 04 06 08 1

Normalised movement length Normalised movement length

Figure 5.4: Mean velocity profiles for downward and upward movements in all conditions.
Solid lines represent the conditions during flight (1g, Og, 2g) whereas dashed lines represent
the simulated conditions (1g S, 0g S, 2g S). Green represents normogravity, blue represents
microgravity and red represents hypergravity conditions.

Table 5.3: Post hoc analysis for maximum velocity.

Down Up
Comparison z p Comparison z p
1g — Og -1.005 1.000 1g — Og 3.260 .008  **
;D lgS-0gS 3713 <001 ** 1gS—-0gS 4323 <.001 ***
0g S —0g 0.455  1.000 0g S —0g -0.079  1.000
1lg — 2g -0.601  1.000 lg — 2g -5.206  <.001 ReE
o0
~ lgS-2gS  0.387  1.000 1lg S—-2gS -2.693 .050 *
2g S —2g -3.346  .006 **  2gS - 2g 0.553  1.000
o0
o, 1gS-1g 4.334 <.001 *** 1gS-1g -1.540  .865
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Figure 5.5: Maximum velocities. Downward pointing triangles denote mean values for
downward movements, upward pointing triangles denote mean values for upward move-
ments, the whiskers denote the standard error of mean. Green represents normogravity,
blue represents microgravity and red represents hypergravity conditions, (1g, Og, 2g) de-
note in-flight gravitational conditions, (1g S, O0g S, 2g S) denote simulated gravitational
conditions. * p < 0.05, ** p < 0.01, *** p < 0.001.

5.3.2.3 Shape of trajectories

Figure 5.6 shows the mean trajectories for all gravitational and simulation conditions nor-
malized for target distance in the y direction. Here we can observe an increased displace-
ment in the x direction in microgravity for upward movements, whereas for the downward
movements we can see a decreased displacement in the x direction both in microgravity
and hypergravity. In order to more clearly compare the differences between conditions,
we present the maximum normalized displacements in x direction for each gravitational
and simulation condition, averaged for all parabolas and targets, in Figure 5.7. The post
hoc tests results for the maximum displacements in x direction are presented in Table 5.4.
For downward movements, the statistical analysis showed a significant effect of gravity
(F(2,278) = 64.02, p < .001), simulation (F(1,278) = 55.62, p < .001) and the interaction
of gravity x simulation (F(2,278) = 4.95 , p = .008). In microgravity conditions, post hoc
tests revealed that for downward movements there was a significant decrease in maximum
x displacement for both the real and simulated trials (1g — 0g, 1g S — 0g S). The comparison
of real and simulated microgravity conditions was not significantly different (0g S — 0g),
albeit with a p value of 0.05. For hypergravity conditions, the maximum x displacement
was lower than in normogravity for both real and simulated conditions (1g — 2g, 1g S— 2g
S). At the same time, the displacement was significantly lower in the simulated hypergrav-
ity compared with the in-flight condition (2g S — 2g). Similarly, as with what we observed
with the movement duration, the maximum x displacement in normogravity was lower in
the simulated trials compared to those in-flight (1g S — 1g). For upward movements the
statistical analysis showed a significant effect of gravity (F(2,278) = 29.90, p < .001), sim-
ulation (F(1,278) = 90.97, p < .001) and the interaction of gravity x simulation (F(2,278)
= 16.16, p < .001). Post hoc test for microgravity conditions revealed that the maxi-
mum x displacement increased significantly only during flight (1g — 0g). The maximum x
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displacement in the simulated microgravity appears to be unchanged from normogravity.
This is also reflected in a significant difference between the real and simulated 0g condi-
tion (0g S — 0g). Maximum x displacement during hypergravity or simulated hypergravity
was not significantly different compared to normogravity. However, a significant difference
between real and simulated hypergravity (2g S — 2g) conditions was observed. No statis-
tical difference was found when comparing both normogravity conditions for the upward
movements.

100 100 1

50 1 50 1

Normalized y
o

Normalized y
o

-50 1

-100 : : . . -100 - : : . . .
-5 0 5 10 15 20 -5 0 5 10 15 20
x direction / mm x direction / mm

Figure 5.6: Mean trajectories normalized for target distance for different gravitational
and simulation conditions. Left: normogravity and microgravity conditions, Right: nor-
mogravity and hypergravity conditions. All trajectories start at the coordinate (0,0) and
end at either (0,100) for upward movements or (0,-100) for downward movements. Solid
lines represent the conditions during flight (1g, Og, 2g) whereas dashed lines represent the
simulated conditions (1g S, Og S, 2g S). Green represents normogravity, blue represents
microgravity and red represents hypergravity conditions.

Table 5.4: Post hoc analysis for maximum displacement in the x direction.

Down Up
Comparison z p Comparison zZ p
1g — Og 7.687 <.001 *** 1g-0g -8.430 <.001 X
éo 1gS-0gS 2892 .027 ¥ 1gS-0gS 0.117 1.000
0g S - Og 2.689  .050 0g S — Og 9.707 <.001 kX
1lg — 2¢g 9.427 <.001 *** 1g-2g -1.270  1.000
Cio lgS—-2¢gS 5459 <.001 *** 1gS—-2¢gS 2.649 .057

2¢S-2 3715 001 ** 2gS-2 5664 <.001 ***
lgS—1g  6.882 <.001 *** 1gS-—1g 1.814 488

lg
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Figure 5.7: Maximum displacement in the x direction. Downward pointing triangles denote
mean values for downward movements, upward pointing triangles denote mean values for
upward movements, the whiskers denote the standard error of mean. Green represents
normogravity, blue represents microgravity and red represents hypergravity conditions,
(1g, Og, 2g) denote in-flight gravitational conditions, (1g S, Og S, 2g S) denote simulated
gravitational conditions. * p < 0.05, ** p < 0.01, *** p < 0.001.

5.3.2.4 Movement asymmetry: time to peak velocity (TPV)

As a measure of the asymmetry of movement, we calculated the normalized TPV. The
TPV for each gravitational and simulation condition averaged for all parabolas and tar-
gets, are shown in Figure 5.8, whereas post hoc tests results are presented in Table 5.5.
For downward movements the statistical analysis showed a significant effect of simulation
(F(1,278) = 20.16, p < .001), whereas the effect of gravity and the interaction of gravity x
simulation were not significant (F(2,278) = 2.30, p = .102) and (F(2,278) = 2.31, p = .101)
respectively. Concerning microgravity conditions, post hoc tests revealed no significant dif-
ferences between conditions. For hypergravity conditions, TPV significantly decreased in
the simulated condition (2g S — 2g). No changes were observed between normogravity
conditions. For upward movements the statistical analysis showed no significant effects of
gravity (F(2,278) = 0.09, p = .912) and simulation (F(1,278) = 0.04, p = .839), but it did
reveal a significant interaction effect of gravity x simulation (F(2,278) = 3.12, p = .046)
although the p value was nearly significant. The results of post hoc tests for the upward
movements reflect the absence of significant effects.

5.3.3 Muscle activity

Due to a similar effect of conditions for both movement directions, we present the results
of the muscle activity in a more concise form compared to the other parameters. The
normalized iIEMG of all muscles, for each gravitational and simulation condition, averaged
for all parabolas and targets, are presented in Figure 5.9. The mean values for downward
movements are denoted with downward pointing triangles and mean values of upward
movements are denoted with upward pointing triangles. The ANOVA revealed a significant
main effect of gravity for downward movements for the Trapezius (F(2,246) = 152.99, p <
.001), Pectoralis (F(2,246) = 12.60, p < .001), Anterior Deltoid (F(2,246) = 535.16, p <
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Figure 5.8: Values of the TPV parameter for different gravitational and simulation condi-
tions. Downward pointing triangles denote mean values for downward movements, upward
pointing triangles denote mean values for upward movements, the whiskers denote the
standard error of mean. Green represents normogravity, blue represents microgravity and
red represents hypergravity conditions, (1g, 0g, 2g) denote in-flight gravitational condi-
tions, (1g S, Og S, 2g S) denote simulated gravitational conditions. * p < 0.05, ** p <
0.01, *** p < 0.001.

Table 5.5: Post hoc analysis for TPV.

Down Up
Comparison z p Comparison z p
lg — Og 1.067  1.000 lg — Og 0.395 1.000
o0
- 1lgS-0gS 1708 .613 lgS-0gS 0115 1.000
0g S - Og 2.182  .204 0g S — Og -1.214  1.000
lg —2¢g -0.160  1.000 lg — 2¢g -1.249  1.000
o0
~ lgS-2g5 2678  .052 lgS—2¢gS 1549 850
2g S —2¢g 4332 <.001 *** 2¢85-2g 1.786  .519
0 1gS-1g 1.430  1.000 1gS - 1g -0.972  1.000

.001), and Posterior Deltoid (F(2,246) = 185.83, p < .001). A significant effect of simulation
was found only for the Pectoralis (F(1,246) = 43.33, p < .001), Anterior Deltoid (F(1,246)
= 24.66, p < .001) and Posterior Deltoid (F(1,246) = 16.78, p < .001) while there was no
effect at the Trapezius muscle (F(1,246) = 0.54, p = .461). Most importantly, there was a
significant interaction effect of gravity x simulation for the Trapezius (F(2,246) = 4.55, p =
.011), Anterior Deltoid (F(2,246) — 11.13, p < .001) and Posterior Deltoid (F(2,246) — 9.93,
p < .001), while there was no significant effect at the Pectoralis muscle (F(2,246) = 0.31, p
= .730). Post hoc test results of the different conditions are presented in Table 5.6. For the
upwards direction, the effects were exactly the same. We found a significant main effect of
gravity for the Trapezius (F(2,244) = 274.77, p < .001), Pectoralis (F(2,244) = 21.48, p <
.001) , Anterior Deltoid (F(2,244) = 712.69, p < .001) and Posterior Deltoid (F(2,244) =
340.82, p < .001). A significant effect of simulations was found for the Pectoralis (F(1,244)
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= 44.55, p < .001), Anterior (F(1,244) = 38.41, p < .001) and Posterior Deltoid (F(1,244)
= 17.35, p < .001), but not the Trapezius (F(1,244) = 0.03, p = .851). Analogous to
the downward direction there was a significant interaction of gravity x simulation for the
Trapezius (F(2,244) = 6.83, p = .001), Anterior Deltoid (F(2,244) = 20.02, p < .001) and
Posterior Deltoid (F(2,244) = 11.87, p < .001), while there was no significant effect at
the Pectoralis muscle (F(2,244) = 0.49, p = .609). Post hoc test results of the different
conditions are presented in Table 5.6. For both directions and for all muscles we observed a
decrease in muscle activity in both the real and simulated microgravity conditions compared
to normogravity, whereas in the real and simulated hypergravity conditions we observed
an increase in muscle activity compared to normogravity conditions.

Trapezius Pectoralis Posterior Deltoid Anterior Deltoid
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Figure 5.9: Normalized integrated EMG for the Trapezius, Pectoralis, Anterior Deltoid,
and Posterior Deltoid for all conditions. Downward pointing triangles denote mean val-
ues for downward movements, upward pointing triangles denote mean values for upward
movements, the whiskers denote the standard error of mean. Green represents normograv-
ity, blue represents microgravity and red represents hypergravity conditions, (1g, Og, 2g)
denote in-flight gravitational conditions, (1g S, Og S, 2g S) denote simulated gravitational
conditions. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table 5.6: Post hoc analysis for EMG.

39

Down Up
Comparison z p Comparison 7 p
lg - Og 8.086 <.001 *** 1g - 0g 9.387 <.001 *¥*
[oY0]
2 1gS-0gs 318 010 * 1gS-0gS  3.365 .005  **
2 0g S - 0g -1.494 946 0g S - 0g 22711 .047 *
< lg —2g -5.789  <.001 *F* 1g - 2g -0.345  <.001 F¥*
g S 1gS-2gS  -T572  <.001 *** 1gS - 2gS  -10.868 <.001 K**
22 S~ 2g 0.135  1.000 2¢ S — 2g -0.147  1.000
% 1gS-1g 2.679  .052 lgS—1g 2.465  .096
lg - 0g 2.665  .054 lg - 0g 3.877  <.001 F¥*
=30
o lgS-0gs 1719 600 lgS—-0gsS 2192  .199
= 0g S - Og 3.841  <.001 *** (g8 -0g 3.440 004  **
3 lg —2g -0.780  1.000 lg —2g -1.051  1.000
E & 1gS-2gS  -1.760  .549 lgS-2gS -1.988  .328
2¢ S~ 2g 3417 004 ** 2gS-2g 3.651  .002  **
% 1gS-1g 4533 <.001 *** 1gS-lg 4769  <.001 **
< lg - Og 8512 <.001 *** 1g - 0g 10.570  <.001  ***
S 2 1gS-0gS 2765 040 * 1gS—-0gS 4463 <.001 H**
2 0g S - 0g -1.109  1.000 0g S - 0g -1.386  1.000
= lg —2g 8595 <.001 *** 1g - 2g 212139 <.001  FF*
B0 1gS-2gS  -6.967 <.001 ** 1gS-2¢gS 9512 <.001 ***
§ 22 S~ 2g 4561  <.001 *** 2g8-2g 5105  <.001 R**
0 1gS-1g 3.893  <.001 *** 1gS - 1g 3.745 001  **
- lg - Og 15.632  <.001 *** 1g - 0g 17.424 <.001 k**
2 2 1gS-0gS 7917 <001 ** 1gS-0gS 8717 <.001 K**
g 0g S - Og -0.776  1.000 0g S - 0g -1.379  1.000
8 lg — 2g 11278 <.001 *** 1g - 2g -14.970  <.001 F¥*
H O 1gS-2gS -11190 <.001 *** 1gS-2gS -12.246 <.001 ***
5 20 S~ 2g 4213  <.001 *** 2g8S-2¢ 6.808  <.001 k**
% 1gS-1g 5464  <.001 ** 1gS - 1g 5671  <.001 ***
5.4 Discussion

During the parabolic flights, the subjects experienced changes in gravitational conditions
that affected their whole body including the vestibular system. The forces exerted on the
limbs of the individuals were continuous and acted on the entirety of the limb. Additionally,
the stylus that the subjects were manipulating in order to perform the task was also
subjected to these gravitational changes. On the other hand, in the trials on the ground,
the subjects experienced only a locally applied force on the wrist that simulated the same
torque in the shoulder joint the subjects experienced during microgravity and hypergravity
during flight. Comparing these two conditions, we aimed to answer our main question.
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Can we elicit the same changes in movement parameters only with simulating local gravity
conditions on the arm compared to full body micro- and hypergravity conditions?

Effects on the task outcome

Looking at the task outcome, we noted a trend of increased hit deviations (reduced accu-
racy) in microgravity and hypergravity for upward and downward movements both in-flight
and in simulation. This is in line with other studies which observed a decreased accuracy
in these conditions [115], [124], [126]. However, these changes in deviations were only
significant for the upward movements. We could not mimic the changes in hypergravity
with our simulation, the subjects seemed to be better able to compensate for the force
exerted on the wrist than when dealing with full-body hypergravity conditions. At first
glance, we saw an increase in the absolute hit deviations in the simulated microgravity
which coincided with the increased deviations observed in microgravity. However, the in-
spection of the signed deviations per target (Figure 5.2 B) revealed that the simulated
microgravity condition affected the accuracy of subjects in a different way. Namely, in the
Og S condition, subjects overshot all of the targets whereas in microgravity as well as both
normogravity conditions, the targets further away from the starting position (4-7) were
mostly undershot. This shows that the subjects were better able to adapt to microgravity
conditions during flight than in our simulation setup. Since the setup could not provide
an adequate representation of microgravity conditions, namely the vestibular system and
manipulated object were unaffected, it is probable that this resulted in some sort of sen-
sory conflict that prevented the subjects from completing the task in the same way as in
normogravity.

Effects on movement kinematics

Our analysis of the movement kinematics parameters showed that (compared to normo-
gravity) the duration of movements increased in microgravity (0g and 0g S) for both upward
and downward movements. The only exception being the downward movements in-flight
(Og) where the increase in movement duration was not significant. On the other hand, the
movement durations were lower in hypergravity in-flight for both directions of movement,
but there was no change in movement duration in the simulation trials. These results
are mostly consistent with other studies, where they also noted an increase of movement
duration in microgravity and a decrease in hypergravity [119], [126], [136]. Interestingly,
movement durations for downward movements were shorter in the simulated normogravity
trials compared to those during flight (1g S versus 1g). Regarding the shape of the tra-
jectories, we found an increased displacement in the x direction only in microgravity for
the upward movements in-flight while there was no change during simulation. This could
be explained by the fact that during flight the whole environment was isotropous which
meant that subjects had to more actively refrain from moving sideways. In contrast, for
the downward movements, we observed a decrease in displacement in the x direction in
both microgravity and hypergravity in-flight and in the simulated trials. Compared to
the upward movements, the task stability may have improved when performing downward
movements which decreased the displacement in the x direction.

Changes in velocity profiles

The shape of the velocity profiles did not vary across different gravitational or simulation
conditions which we showed with the analysis of the TPV parameter. However, we did
note some changes in the maximum velocities. Namely, the maximum velocity was lower
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in microgravity and higher in hypergravity for the upward movements both in-flight and
in simulation. For the downward movements, however, there were no differences in flight,
but in simulation, the maximum velocity was lower for the Og S condition. Additionally,
we observed that the TPV parameter remained largely unaffected by the different gravita-
tional conditions both in-flight and in simulation. However, we noted a lower TPV in the
simulated hypergravity compared to the in-flight hypergravity (2g S versus 2g).

Changes in muscle activity

The analysis of muscle activity showed that the Pectoralis muscle was the least affected by
gravitational conditions both in flight and during simulation. This is probably because it
acts primarily perpendicular to the gravitational vector. However, we still noted a signifi-
cant decrease of activity in microgravity in-flight (0g). For all other muscles we observed
the same results, where for both directions, the muscle activity was significantly increased
in real and simulated hypergravity conditions and lowered in the microgravity conditions.
This is comparable with other studies with pointing tasks performed on parabolic flights
[137], where EMG activity increased in hypergravity and decreased in microgravity. Our
results therefore show that the simulations of gravitational environments with our system
were quite good from an action point of view.

Could on-ground training with simulated gravitational conditions be beneficial?

Apart from the trajectory shape, the locally simulated microgravity and hypergravity con-
ditions of the limb appear to have a similar effect on the kinematic parameters analyzed.
That is, increased movement durations in microgravity, decreased maximum velocities in
microgravity and increased in hypergravity as well as an unaffected asymmetry of move-
ment. Additionally, the muscle activity was lower in microgravity and higher in hypergrav-
ity conditions. This indicates that training in normogravity conditions with only locally
simulated microgravity or hypergravity could be beneficial for training arm reaching move-
ments in microgravity and hypergravity [138]. The discrepancy between the changes in the
maximal x displacement and movement durations could potentially stem from the fact
that our active support system had contact only at the wrist. Such a simulation of mi-
crogravity did not have the full effect as during the parabolic flight, it did however elicit
similar responses when looking at the duration of movements. This also demonstrates that
proprioceptive feedback provides a lot of relevant information to control kinematics. Per-
haps analyzing the impact of an exoskeleton device with a distributed whole limb gravity
compensation would be interesting. A distributed unloading of the arm could potentially
provide better feedback to the subjects and hence provide a better environment for training
movements in microgravity and hypergravity. In [124] they observed reduced accuracy of
subjects in both microgravity and hypergravity conditions. In microgravity, their accuracy
was restored to normal when they applied a gravity-like torque before and during the move-
ments performed. Their results suggest that arm motor planning and control are tuned
with respect to gravitational information issued from joint torque. Similar conclusions were
found by [139], where they showed that information coming from the initial state of the
sensorimotor system is determinant to planning movements in the gravity field. However,
in these studies, the subjects were not manipulating any object with their hand as was the
case in our experiment. During the microgravity condition, the subjects did not feel any
weight at the stylus while maintaining the position at the starting position. The motor
system is likely to interpret this as the absence of mass and resultantly reduces the motor
command for the movements. However, the motor command to accelerate the stylus should
remain unchanged because the mass is not changed, slowing the movement and increasing
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the movement duration. In our simulated microgravity conditions, the object manipulated
was still affected by gravity thereby creating a sensory conflict in the estimation of the
arm and object dynamics. While we still observed similar changes in Og and 0g S (e.g.
increased movement duration), the analysis of the deviations of target hits revealed that
the subjects consistently overshot the targets, which resulted in a worse performance in the
simulated microgravity (Og S) compared to the microgravity (0g) condition. Notably, our
observed changes in movement duration and maximum velocity in the simulated micrograv-
ity conditions are in contrast with some other studies that analyzed changes in kinematic
features of arm movements in normogravity with weight support systems [129], [130], where
such changes were not present. However, in these studies, movements were not limited to
vertical arm movements which might be the cause of the differences in the observed re-
sults. Similarly, in a parabolic flight study where subjects performed pointing movements
predominantly in the horizontal direction no significant differences between gravitational
conditions were observed for movement duration and accuracy of pointing [140]. Overall,
we showed that locally simulated gravity alterations can elicit similar changes in movement
characteristics for arm reaching movements and could potentially be used as a means of
training individuals prior to undertaking tasks in changed gravitational conditions.
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Chapter 6

Conclusions

The major contributions of this thesis are summarised in the following four points.

First, we expanded the field of exoskeleton control by developing a control architecture
based on probabilistic approaches for use in quasi-passive or quasi-active exoskeleton de-
vices [141]. With a successful implementation of the proposed approach we confirmed our
first hypothesis. This is an important contribution as such types of exoskeletons are being
increasingly developed in recent years while at the same time there is a lack of suitable
control algorithms that are developed and tested on such devices.

Second, we explored the capabilities of using probabilistic approaches for predicting gait
kinematic parameters for the purpose of using these predictions as control inputs for lower
limb exoskeletal devices. The results confirmed our second hypothesis since we were able
to accurately predict user step lengths. Such an approach can be used in combination with
other environmental sensing modalities in order to predict possible collisions of the user’s
limbs with obstacles [142] and use this information to execute preventive countermeasures
with the exoskeleton the user is wearing.

Third, we expanded the use cases of state-of-the-art path guidance algorithms used in
rehabilitation with robotic devices. This was achieved through the integration of these
guiding algorithms with probabilistic methods for user movement trajectory prediction
[99]. We successfully confirmed hypothesis H3-H5 by accurately predicting user movement
intention even for new target locations which enabled a seamless human-robot interaction
and assistance for all end targets. Overall, this approach enhances the field of exoskeleton
control as well as control of end effector based types of rehabilitation devices where there
is currently a lack of user movement prediction and the approaches used are rather static,
and apart from use with chronic stroke patients, are still not as effective as conventional
physical therapy.

Fourth, we showed that locally simulated gravity alterations can elicit similar changes
in movement characteristics for arm reaching movements thereby confirming our sixth and
final hypothesis. We concluded that such an approach can potentially be used as a means
of training individuals prior to undertaking tasks in changed gravitational conditions with
the use of robotic devices such as exoskeletons [143].

As with all research, for every question we answered we opened up many new ones. We will
attempt to address as many of them as possible in our future work. Hopefully however,
this thesis and the work published in the scope of it will serve as inspiration also for other
researchers in the field of exoskeleton control and human-robot interaction and contribute
to a collective expansion of the state of the art for these fields of robotics.
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