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Abstract

In the recent years, advancements in robotics-related fields accompanied the
development of exoskeletal devices that enhance the physical capabilities of the
wearer, or assist impaired individuals in performing specific body movements. In
particular, assistive lower-limb exoskeletons can be proposed to impaired people
as a possible alternative to wheelchairs, or as rehabilitation medical devices. How-
ever, while existing ones can perform a variety of movements — such as walking,
turning in place, steering, etc. — the intention detection interfaces are often based
on basic solutions that lack intuitiveness, partly monopolize the use of hands, or
prevent seamless transitions between the available activity modes.

In this context, this doctoral work investigates natural and intuitive movement-
based solutions to robustly detect motion intentions in a marketed assistive lower-
limb exoskeleton. It focuses on walking-related intentions — namely gait initi-
ation, gait termination, and steering — and evaluates novel implementations of
high-level controllers based on acceleration and angular velocity signals recorded
from upper-body-worn Inertial Measurement Units. Signals from these sensors
can be analyzed, so that descriptive features of the exhibited movements are ex-
tracted, and serve as inputs to a classification architecture: they can either be
compared to training data in a supervised learning approach, or to empirically
derived thresholds.

For gait initiation, an intention detection interface was built upon a Linear
Discriminant Analysis classifier, based on experimental training data recorded
from unimpaired individuals exhibiting anticipatory postural adjustments prior
to initiating gait. For gait termination, maintained arm swing movements were
used to keep the exoskeleton walking. Amplitude and coordination-based features
were derived to indicate the state of arm movements, and compared to specific
thresholds to detect whether walking should be stopped. An alteration to these
movements — by exhibiting an asymmetry in the arm swing amplitude — was used
to detect the intention and direction of steering.

Experimental results of these algorithms were obtained from different groups of
unimpaired participants using the exoskeleton, along with qualitative results from
preliminary tests of the gait termination interface conducted with two impaired
patients. These first results indicate that the developed methods could be a viable
alternative for intention detection in medical lower-limb exoskeletons, and could
greatly enhance their usability.

Keywords: Wearable Robotics, Assistive Exoskeletons, Intention Detection, High-Level
Control Interface, Classification Architecture, Inertial Sensors



Résumé

Des avancées technologiques récentes dans les domaines liés a la robotiques
ont permis le développement de dispositifs exosquelettes pour I'augmentation des
capacités physiques humaines, ou 'assistance aux gestes. En particulier, dans le
cas de handicaps moteurs, des exosquelettes d’assistance pour les jambes peuvent
étre utilisés comme une alternative aux fauteuils roulants, ou pour la rééducation
des membres inférieurs. Mais si de tels appareils sont déja capables de réaliser
plusieurs types de mouvements — marche, demi-tours, virages, etc. — les interfaces
permettant la détection des intentions sont souvent basées sur des solutions qui
ne permettent pas un controle intuitif des dispositifs, monopolisent 1'usage des
mains, et entrainent des transitions d’états non fluides.

Dans ce contexte, ce travail s’appuie sur des solutions naturelles et intuitives
basées sur les mouvements du haut du corps, afin de détecter de maniére robuste et
efficace les intentions de mouvement dans un exosquelette d’assistance a la marche.
Il se focalise notamment sur des intentions relatives a la marche — D’initiation,
I’arrét, et les virages — et évalue I'implémentation de controleurs haut-niveau basés
sur les signaux de centrales inertielles portées au niveau du haut du corps. Ces
signaux peuvent étre analysés de sorte a ce que des caractéristiques descriptives
des mouvements puissent en étre extraites, puis utilisées en entrée de diverses
architectures de classification — selon des approches d’apprentissage supervisé, ou
au travers de comparaisons avec des seuils définis empiriquement.

Pour l'intiation de la marche, une interface de détection d’intentions a été
développée sur la base d'un classificateur LDA (Linear Discriminant Analysis),
et de données d’entrainement issues d’expériences de marche pendant lesquelles
des individus ne souffrant pas de handicap moteur ont exhibé des ajustements
posturaux anticipatoires avant d’initier le mouvement. Pour ’arrét de la marche,
le maintien d’'un mouvement de balancier des bras a été utilisé pour maintenir
I’exosquelette en marche. Des caractéristiques indicatives de 'amplitude et de
la coordination de ces mouvements ont été calculées, puis comparées a des seuils
empiriques pour déterminer si le robot devait étre arrété ou non. Une altération
de ces mouvements, définie par une asymétrie de 'amplitude entre les deux bras,
a été utilisée pour détecter 'intention de tourner pendant la marche, ainsi que la
direction des virages.

Ces algorithmes ont pu étre testés expérimentalement, et des résultats ont été
obtenus pour des groupes de participants ne présentant pas de handicap moteur.
Des résultats qualitatifs avec patients ont également été obtenus pour 'interface
d’arrét de la marche, sur la base d’essais préliminaires. Ces premiers résultats
indiquent que les méthodes développées au cours de ce travail de thése pour-
raient étre utilisées comme une solution efficace et ergonomique pour la détection
d’intentions dans un exosquelette de jambes a usage médical.

Mots-Clés: Robotique Wearable, Exosquelettes d’Assistance, Détection d’Intentions,
Interface de Controle Haut Niveau, Architecture de Classification, Capteurs Inertiels
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Introduction

| Context of the thesis.

Over the last decades, developments in the fields of robotics and mechatronics
have made it possible to design lower-limb assistive devices, such as exoskeletons
and active orthoses, that could be used for physical augmentation or as an al-
ternative to wheelchairs for physically impaired individuals such as Spinal Cord
Injury patients. In popular culture, exoskeletons are often referred to as robotic
armors that surround a person’s limbs to assist their movements or enhance the
capabilities of their body.

Although such devices still face important challenges — many of which revolve
around actuation, cost, weight, and human-machine interfaces — a certain num-
ber of companies and research teams have been able to bring out what was once
considered a science fiction technology to real life. In particular, more and more
devices have been marketed in the recent years, with a focus on assisting work-
ers achieve demanding and complex tasks, making patients suffering from Spinal
Cord Injury (SCI) able to walk again, or helping with the rehabilitation of stroke
patients.

However, most of the medical exoskeletons targeted at impaired patients still
rely on constraining control strategies that fail in providing the users with natural
and intuitive control interfaces. The motion intentions of users are usually detected
through state-triggering buttons, or based on stereotyped upper-body gestures
that serve as inputs to movement sensors. Most devices also need the use of a
walking aid or crutches, which can be equipped with additional sensors to trigger
specific movements, but highly impede the use of the upper limbs during walking.

In a context where patients wish for such assistive devices to become physical
extensions of their own bodies, it is necessary to develop control interfaces that are
not only robust, efficient, and safe, but feel natural and intuitive as well. While
it is possible to think of electrophysiological signals (such as electromyograms —
EMGs — or electroencephalograms — EEGs) as effective means to decode human
motor intentions and provide an external device with input control signals, the
complexity of correct training, as well as the variability and the lack of robustness
of the decoding schemes make it difficult to apply such methods in an uncontrolled
setting.



2 Introduction

It is in this context that in 2012, the french start-up company Wandercraft
(Paris, France) has taken up the challenge to develop a dynamically stable lower-
limb exoskeleton for patients with lower-limb impairments. Their robot, named
Atalante, is the first self-balanced device capable of dynamic walking without
relying on crutches for stabilization. However, it still makes use of remote buttons
to switch between its different states, and an Inertial Measurement Unit (IMU)
to trigger specific movements based on upper-trunk kinematics.

The objective of this thesis was to develop novel intention detection methods
for the Atalante exoskeleton, that would rely on naturally exhibited upper-body
movements, and use acceleration and angular velocity signals recorded from body-
worn IMUs as inputs.

Main Contributions.

The thesis focused on three motion intentions: gait initiation, gait termination,
and steering while walking. For each of these intentions, an analysis of corre-
sponding upper-body movements was conducted based on experimental data, and
allowed to develop novel IMU-based high-level control interfaces.

For gait initiation, it was shown that anticipatory postural adjustments that
are exhibited before heel-off of the swing leg in unimpaired individuals can be
recorded to serve as training data for a supervised learning classification archi-
tecture. By additionally recording IMU signals from typical everyday movements
that can be performed while standing, the classifier was made robust enough to
correctly detect the gait initiation intention, without triggering the walking state
of the robot when unrelated upper-body movements are exhibited.

The gait termination interface was constructed based on the dead man switch
paradigm: instead of detecting a short transitioning pattern in the kinematic in-
puts, the walking state of the exoskeleton is rather maintained as long as natural
arm swing movements are exhibited. A set of descriptive features of such move-
ments has been derived, and was used as part of a threshold-based classifier to
detect when the arm swing ceases, and the exoskeleton should stop.

The steering intention was preliminarily explored, and the detection interface
was based on an alteration of the arm swing movements described above: by
creating an asymmetry in the amplitude of swing between both arms, the intention
and direction of turning can be detected.

All solutions were tested both offline on recorded data, and online. Software
implementation of the gait termination and steering detection methods were done
directly in the embedded system of the exoskeleton through a unified signal ob-
server architecture. The gait initiation detection solution was only implemented
in a separate computer.



Lastly, as part of this work, a novel IMU-embedded jacket was designed for
the Wandercraft company. It is equipped with one sensor on the back, and one
on the side of each arm. It can be directly attached to the exoskeleton, and is
directly interfaced with its hardware.

Outline of the thesis.

This dissertation is divided into five chapters:

Chapter 1 This chapter presents a brief history of exoskeletal devices, and
provides a state of the art of existing exoskeletons, and the detection methods
used in the medical ones.

Chapter 2 This chapter presents the Atalante exoskeleton, and the hardware
used throughout this thesis. It additionally describes the experimental frame-
work for the exploration and validation of the different intention detection
solutions.

Chapter 3 This chapter focuses on the gait initiation intention, and presents
the experimental work conducted to explore predictive kinematic patterns of
the upper-body during anticipatory postural adjustments. It then describes
the supervised learning method used to detect the gait initiation intention, as
well as its online implementation.

Chapter 4 This chapter focuses on the evaluation of a method to terminate
gait when arm swing movements during walking cease. The online implemen-
tation is based on a threshold-based classifier.

Chapter 5 This chapter focuses on the detection of the steering intention. It
is preliminary work that explored how an asymmetry in the arm swing move-
ments exhibited for the gait termination interface could be used to indicate
the intention and direction of turning.

Publications.

During this thesis, the study around the detection of the gait initiation intention
was published in a journal paper:

e O. Mounir Alaoui, F. Expert, G. Morel and N. Jarrassé, "Using Generic
Upper-Body Movement Strategies in a Free Walking Setting to Detect Gait
Initiation Intention in a Lower-Limb Exoskeleton," in IEEE Transactions on
Medical Robotics and Bionics, vol. 2, no. 2, pp. 236-247, May 2020, doi:
10.1109/TMRB.2020.2982004.
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A French patent for the arm-swing-based gait termination interface and the
steering detection layer is also pending (n°FR2109174). The corresponding studies
could not be submitted for publication before the patent was filed, but have now
been submitted.

Work from this thesis was also presented during the Ma thése en 180s com-
petition, and during two conference workshops:

e [EFEE International Conference on Robotics and Automation 2020, Integrat-
ing Multidisciplinary Approaches to Advance Physical Human-Robot Inter-
action.

o [EEFE International Conference on Intelligent Robots and Systems 2021,
Challenges and Opportunities of Human-robot Symbiosis: from Wearable
Robots to Neurorobotics.



Chapter 1

Lower-limb exoskeletons and the chal-
lenges of motor intention detection

After a brief history of the development of exoskeletons from the late 19" century
up to the past few decades, this chapter introduces the main different types of
lower-limb devices and their applications: malitary, industrial, or medical. It then
focuses on the general control framework associated with medical exoskeletons, and
reviews the existing detection methods for the patients’ motor intentions. These
are mainly based on three types of input modalities: discrete switching inputs,
electrophysiological signals, and kinematic or interaction signals. However, these
existing solutions are hardly well-integrated with the users’ sensory-motor control
system, and generally suffer from a lack of intuitiveness. Therefore, the objective
of this thesis is to try and build more natural interfaces based on existing body
coordinations, and to provide users with seamless controls for medical exoskeletal
devices.
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| Lower-limb exoskeletons.

1.1.1 The origins of exoskeleton devices

The term “exoskeleton” comes from the Greek words ¢Zw (exo, meaning outside)
and oxehetoc (skeletos, meaning dried up) (Harper 2021). It was first used in
Biology to define “a hard outer layer that protects the bodies of certain animals,
such as insects” (Oxford University Press 2021). However, its meaning has been
further extended to refer to robotic exoskeletons, which are external mechatron-
ical devices attached in parallel to a user’s body or body parts to — actively or
passively — provide help with their movements or extend their physical capabili-
ties. The term “orthosis” can also be used to refer to similar devices. In his 2009
review, Herr provided a general terminology to distinguish between exoskeletons
and orthoses based on their end application: while exoskeletons are usually de-
signed for performance augmentation of able-bodied users, orthoses more often
describe devices developed for the assistance of impaired individuals (Herr 2009).
However, the word “exoskeleton” is often used interchangeably with “orthosis” in
many works of the field, and will be the preferred term used in this thesis.

The first technological concept of an exoskeleton can be traced back to the late
19" century, in 1889-1890, when Russian inventor Nicholas Yagn filed multiple
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patents for an apparatus for facilitating walking, running, and jumping (Yagn
1889, 1890a—c). His inventions relied on the use of springs or bow-springs attached
to the legs to support the body weight and assist walking, running, and jumping
movements. He also proposed a method based on a compressed-fluid accumulator
for energy storage. The drawings from his patents can be seen in figure 1.1.

Around the same time, in December 1889, the St. Paul Daily Globe, a Min-
nesotan journal, reported that an inventor from Minneapolis named Ira C.C. Rine-
hart was able to come up with a Walking Machine that relied on wheels places
underneath the feet of the user to take longer strides than a pedestrian (St. Paul

Daily Globe 1889).

In the following years, and throughout the first half of the 20" century, many
other patents were granted for similar devices (Skorzewski 1904; Kelley 1919;
Cobb 1935). In 1942, Italian inventor Pietro Filippi patented a knee orthotic
device that could be controlled by the means of a hydraulic system (Filippi 1942).
Operation of the orthosis could be achieved through a tension fixation to the torso
of the wearer, in a way that either deliberate or natural movements (for example
when trying to regain balance) allowed for the blocking and release of the knee
joint. Later, in a 1951 patent, American inventor John Murphy claimed a passive
orthotic brace that could adapt to the gait phase, and rely on a spring mechanism
to automatically activate or deactivate walking motions of the legs based on weight
shifts of the wearer (Murphy 1951). However, it remains unclear whether any of
these inventions were ever really made.

Similar powered orthotic (and prosthetic) structures for the upper body and
arms were also investigated in the late 1950s and early 1960s. Reswick and
Vodovnik drew a comprehensive review where many examples from different re-
search teams were presented, many of which already made use of electrical ac-
tuation, and some even used electromyography (EMG) signals as control inputs
(Reswick et al. 1967). Two notable examples of such devices are the Case Re-
search Arms Aid-Mark I & IT and the Rancho Los Amigos Hospital Electric Arm
Systems, both of which are further described by Reswick (1972).

In the early 1960s, Zaroodny, a researcher from the U.S. Army Exterior Bal-
listics Laboratory, published a report about his work on a strength-augmentation
device for able-bodied users, and reportedly built a 3 Degrees of Freedom (DoFs)
pneumatically powered prototype (Dollar et al. 2008). During the same time,
the Cornell Aeronautical Laboratory (Buffalo, NY, USA) was sponsored by the
Office of Naval Research of the Department of the Navy to develop a wearable
full-body powered exoskeleton for strength and endurance amplification (Mizen
1963). While the full powered structure, dubbed the Man Amplifier, was never
actually built, a preliminary unpowered concept was tested to assess the feasibility
of wearing an exoskeleton, and its effects on human ranges of motion and dynamic
responses (Mizen 1964). The work eventually led to a patent, filed in 1966 and
granted in 1969 (Mizen 1969).

However, the first occurrence of a fully-powered whole-body exoskeletal struc-
ture was developed between 1965 and 1971 by the General Electric Company



LLEs and the challenges of motor intention

(No Model.) 4 Sheets—8heet 1.

N. YAGN. (No Model.) N. TAGN 2 Sheets—Shoet 1.

APPARATUS 10 PAOILITATE WALPKISG At!“; ?]UI;NH;G.ISSQ APPARATUS FOR PAUILITATIN}} WALKliIG, RUNNING, AND JUMPING,

No. 406,328: atentod July & 1855 No. 420,178, Patented Jan. 28, 1890.
1 e ¢ -\

(Mo Model.) . 4 Sheets—Sheot 2. (Xo Model.) 2 Sheets—Sheet, 1.
N. YAGN. N. YAGN.

APPARATUS FOR FACILITATING WALKING, RUNNING, AND JUMPING. APPARATUS FOR FACILITATING WALKING, RUNNING, AND JUMPING.

No. 420,179, Patented Jan. 28, 1890, No. 440,684. Patented Nov, 18, 1890.

2

cietes Sagee

Hbborney :

FiGURE 1.1: Drawings from Nicholas Yagn’s patents of mutiple devices for
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(Boston, MA, USA), under a joint sponsorship between the US Army and the US
Navy (Mosher 1967; Fick et al. 1971). The powered exoskeleton, called Hardiman,
was mainly designed for military and industrial applications. It weighed approx-
imately 680 kg and consisted in 30 powered joints actuated by electrohydraulic
servos and hydromechanial actuators (see figure 1.2.A). It was able to support its
own weight, and lift additional loads up to 680 kg. However, while the arm subsys-
tems were effectively functional, the leg system only achieved limited performance.
Nevertheless, the Hardiman project was a key turnpoint in the development of
powered exoskeletons, and allowed for several technological breakthroughs that
critically advanced the state-of-the-art in the exoskeleton field.

Around the same time, a research team led by Vukobratovi¢ at the Mihailo
Pupin Institute (Belgrade, fromer Yugoslavia) worked on the first lower-limb ex-
oskeletal devices for the assistance of impaired patients (Vukobratovié¢ et al. 1990).
The project started in 1967 with the development of a passive measuring struc-
ture to assess the kinematic characteristics of human gait, closely followed by a
hydrolically powered system to model the human legs. In 1969, the research team
developed a kinematic walker with passive ankles, and hips and knees actuated
by pneumatic cylinders. The device was constrained to the sagittal (or longitu-
dinal) plane, and was tested by unimpaired participants. The first trials with
patients later took place in 1971, first with a partial exoskeleton, and then with
a complete device, both of which were equipped with active ankles, as well as an
additional degree of freedom at the hip level to allow for trunk rotations in the
frontal plane. These two exoskeletons still relied on pneumatic actuation, and the
patients needed to use crutches or rolling aids to achieve walking. The complete
exoskeleton can be seen in figure 1.2.B. Starting from 1974, the research team
switched to the use of electromechanical drives, and in the later years, focused its
efforts on the development of a modular electrically powered orthosis.

At the beginning of the 1970s, Seireg and Grundman also worked on an ex-
oskeletal device for paraplegic patients at the University of Wisconsin (USA) (Dol-
lar et al. 2008; Viteckova et al. 2013). The exoskeleton was powered with hydraulic
power units, and its joints were programmed to follow pre-recorded trajectories
from an able-bodied person. It also implemented sitting and standing motions, as
well as climbing up and down stairs. While testing with a paraplegic patient might
not have been conducted, it is reported that an unimpaired individual succeeded
in operating it, with the help of crutches.

While the development of many exoskeletons presented in this section was
greatly impeded by the technological maturity at the time, and could not reach
stages advanced enough as to become truly effective devices, the many research
teams involved in these projects demonstrated the feasibility of equipping the
human body with a powered external structure for either strength augmentation
or medical assistance and rehabilitation. Their investigations addressed many
fundamental difficulties inherent to the development of exoskeletal devices, such
as control systems, body-machine interfacing, portable power supplies, or sensing
capabilities. Their work undoubtedly enriched the state-of-the-art for the field,
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FiGURE 1.2: A. The Hardiman exoskeleton by the General Electric Com-
pany (Makinson 1971). B. Complete exoskeleton by Vukobratovic’s research
team (Vukobratovié et al. 1990).

and paved the way towards more effective and technologically mature devices in
the following years.

1.1.2 Lower-limb exoskeletons: design aspects and applica-
tions

Lower-limb exoskeletons (LLEs) are one particular category of exoskeletal devices
that specifically target the lower body. They can also be seen as a specific type of
bipedal robot, with added complexity emerging from the coupling dynamics be-
tween the user and the device. In the recent years, great improvements were made
that allowed for the design of LLEs with better capabilities. While many chal-
lenges still remain, advances in such fields as robotics, computer technology, pro-
cessing techniques, and hardware components and electronics, have accompanied
the emergence of exoskeletons from various research teams and industrials. They
can be active or passive, and mainly fall into one of three application categories:
augmentation devices for military or industrial purposes, assistive exoskeletons for
the compensation of physical weaknesses or mobility loss, and rehabilitation ex-
oskeletons for gait training and recovery (Viteckova et al. 2013; Chen et al. 2016;
Young et al. 2017; Lee et al. 2020). In the following sections, only active devices
will be considered.
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1.1.2.1 General design considerations for the development of active
lower-limb exoskeletons

The main design considerations for the development of lower-limb exoskeletons
revolve around the following aspects (Aliman et al. 2017; Young et al. 2017):

Actuation type Actuation plays a major role in the design of exoskeletons and
active orthoses, as all other parts and mechanisms of such devices are usually de-
signed according to the choice of actuators. Huo et al. (2016) presented four main
actuation designs that can be chosen for LLEs : hydraulic or pneumatic actuators,
electrical actuators, Series Elastic Actuators (SEAs), and artificial pneumatic mus-
cles. The first provide high ratio of power to weight, which is why they are mainly
used in augmentation exoskeletons. The second are heavier but more power effi-
cient during walking, and are a good choice for gait assistance devices, for which
size requirements of motors are less important than for heavy lifting exoskele-
tons. SEAs allow for shock tolerance, lower reflected inertia, accurate stable force
control, and energy storage. Finally, pneumatic muscles can be used in antago-
nistic form, have a very good power to weight ratio, are relatively light, and are
inherently compliant; however, control methods become more complex.

Degrees of freedom Lower-limb exoskeletons are designed to be as anthropo-
morphic as possible, and target the hip, knee, and ankle joints. The hip can cover
up to 3 DoFs (flexion/extension, abduction/adduction, internal/external rotation),
the knee joint can cover up to 2 DoFs (flexion/extension and internal /external ro-
tation), and the ankle joint can cover up to 3 DoFs (dorsiflexar/plantar flexion,
abduction/adduction, and internal/external rotation). While full devices encom-
pass all three joints, partial LLEs can specifically target a subset of one or two.
The total number of DoFs, as well as the number of actuated DoFs and passive
ones, entirely depend on the performance that must be achieved, and the end
application of the device.

Control strategy Yan et al. (2015) identified seven main control strategies
implemented by full lower-limb exoskeletons, depending on their end application:

e Sensitivity amplification, which is usually based on inverse dynamics models.
This strategy is mainly used for force augmentation exoskeletons.

e Predefined gait trajectory control, which is usually implemented in assistive
exoskeletons used by subjects that suffer from partial or full loss of voluntary
movements. The replayed trajectory can either be recorded from unimpaired
individuals, or computed from gait analyses data.

e Model-based control, where a human-exoskeleton model is developed based
on methods such as gravity compensation, or others. This strategy heavily
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relies on sensory information to derive kinematics and dynamics data. Ex-
oskeletons and orthoses falling into this category can be used for different
purposes.

e Adaptive oscillators-based control, which was initially developed to synchro-
nize with the instantaneous frequency and phase of periodic inputs. It was
then extended to the field of robotics for multiple purposes, and was re-
cently used to capture periodic features of walking or cyclic rehabilitation
exercises. A major drawback of this type of control is that it is strongly
dependant on the capacity of subjects to deliver periodic and stable signals
during locomotion-related activities.

e Fuzzy control, which aims at implementing an intuitive knowledge about the
handling of a physical system.

e Predefined action based on gait pattern, which provides assistance based on
the activation of elements such as passive springs or pneumatic cylinders
depending on the expected gait events.

e Hybrid assistive strategies can be achieved by combining different assistive
strategies.

Additional considerations Additional design aspects should also be taken into
account when working on the development of LLEs, such as the power transmission
methods, the power autonomy, the integrated sensors, and the materials used.

Note that it is also important to be able to assess the performance of exoskele-
tons based on the physiological effects on the patients and users, rather than just
focus on the mechanical design and control strategies. In particular, metabolic
cost, gait biomechanics and muscular activity are three main categories of assess-
ment types that researchers can focus on, and keep in mind when working on
LLEs (Huo et al. 2016).

1.1.2.2 Augmentation LLEs for military and industrial applications

In many military and industrial applications, the exoskeletal structure is used to
enhance the physical capabilities and endurance of able-bodied users. It mainly
relies on sensitivity amplification control algorithms and the transfer of loading
weight to the ground to help manipulating or lifting heavy objects and tools while
walking.

One notorious example is that of the Berkeley Lower Extremity Exoskeleton
(BLEEX, see figure 1.3.A), which was developed for heavy load carrying, and was
part of a funding initiative by the Defense Advanced Research Project Agency
(DARPA). It was equipped with seven Degrees of Freedom (DoFs) per leg, four
of which were actuated by linear hydraulic actuators (Zoss et al. 2005). It could
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walk at an average speed of 1.3 m/s, and carry 34 kg. The weight of the mechan-
ical structure, as well as the carrying load, could be transferred to the ground
through the exoskeleton frame. Its control relied on an inverse dynamics model
of the system, used as a positive feedback controller to achieve sensitivity ampli-
fication (Kazerooni et al. 2005). The research team responsible for BLEEX was
led by Professor Kazerooni at the Berkeley Robotics & Human Engineering Lab-
oratory, and their work led to the Berkeley ExoWorks spin-off company in 2005.
The company worked on many other exoskeleton projects, such as ExoHiker, Fxo-
Climber, and the Human Universal Load Carrier (HULC), all three of which were
intended for military use (Kazerooni 2021). The latter has been part of a licensing
agreement with Lockheed Martin (Bethesda, MD) to be further developed. How-
ever, although it was reportedly tested by the army, it was never brought to the
field (Army Technology 2021a). In 2007, Berkeley ExoWorks changed its name to
Berekeley Bionics, and then again to Ekso Bionics in 2011, and has since shifted
its focus towards medical exoskeletons and upper-body structures for industrial
applications (Ekso Bionics 2021).

BERKELEY LOWER EXTREMITY EXOSKELETON, 2004

FIGURE 1.3: Augmentation exoskeletons for military and industrial applica-
tions: A. BLEEX by the Berkeley Robotics & Human Engineering Laboratory.
B. HAL by Cyberdyne.

Sarcos (Salt Lake City, UT) is another company that benefited from the
DARPA programme, and developed a full-body exoskeletal suit for military pur-
poses. The device has later evolved as the XOS and XOS 2 exoskeletons after it
has been acquired by Raytheon (Waltham, MA) (Army Technology 2021b).

In Japan, the work on the Hybrid Assistive Limb (HAL) exoskeleton series
at the University of Tsukuba started out as early as 1992 (Sankai 2010). The
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Cyberdyne company was then created as a university venture in 2004 to continue
working on the development of the HAL systems for both medical and power
augmentation purposes (Cyberdyne 2021a). The HAL-5 exoskeleton in figure 1.3.B
was designed in 2005, and was equipped with a total of six DoFs to provide motion
in the sagittal plane and augment power and endurance of able-bodied users.
Today, Cyberdyne’s non-medical device has been renamed HAL for Well-Being,
and targeted at users who have difficulties standing, sitting and walking, without
suffering from a serious lower-limb impairment.

1.1.2.3 Medical exoskeletons for assistance

Medical assistive exoskeletons can be used by impaired patients or people suffering
from physical weaknesses. Notably, many devices in this category are directed to-
wards patients suffering from Spinal Cord Injury (SCI). The most common causes
for SCI are traumatic, with a particularly high prevalence of falls and motorized
vehicle accidents (Kang et al. 2017). The World Health Organization (2021) esti-
mates that between 250,000 and 500,000 people are affected by SCI in the world
each year, with highly varying incidence numbers, ranging from 13 to 220 million
people per year depending on the geographical region (Kumar et al. 2018). The
severity and symptoms of SCI highly depend on the level of injury, and can encom-
pass partial or total loss of motor and sensory functions of the limbs and body,
as well as chronic pain, and the possible dysfunction of multiple organs (Kang
et al. 2017; World Health Organization 2021). In the case of paraplegia, the in-
jury specifically affects the lower extremities, and can cause complete paralysis
of the limbs. In this context, assistive LLEs aim at restoring lower-limb mobility
and perform ambulatory tasks such as walking or climbing stairs. In most cases,
the performed movements follow predefined trajectories that have been generated
offline.

In Japan, Cyberdyne was one of the precursor companies to work on the
development of medical LLEs, by adapting its HAL exoskeleton to be used by
impaired patients for walking (Kawamoto et al. 2003; Suzuki et al. 2005), as well
as performing sitting and standing motions (Tsukahara et al. 2010). The company
now sells its device under the name HAL for Medical Use, which has obtained the
CE marking in Europe as a robotic medical device (Cyberdyne 2021b).

Many other LLEs in this category are also developed by industrials, and are
already available on the market. Gardner et al. (2017) compared the capabilities
of four devices:

e REX, developed by the REX Bionics company in New Zealand (REX Bionics
2021);

e EksoGT (formerly known as eLegs and now evolved as EksoNR) developed
by Ekso Bionics (Strausser et al. 2011; Kolakowsky-Hayner 2013; Ekso Bion-
ics 2021);
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FIGURE 1.4: Medical exoskeletons for assistance: A. REX by REX Bionics. B.
ReWalk Personal 6.0 by ReWalk Robotics Ltd. C. EksoNR by Ekso Bionics. D.
Indego by Parker Hanifin. E. Atalante by Wandercraft.
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e ReWalk (now known as the ReWalk Personal 6.0) developed by ReWalk
Robotics Ltd. and originally designed in Israél (Esquenazi et al. 2012; Zeilig
et al. 2012; ReWalk Robotics Ltd. 2021);

e Indego, first designed at Vanderbilt University and now developed by the
Parker Hanifin Corporation in the US (Farris et al. 2011; Quintero et al.
2011; Parker Hanifin Corporation 2021).

In particular, REX was one of the first commercially-available exoskeletons. It
features five DoFs par leg, and weighs 38 kg. It is a self-supporting statically stabi-
lized device, which makes it possible for patients to use without needing crutches or
an external walking aid. However, this comes at the price of a slow walking speed
(=~ 0.05 m/s), and an unnatural and stereotyped gait pattern (Barbareschi et al.
2015). While the former can be problematic for daily use, the latter is acceptable
for an assistive technology aimed at patients who cannot retrieve their lower-limb
mobility function. On the contrary, the other three exoskeletons all rely on the use
of crutches to stabilize the patient during walk and other gait-related movements.
While this allows for higher speeds and lower device weights, it makes it impossi-
ble for the patients to freely use their arms and accomplish other tasks. All four
devices have been CE marked, and all but REX have received FDA clearance for
US commercialization.

In 2018, the Atalante exoskeleton from the French company Wandercraft was
the first dynamically stable device to obtain CE marking in Europe as a medical
device for the assistance of paraplegic patients. The feedback control algorithms
implemented on this exoskeleton rely on the optimal control framework, making it
possible to achieve crutchless dynamic gait (Gurriet et al. 2018; Harib et al. 2018).
This device was used as the dedicated platform for the work developed during this
thesis, and more details on its description and design can be found in chapter 2.

Other assistive LLEs are under development by industrial companies or aca-
demic research teams. These include Keeogo by B-TEMIA (Bouyer et al. 2014;
Mcleod et al. 2019; B-TEMIA 2021), Quix (formerly known as Mina) by the In-
stitute for Human and Machine Cognition (Kwa et al. 2009; Griffin et al. 2017),
MINDWALKER (Gancet et al. 2012; S. Wang et al. 2015), and Arke by Bionik
Laboratories Corp. (2017).

1.1.2.4 Medical exoskeletons for rehabilitation

Another category of medical exoskeletons aims at providing assistance with the
rehabilitation of patients who suffer from mobility disorders, which is traditionally
performed by physiotherapists. Patients — such as stroke survivors, or people with
partial loss of motor control due to neurological impairments — can be trained to
regain mobility by repeating specific movements with the assistance of an exoskele-
ton, and taking advantage of the neuroplasticity of the brain (Cramer et al. 2008;
Dietz et al. 2013). Usually, the level of assistance can be tuned, and is gradually
lowered until the patient correctly recovers from their impairment.



1.1. Lower-limb exoskeletons 17

The treadmill-based Lokomat orthosis developed by Hocoma in Switzerland is
undoubtedly one of the best-known devices in this category (Riener et al. 2010).
Initially known as the Driven Gait Orthosis (DGO), it was designed by the Spinal
Cord Injury Center of the University Hospital Balgrist in Zurich starting from
1995 (Colombo et al. 2000). It is equipped with four actuated joints at the hip and
knee levels, and is attached to a body-weight support system (Lokolift) that pas-
sively allows vertical translations. The ankles are supported by passive foot lifters,
and the overall movement of the device is constrained to the sagittal plane. The
first control strategy implemented by Lokomat relied on a conventional position
PD controller that didn’t allow for deviations from the predefined gait trajectories.
However, the importance of variability and assisting movements as needed to en-
hance motor coordination and function was demonstrated by Lewek et al. (2009),
which pushed towards the development of a path controller based on impedance
control (Duschau-Wicke et al. 2010). The device can be seen in figure 1.5.

FIGURE 1.5: A patient during a rehabilitation exercise using the Lokomat de-
vice.

Other treadmill-based exoskeletons include ALEX (Banala et al. 2008; Zanotto
et al. 2013) and LOPES (Veneman et al. 2007). However, these devices strongly
focus on gait training in the walking plane, with no possibility of performing other
movements such as standing or sitting. Additionally, the constraints of using
a treadmill and a body-weight support system make it difficult to achieve true
ambulation in varying environments, even though Virtual Reality (VR) settings
can be used for increased feedback and motivation (Liinenburger et al. 2007).
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In this context, most of the industrials responsible for the assistive medical
LLEs mentionned in 1.1.2.3 have worked on the integration of rehabilitation capa-
bilities to their existing devices. Some have even made it their primary targetted
application, such as Ekso Bionics, who describes its EksoNR device as “a robotic
exoskeleton specifically designed to be used in a rehabilitation setting to progress
neurorehab patients so they can walk out of the device and back into their com-
munities” (Ekso Bionics 2021), and the REX Bionics company, who seems to have
completely dropped the development of an assistive device to solely focuses on
rehabilitation.

Detecting the user’s intentions in medical

LLEs: existing solutions.

1.2.1 Control framework of medical LLEs

All the exoskeletons presented in the previous section greatly differ in terms of
their design aspects and control algorithms, which are strongly dependant on the
targeted application. In particular, it was shown that they can rely on different
actuation methods and sensor technologies, may cover different degrees of freedom,
and implement various control algorithms. These are all important considerations
that must be taken into account for the development of exoskeletal systems that
seamlessly extend the users’ capabilities, and can be perceived as integrated parts
of their bodies (Seymour 1998). However, one additional key challenge to achieve
such an integration is to provide correct interfacing with the users’ sensory-motor
control system and to properly convey movement intentions through natural and
intuitive control strategies — espcially for full medical lower-limb exoskeletons,
which are going to be the main focus in all the following sections of this work.

Tucker et al. (2015) proposed a generalized control framework that describes
the interactions between the user, the medical orthotic device, and the environ-
ment, and their interfacing with a multi-level hierarchical controller. The latter
is composed of three layers: a high level controller that estimates the user intent
(perception layer), a mid level controller that maps it to a desired device output
(translation layer), and a low level controller that implements device-specific con-
trols through error calculation (execution layer). This is summarized in Fig.1.6,
reproduced from Tucker et al. (2015).

The high-level and mid-level controllers can sometimes be referred to as the
Human-Machine Interface (HMI), or the Body-Machine Interface (BMI). A BMI
is presented by Casadio et al. (2012) as a means for interfacing the human body
with external devices, and is especially apropriate in assistive and rehabilitation
settings. A typical BMI will map the body signals into specific commands for
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FIGURE 1.6: Generalized control framework for active lower-limb prostheses
and orthoses as proposed by Tucker et al. (2015)

controlling a machine. In this context, specific BMI control policies have to be built
as intuitive and easy mechanisms to provide for a naturalistic interface between
body signals and the control signals for the machine. Such policies can be either
discrete or continuous, and some systems can even integrate both control classes.
Sensory feedback (usually vision, audio cues, proprioception, etc.) is important
to close the control loop and have a better grasp of how to control the machine
and effectively use the interface. In the case of LLEs, the movements of the device

based on the desired intention can already be considered as an appropriate form
of feedback.

Medical lower-limb exoskeletons often implement different gait or activity
modes, usually as part of a Finite State Machine (FSM). A FSM consists in a
finite number of states through which a machine can navigate, based on prede-
termined transitions that require specific sets of inputs (J. Wang et al. 2019). In
the context of LLEs, it is through the high level layer that the user can switch
from one state to another. In some cases, one activity mode can also be divided
into a subset of modes, which require additional inputs from the user to operate
properly (for example, switching from one leg to the other during walk). The
low level layer ultimately takes over, and makes the robot perform a given set of
movements corresponding to the recognized mode. Intention detection therefore
faces two main challenges:

e The correct detection of transitions between modes, to avoid wrong activity
mode detection and unwanted exoskeleton movements;
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e The seamless integration of the perception layer to the user’s sensory-motor
control system, to make the control interface intuitive and allow for smooth
transitions.

1.2.2 The different input modalities to the high-level con-
troller

To correctly achieve its purpose, the high level controller relies on one or multiple
types of inputs, which can be mapped to a specific intent from the user. In existing
solutions, these can be either discrete switching inputs, electrophysiological signals,
or kinematic and interaction signals (Pons 2008; Novak et al. 2015; Tucker et al.
2015; Chen et al. 2016; Huo et al. 2016).

1.2.2.1 Discrete switching inputs

The most straightforward type of input is that of discrete switches. Its ease of
implementation and great robustness and reliability make it the method of choice
for industrial exoskeletons already available on the market. It simply maps a set
of discrete switches (usually tactile, such as buttons on a remote controller) to
desired states of the LLE.

It is the case of the Mina v2 exoskeleton from IHMC, which is equipped with a
computer screen, a thumb joystick, and a momentary switch (Griffin et al. 2017).
These are directly mounted on the right crutch, and allow to switch between
different activity modes (using the joystick) and trigger movements (using the
switch).

For some devices, discrete switching inputs are the only available high level
control modality, as is the case for REX, which relies on a joystick controller (Schiitz
2012). However, in a number of LLEs, they are used for global transitions (e.g.
from sit to stand, or stand to walk), while other methods are used as a play trigger
or for finer control: Ekso Bionics exoskeletons use external buttons or switches on
a walking aid (Molteni et al. 2017), ReWalk relies on a wrist pad controller (Es-
quenazi et al. 2012), the Atalante exoskeleton comes with a remote controller for
the patient, and additional buttons on the device to be used by a physiotherapist.

Another type of discrete switching input is that of voice control, which is less
common. In a preliminary evaluation of the Vanderbilt exoskeleton, which later
became Indego, Farris et al. (2011) asked a paraplegic participant to switch be-
tween different states of the device by issuing voice commands. An operator would
then enter the command into a host computer to enable the transition. While this
is obviously not adapted outside of an experimental setup, recent developments
in voice recognition algorithms may provide for automated voice-based switch-
ing commands for LLEs. Bionik Laboratories Corp. (2017) recently announced a
partnership with Amazon to integrate the Alexa voice-based ecosystem into their
Arke exoskeleton.
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Exoskeleton name Discrete switch- Reference
ing input
Mina v2 Joystick, screen Griffin et al. (2017)
and switch but-
ton mounted on
crutch
Twiice Crutch remote Vouga et al. (2017)
Ekso External buttons Molteni et al. (2017)
or buttons on
walking aid
ReWalk Wrist pad con- Esquenazi et al. (2012)
troller
Rex Joystick con- Schiitz (2012)
troller
Arke Computer tablet Lemaire et al. (2017)
and voice control Bionik Laboratories Corp. (2017)
MINDWALKER Pushbutton in- S. Wang et al. (2015)
terface
Auto-LEE Joystick con- He et al. (2019)

Vanderbilt exoskeleton

Atalante

troller
Voice commands

User remote and
physio buttons

Farris et al. (2011)
N/A

TABLE 1.1: List of exoskeletons with discrete switching inputs

Table 1.1 presents a list of exoskeletons that use switching inputs as a high-
level control modality.

1.2.2.2 Electrophysiological signals

Numerous studies have focused on the use of electrophysiological signals to de-
code human motor intentions and provide an external device with input control
signals. These are mainly electromyograms — EMGs — or electroencephalograms
— EEGs (Lobo-Prat et al. 2014; Benabid et al. 2019; Xu et al. 2019). EMG sig-
nals correspond to the electrical activity produced by the muscles as a response
to the arriving peripheral nerve signals , and can be recorded using non-invasive
techniques such as surface electromyography, based on electrodes placed on the
skin (Tucker et al. 2015). Similarly, EEG signals correspond to the electrical ac-
tivity of the brain, and are usually recorded by a non-invasive array of surface
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electrodes placed directly on the scalp through a skull cap (Millan et al. 2010;
Tucker et al. 2015). Such electrophysiological signals can serve as a control input
for the detection of intentions in medical lower-limb exoskeletons. Note however
that the EMG control modality cannot be targeted at people who suffer from to-
tal paralysis of the lower extremities, and necessitate that at least some residual
motor capabilities are still available.

The HAL exoskeleton series from Cyberdyne implemented EMG-based user
control very early on (Kawamoto et al. 2003): a feedback loop based on EMG
signals could be used used during walking to modulate the level of assistance
provided by the device during the different phases of gait.

Tariq et al. (2018) reviewed the potentials of using Brain-Computer Interfaces
(BCI) based on EEG data for the control of LLEs. One example is the MIND-
WALKER project, funded by the European Commission through the e-Inclusion
programme — aiming at the improvement of inclusion of European individuals with
lower-limb impairments. This work revolved around the use of a non-invasive BCI
for the development of a crutchless assistive exoskeleton, which could be coupled
with additional EMG signals from the arms (Gancet et al. 2012). He et al. (2019)
also proposed to use EMG and EEG signals to detect user intention in their Auto-
LEE exoskeleton, but no experiments relying on this control scheme seem to have
been conducted yet.

Another take at using EEG for decoding user intentions in a lower-limb ex-
oskeletal device was made by Kilicarslan et al. (2013) at the University of Houston,
TX. They implemented a Gaussian Mixture Model classification scheme to con-
trol the REX exoskeleton (renamed NeuroRex during this project) based on EEG
inputs.

A summary of devices that rely on detecting the user intent based on electro-
physiological signals can be seen in table 1.2.

Exoskeleton name Biophysiological signal Reference

HAL EMG Kawamoto et al. (2003)
MINDWALKER  EEG and complementary EMG Gancet et al. (2012)
Auto-LEE EEG and EMG He et al. (2019)
NeuroRex EEG Kilicarslan et al. (2013)

TABLE 1.2: List of exoskeletons with eloctrophysiological signals as inputs
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1.2.2.3 Kinematics and interaction signals

Lower-limb exoskeletons can also rely on kinematics or interaction signals derived
from sensors such as Inertial Motion Units (IMUs) or force sensors to detect the
user intent. Values from such sensors can be used directly, or to provide estimates
of the displacement of the Center of Mass of the body (CoM), the Center of Gravity
(CoG, usually defined as the horizontal projection of the CoM), or the Center of
Pressure of the feet (CoP, defined as the centroid of the ground reaction forces
on the feet). In most cases, devices in this category implement this modality in
conjunction with discrete input switches, for either finer control during specific
events (such as taking additional steps during walk), or for triggering movements
after an activity mode has been selected.

Suzuki et al. (2005) worked on a step detection method for HAL based on
either floor reaction forces (for patients with residual lower-limb motor control),
or on the torso angle in the frontal plane (for paralyzed patients). In both cases,
threshold values on the sensor data were used to detect the onset of the following
step. However, the patients strongly relied on the use of a walking aid to be able
to lean sideways. Similar methods with multiple conditions on the hip angle, the
floor reaction forces, and the displacement of the CoP were used to detect the
intentions of standing and sitting with HAL (Tsukahara et al. 2010).

Many other crutch-based exoskeletons rely on the detection of leaning motions
to control individual steps by the direct measurement of a torso angle: ReWalk
takes its steps based on a tilt sensor (Esquenazi et al. 2012), and the Arke de-
vice relies on onboard sensors that detect side-to-side movements (Lemaire et al.
2017). Some other LLEs rather rely on the estimation of the projection of the
CoM on the floor. Its location can be modulated by upper body movements, and
then compared to the position of the feet to decide whether or not a new step
should be taken. This estimation is provided by computing the orientation of the
exoskeletal segments (using IMUs or potentiometers), and the orientation of the
torso. Indego (Quintero et al. 2011) and MINDWALKER (S. Wang et al. 2015)
have both implemented this control method, and the former also used it to detect
the transitions between its different activity modes, based on different criteria that
relied on the robot joint configurations and the pose of the user. This approach
takes advantage of the use of crutches, which enable the patient to better use the
orientation of their upper-body to control their CoM.

Strausser et al. (2011) developed an intent detection method based on the use
of crutches for elegs, the predecessor of Ekso. IMUs placed on the arms were used
to derive the orientation of arms and crutches relative to the body. A threshold
value was used to detect when a crutch was swung far in front of the body, meaning
that the patient intended to take a step forward. The crutches were additionally
equipped with force sensors to make sure that they were both firmly pressed on
the ground before initiating any movement of the exoskeleton.

The WPAL exoskeleton by Kagawa et al. (2009) also relied on sensors embed-
ded in an external walker. Accelerometers were used to determine the distance
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at which the walker was moved, and derive appropriate joint controls so that the
stride length was equal to the estimated distance. The actual steps were triggered
based on lateral weight shifts using foot pressure sensors attached to the foot soles
of the device.

Another way of relying on interaction forces with an exoskeletal device has
been developed by Kong et al. (2006) for the EXPOS exoskeleton. The device
was used in conjunction with a caster walker, and the attaching thigh braces were
equipped with air bladders and pressure sensors. The device was mainly aimed at
individuals with residual motor capabilities, such that muscle contractions of the
thighs could induce a pressure change in the air bladders, and be used to derive
appropriate troque controls for the exoskeleton.

Lastly, the Atalante exoskeleton from Wandercraft relies on an IMU sensor
placed on the back of the patient to trigger specific movements of the robot after
a transition has been selected through the remote controller. For example, starting
gait from a standstill position first requires the patient to select the walking mode
on the remote, and then to lean forwards to actually start walking after a tilt
threshold has been reached. The exoskeleton then initiates gait, and does not stop
until the patient or a physiotherapist has pushed on the stopping button. More
details can be found in chapter 2. Additionally, since Atalante is dynamically
stable, it does not need to be used in conjunction with crutches or a walking
aid. Therefore, controlling individual steps based on weight shifts initiated by the
upper-body can be more difficult for paralyzed patients without being externally
stabilized.

Table 1.3 shows a list of the reviewed LLEs which rely on kinematics and
interaction signals for the detection of user intention.

1.2.2.4 Drawbacks of these modalities

Figure 1.7 shows a summarized list of exoskeletons using the three input modal-
ities presented above. While these are the most common inputs for high-level
controllers in current LLEs, none do simultaneously satisfy both requirements of
robustness against false transitions, and the seamless integration to the user’s
sensory-motor control system for intuitiveness of use.

The main drawback of the switching input modality is that it suffers from a
lack of integration to the overall system, and requires the user to manually navigate
between the different possible states of an exoskeleton. While it effectively avoids
the triggering of unwanted activity modes, it usually requires a handheld external
device, which the user needs to learn how to use. In some cases (for example
when many different modes are available), this can prove as an extra cognitive
burden. Most importantly, discrete switching inputs prevent any form of natural
or intuitive control.
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Exoskeleton name Kinematics / interaction signal Reference
HAL Floor Reaction Force for pa- Suzuki et al. (2005)
tients with residual lower-limb Tsukahara et al. (2010)

mobility, torso angle in the lat-
eral plane for other patients.
Similar methods for sitting and

standing.
Ekso Arm IMUs and force sensors on Strausser et al. (2011)
crutches
ReWalk Tilt sensor to trigger the steps Esquenazi et al. (2012)
Indego CoP estimation based on mul- Quintero et al. (2011)

tiple angle measurements, using
accelerometers and potentiome-
ters

MINDWALKER  CoM estimation to trigger S. Wang et al. (2015)
steps using IMUs

WPAL Acceleration sensors on a Kagawa et al. (2009)
walker, and pressure sensors
underneath the feet control in-
dividual steps by weight shift-
ing

EXPOS Pressure sensors around the Kong et al. (2006)
muscles

Arke Onboard sensors to detect lean- Lemaire et al. (2017)
ing motions

Atalante IMU on the back as a play trig- N/A
ger

TABLE 1.3: List of exoskeletons with kinematics or interaction signals as inputs

On the contrary, electrophysiological signals are natural signals that can give
direct information on the user’s intent. But their variability and the lack of robust-
ness of the decoding schemes make it difficult to apply such methods in an uncon-
trolled setting, and outside of experimental setups (Wolpaw et al. 2012; Castellini
et al. 2014). In particular, the sensors used to capture such signals make it diffi-
cult to adapt them to real-world settings (Tucker et al. 2015): to properly measure
EMG signals, electrodes have to be correctly calibrated and placed over the skin,
and nevertheless remain sensitive to cross-talk from neighbouring muscles, or mo-
tion artifacts. Similarly, EEG signals require an electrode-embedded cap that can
be difficult to calibrate and properly put on, while remaining susceptible to noise
from electrical devices and motion artifacts. They also require long and multiple
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EEG

MINDWALKER | Gancet et al. (2012)
Auto-LEE | He et al. (2019)
NeuroRex ‘ Kilikarslan et al. (2013)

HAL | Suzuki et al. (2005)

Ekso I Strausser et al. (2011)

ReWalk ‘ Esquenazi et al. (2012)
Indego ‘ Quintero et al. (2011)
MINDWALKER | Wang et al. (2012)
WPAL ‘ Kagawa et al. (2009)

Arke | Lemaire et al. (2017)

Atalante | N/A

Voice
Arke ‘ Bionik Laboratories Corp (2017)

Buttons

Mina v2 ‘ Griffin et al. (2017)

EMG

MINDWALKER | Gancet et al. (2012)
Auto-LEE | He et al. (2019)

HAL ‘ Kawamoto et al. (2003)

HAL ‘ Suzuki et al. (2005)
Ekso ‘ Strausser et al. (2011)

\ WPAL | Kagawa et al. (2009)
“) \‘ EXPOS ‘ Kong et al. (2006)
/]

Il Discrete Switching Inputs
I Electrophysiological Signals
Kinematics and Interaction Signals

FIGURE 1.7: List of exoskeletons and corresponding references according to the
different input modalities used for intention detection. Most exoskeletons use
multiple types of inputs in their high-level controller.

training sessions, as well as high levels of concentration from the users, which
might be perceived as extra cognitive burden.

Kinematics or interaction signals can be more robust. However, the common
paradigm currently adopted by exoskeletons that use these types of signals is based
on simple threshold-based approaches that rely on the detection of predefined
movements that need to be learned, such as a high amplitude leaning motion
and upper-body shifts. These usually serve as play triggers (for example, leaning
forwards to start walking), or for fine control of the gait (for example, leaning
laterally to start a step). While removing the need for a handheld external device,
the required predefined movements can feel unnatural, and in most cases still rely
on the use of crutches to help stabilize the upper body when initiating specific
movements. Overall, using kinematics or interaction signals as inputs for intention
detection is promising, but the current methods can be mainly seen as “gestured”
switching inputs.
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Towards more intuitive interfaces for in-
tention detection: using natural body co-
ordination.

1.3.1 Understanding human locomotion

Human locomotion, which involves the musculoskeletal and neural sensory-motor
systems, is controlled by the Central Nervous System (CNS). It is often described
to be a result of the superposition of basic motor patterns, which are hypothetically
issued by the so-called Central Pattern Generator (CPG) network at the spinal
level, and reflex-dependent pathways that are necessary for finer control (Duysens
et al. 1998; Pons et al. 2013). The latter also play an important role in maintaining
balance during locomotor activities and adapting to external perturbations, as
well as integrating afferent sensory feedback from the musculoskeletal system for
further modulation of locomotor patterns (Dietz 2002b). Voluntary control can
also emerge at the supraspinal level, and interact with the CPG (for example
when expecting an obstacle) (Dietz 1997). Additionally, the human body provides
a high level of redundancy, which induces multiple solutions for a given motor
task. This is supposedly solved by the CNS by recruiting low-dimensional muscle
synergies that effectively map motor intentions to actions (Torres-Oviedo et al.
2010). Lastly, there seems to be growing evidence that lower and upper limbs
are neurally coupled during specific tasks, such as walking, which gives rise to
coordinated muscle activities of the arms and legs (Dietz 2002a).

When suffering from an impairment that directly affects one or more levels of
this complex locomotion control loop, the flexibility and redundancy of the muscu-
loskeletal system make it possible to use compensatory strategies to achieve tasks
that were dependent on the lost structures (Tucker et al. 2015). Casadio et al.
(2012) argue that such redundancies can be taken advantage of for building effec-
tive motion-based BMIs that rely on new subsets of movements to interact with
an external device. This strategy can also profit from plasticity, which reassigns
a given action to new motions.

1.3.2 Relying on natural body coordination

In this context, a different approach to building a relevant high-level controller con-
sists in analyzing upper-body movements that can be predictive of specific motor
intentions, or to rely on residual kinematic synergies between different parts of
the body that still exist after an injury. For example, by making use of machine
learning techniques, it can be possible to reverse the adaptation paradigm, and
build more natural control strategies where supervised algorithms can learn from
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naturally exhibited human movements, instead of having the users adapt to prede-
fined control patterns. Such a motion-based BMI would therefore take advantage
of kinematic inputs derived from the upper-body, and recorded through various
wearable sensors, such as Inertial Motion Units.

Similar techniques have already been widely used for IMU-based human activ-
ity recognition, such as walking or running (Bao et al. 2004; Karantonis et al. 2006;
Preece et al. 2009b; Bartlett et al. 2017), but they can also be applied to clas-
sify shorter transitioning predictive movements, such as the intention of initiating
gait, or expressing intentions while walking in a LLE. By building robust predic-
tive classifiers, it would therefore be possible to naturally switch between different
states of an exoskeleton, while preventing false mode recognition positives.

Analysis of body kinematic signals recorded by sensors such as IMUs can also
give more insight into the specificities of movement coordination and patterns,
and give way to heuristic methods where descriptive features of the signals can be
compared to empirical thresholds through a classification architecture.

1.3.3 Objective of the thesis

The main objective of this thesis was therefore to build an intuitive motion-based
Body-Machine Interface to robustly detect movement intentions in a medical
lower-limb exoskeleton, in a way that would feel the most natural possible to
the patient. Importantly, such a BMI should rely on upper-body kinematics de-
rived from sensor recordings to robustly switch between different activity modes
of an exoskeleton, with minimal false positive occurrences, and no use of discrete
switching inputs.

This work was conducted based on the Atalante exoskeleton developed by the
Wandercraft company, upon the hypothesis that patients could still show upper-
body motor capabilities. This means that these investigations were primarily
directed at using the LLE in settings where such patients are involved, but might
be extended to a rehabilitative setting involving patients suffering from other im-
pairments, such as post-stroke hemiplegic individuals. The Atalante exoskeleton,
as well as the main methods and materials used in this work, will be presented in
the next chapter.



Chapter 2

Technical framework for the develop-
ment of a high-level control interface

This chapter presents the technical framework that was used throughout this thesis.
It describes the Atalante exoskeleton, which served as the base exoskeletal platform
for the development of intention detection methods and their implementation as a
unified high-level control interface. All methods were designed to rely on acceler-
ation and angular velocity signals recorded by three Inertial Motion Units placed
on the back and arms of the device users, which in turn served as inputs for a
state-dependent classification architecture. In particular, experimental setups were
designed to investigate three motion intentions: gait initiation, gait termination,
and steering.
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Atalante: a self-balanced assistive lower-
limb exoskeleton for impaired patients.

2.1.1 An overview of the Atalante exoskeleton

The Atalante exoskeleton, shown in figure 2.1, is a full lower-body exoskeletal
device developed by the French company Wandercraft (Wandercraft 2021). It
has received the CE mark in 2019 as a class Ila medical device, and is mainly
targeted for use with paraplegic and stroke patients in rehabilitation centers. To
our knowledge, it is the only crutchless and self-balanced exoskeleton capable of
moving dynamically. This means it can perform a variety of movements, such
as walking, turning in place, or squatting, without ever needing the assistance of
external walking aids. However, a safety tether is used preventively to avoid falls
that might occur in case of imbalance or exoskeleton failure, and the assistance of
a physiotherapist is necessary. A technical description of the robot, as well as its
software capabilities, are provided in the following sections.
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Patient straps

FIGURE 2.1: A. A patient walking in the Atalante exoskeleton during an outside

tetherless test. B. The Atalante exoskeleton and some of its features. The blue

parts indicate the joint actuators. The pink parts indicate the patient straps.
The purple parts indicate the two batteries.
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2.1.2 12 Dofs and no crutches: a technical description of
Atalante

2.1.2.1 The mechanical conception of Atalante

The Atalante exoskeleton weighs 80 kg, and is comprised of 6 electrically powered
Degrees of Freedom (DoFs) per leg, which provide motion in the anatomical planes
as presented in figure 2.2:

e 3 at the hips: flexion/extension in the sagittal (or antero-posterior) plane,
abduction/adduction in the frontal (or medio-lateral) plane, and internal /ex-
ternal rotation in the transverse plane;

e 1 at the knees: flexion/extension in the sagittal plane;

e 2 at the ankles: dorsiflexar/plantar flexion in the sagittal plane, and inver-
sion/eversion around Henke’s axis (Zwipp et al. 1994; Zographos et al. 2001).
In the robot, the latter was defined as an oblique axis in the sagittal plane,
with a 45° orientation around the medio-lateral direction.

Sagittal / Antero-Posterior Transverse Frontal / Medio-Lateral

Top

Bagy
Righ )

Bottom

FIGURE 2.2: The anatomical planes in which the Atalante exoskeleton is actu-
ated: the sagittal or antero-posterior plane, the frontal or medio-lateral plane,
and the transverse plane.

The femur and tibia segments of the exoskeleton are adjustable in size to
accommodate patients with different heights, and its maximum admissible weight
is 90 kg. The robot is powered by two removable batteries placed on the femur
segments. The patient is attached to the exoskeleton with multiple straps at the
foot, knee, and thigh levels, as well as a jacket that is fastened to the robot’s back
structure. A summary of these features can be seen on figure 2.1.B.
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2.1.2.2 The sensing capabilities of Atalante

The Atalante exoskeleton is also equipped with a variety of sensors: encoders
are placed on all 12 actuators, and the feet, tibias, and pelvis of the robot are
embedded with Inertial Measurement Units (IMUs). Together, these sensors allow
the pose of the robot to be estimated in real time. An additional IMU is placed
on the back of the patient jacket, and is used for intention detection as part of the
high-level control interface. Lastly, force sensors are placed underneath the feet to
estimate ground reaction forces and properly switch between the swing and stance
legs during gait-related movements.

2.1.3 From Datagen to Wanderbrain: the software of Ata-
lante

2.1.3.1 Generating trajectories

Atalante relies on predefined trajectories for its gait-related movements, which
are generated based on the optimal control and direct collocation frameworks
described by Gurriet et al. (2018). These trajectories are patient-specific, and
depend on morphological parameters. In rehabilitation centers, physiotherapists
take the patients’ required measurements, and record them in Datagen, a remote
server where trajectory generation is handled. Trajectories can then be locally
downloaded via dedicated software, and uploaded to the robot before a session
starts.

Different types of movements are available on the Atalante exoskeleton, and
all are tailored to fit the patients’ specific measurements:

e Flat-foot walking trajectories, which allow to perform basic robotic-like gait,
where the feet land flat on the floor during walking;

e Foot rolling trajectories (where the feet land with the heel touching the
ground first), which are more anthropomorphic, and try to mimic natural
human walking;

e Side step trajectories, which allow to walk backwards, or take steps towards
the left or right along the medio-lateral direction;

e Sit and stand trajectories;

e In-place turning trajectories, which allow to rotate the robot in place around
the vertical axis.

An additional non-trajectory based exercising mode allows to easily move the
upper parts of the robot while standing, as well as performing a squatting motion.
It relies on the back IMU to derive the orientation of the patient’s upper body,
and to adapt the movements of the exoskeleton.
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2.1.3.2 Controlling the robot

The embedded software system of the Atalante exoskeleton is known as Wander-
brain. It handles all calculations, and implements the control interface of the
robot. The high-level controller, which deals with detecting the user’s intentions,
is described in details in 2.1.4.

The mid-level layer contains different controllers, corresponding to different
states or modes of the robot. These controllers run at either 200 Hz or 1 kHz. They
handle mid-level movement-related variables, joint data, and trajectory tracking.

The low-level controller runs at 1 kHz. It implements PID control over the
actuators, and outputs the necessary currents for each joint.

2.1.4 Detecting the user intent: a brief summary on how to
navigate the Finite State Machine

2.1.4.1 An overview of Atalantes’s Finite State Machine

The different activity modes and transitory states of the Atalante exoskeleton are
handled by a Finite State Machine (FSM). Figure 2.3.A shows the main states
and transitions of the FSM. Transitions between two states can be either button-
enabled, or IMU-enabled. When the exoskeleton is powered on, it is sitting on
a chair in the Installation mode, which allows the patient to climb into it. The
standard or resting mode when the exoskeleton is standing up is the Standstill
state. For movement-related states, the general paradigm adopted by Atalante
is to implement a two-step confirmation before initiating the movement: a tran-
sition state is first activated by pressing the corresponding button (for example,
going into a preparatory state before walking), and an IMU-based confirmation
is then necessary to start the actual movement (for example, leaning forward to
start walking). This paradigm is used for the standing, sitting, walking (in any
direction), and turnaround movements.

In figure 2.3.A, purple boxes represent the preparatory transition states. Solid
arrows represent button-enabled transitions, and dotted arrows represent IMU-
enabled transitions. Some movements can be based on a generic state with specific
modes, such as the Turnaround (or in-place turn), which can be innitiated as a
left (anti-clockwise) or right (clockwise) rotation. When in the Walk state, the
trajectory of the robot can be modulated using a button-based direction controller
to slightly veer to the left or right, without altering the actual gait pattern. Lastly,
the Pause state is accessible at all times from any other state, and freezes the robot
in place with the push of a button. It is also a safety state that is enabled if specific
hardware or software errors occur.
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FIGURE 2.3: A. Finite State Machine of the Atalante exoskeleton. Purple boxes repre-
sent preparatory transition states. Solid blue lines represent button-enabled transitions.
Dotted blue lines represent IMU-enabled transitions. Specific modes of a generic state
(for example, left turnaround) are written under the corresponding boxes. Direction
control is a button-enabled alteration of the Walk state. The Pause state (in red) is
button-enabled, and can be accessed from any other state. B. Hardware control inputs
of the Atalante exoskeleton. The patient is equipped with a remote controller, and a
back IMU for transition confirmation. Additional buttons are available on the robot
for the physiotherapist.
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2.1.4.2 Inputs to the control interface: intention detection methods

As described above, the high-level controller of Atalante relies on two types of
inputs for detecting the user intent: discrete switching inputs, and kinematic
inputs.

The discrete switching inputs are provided by two button interfaces, as shown
in figure 2.3.B: a handheld remote controller for the patient, and buttons embedded
on the side of the robot for the physiotherapist. Essentially, the remote controller
allows the patient to initiate the preparatory states for the standing, walking (in
any direction), and turnaround movements, as well as launch the Exercise state,
control the direction of walking, and return to the Standstill state. Buttons for
the physiotherapist allow to switch between the Install and Sitting states, trigger
the preparatory state for sitting down, and pause the robot.

Intended movements are confirmed based on upper-body shifts, as detected by
an IMU placed on the back of the patient jacket (fastened to the back of the robot
in figure 2.3.B). After having switched to the appropriate preparatory state using
the corresponding button, the patient leans forward to stand, sit, or start walking,
and leans sideways for side steps or turnarounds. More precisely, the pitch and
roll angles are computed based on the complementary filter method as described
by Mahony et al. (2008), and thresholds are set depending on the required state
transition. The IMU also serves as an input for controlling balance and starting
squats in the Exercise state.

An experimental framework for the explo-
' ration of intention detection methods.

2.2.1 A generic experimental procedure for the detection of
walking-related intentions

2.2.1.1 Focusing on three different intentions

As stated in chapter 1, the main objective of this thesis was to build a robust and
intuitive high-level control interface for the detection of intentions in patients with
upper-body motor capabilities. Lower-limb exoskeletons like Atalante mainly aim
at assisting and rehabilitating walking in impaired individuals. Therefore, it was
decided to focus the exploration of intent detection methods on three walking-
related intentions:

e Gait initiation, or the FSM transition from Standstill to Walk;
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e Gait termination, or the FSM transition from Walk to Standstill;

e Turning, or the usage of direction control during Walk.

The main objective was to allow seamless and robust intention detection
around the Walk state, without the use of button-based inputs or transitioning
preparatory states.

2.2.1.2 Exploration and validation: a two-steps generic framework

For all three intentions, a generic experimental procedure was proposed, consisting
of two steps: (1) an exploratory experiment, for the recording and analysis of
upper-body kinematics exhibited during intention-related movements, and (2) a
validation experiment, to assess the efficiency and accuracy of control interfaces
built upon observations from the first step. The experimental protocols presented
throughout this work were approved by the Ethical Committee on Research of the
Paris Descartes University (IRB number 00012019-47) according to the standards
of the Declaration of Helsinki.

The materials and methods for recording movements data during these ex-
periments, which ultimately correspond to the hardware basis of the proposed
high-level control interfaces, are presented in the following section. Similarly, a
unified software implementation architecture was used for all intention detection
methods, and is presented in section 2.2.3.

2.2.2 Hardware tools: using IMUs to analyze upper-body
kinematics

2.2.2.1 From MoCap to body-worn sensors: methods for analyzing
human movement

As was already pointed out in chapter 1, kinematic inputs used in existing exoskele-
tons (including Atalante) can be mainly seen as stereotypical gestured switching
inputs. However, it was hypothesized that finer analysis of upper-body signals
during gait-related movements would provide promising methods for building a
more natural interface.

Classical methods for analyzing body kinematics rely on optical Motion Cap-
ture (MoCap) systems: retro-reflective markers are attached to the body segments,
and tracked with a set of cameras (Bodenheimer et al. 1997). While providing
highly accurate measurements, such systems are costly, require long installation
times due to marker placement, rely on precise calibration processes, and are con-
strained to laboratory environments. Moreover, MoCap systems providers usually
implement predefined skeleton models for calibration, which offers little flexibility
for specific applications (Schénauer et al. 2012).
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However, in the recent years, hardware developments allowed for the miniatur-
ization of a variety of sensors, such as inertial units, which can be used to develop
body-worn systems for the collection of kinematics data (Brigante et al. 2011;
Tadano et al. 2013). Such systems can be less expensive, less complex to handle,
and more portable. In particular, many works focused on how body-mounted sen-
sors — mainly IMUs — could be used to develop fully automated frameworks for
the detection and identification of daily movement-based human activities (Bao
et al. 2004; Karantonis et al. 2006; Bartlett et al. 2017). Tao et al. (2012) drew a
comprehensive review on their usage for gait analysis, with applications in sports,
rehabilitation, clinical diagnosis, and healthcare monitoring. It was therefore hy-
pothesized that such sensors, worn at the upper-body, would be suitable for the
development of movements-based intention detection methods in the Atalante ex-
oskeleton.

2.2.2.2 IMU sensors used in this work

For the purpose of this thesis, two different sets of IMUs, consisting of triaxial ac-
celerometers (for measuring accelerations along three directions) and gyroscopes
(for measuring angular velocities around three directions), were used: the Next
Generation IMUs (NGIMUs), developed by x-io Technologies (2021), and the Ata-
lante inertial sensor boards, developed by Wandercraft.

The NGIMUs are wireless cased sensors that can send accelerometer and gy-
roscope data at 400 Hz through a Wi-Fi receiver using the UDP protocol. Three
sensors were used during experimental procedures: one was strapped to the back
of participants, the other two were strapped to the arms, close to the shoulders (see
figure 2.4.A). It was important to limit the number of sensors to improve their
practicability and acceptability, while providing informative data about upper-
body movements.

However, while NGIMUs were well-suited for movement analyses during ex-
ploratory experiments, they were not adapted for interfacing with Atalante’s soft-
ware. Therefore, a new IMU-embedded patient jacket was developed using the
Atalante sensor boards, which can send accelerometer and gyroscope data at 1
kHz. Sensors were placed at the back and arm levels, similarly to the NGIMUs,
as seen in figure 2.4.B. The IMU jacket can be directly connected to the exoskele-
ton using the available back IMU connection, and thus benefit from processing
frameworks already implemented on Wanderbrain.

One drawback of the sensors embedded in the jacket is that they are not
equipped with magnetometers, which are used to correct for the so-called gy-
roscope drift in order to derive the yaw angle of the IMU and give its precise
orientation (Palermo et al. 2014). One objective of the thesis was therefore to im-
plement high-level control interfaces that would be based on direct measurements
from the sensors (accelerations and angular velocities), without requiring precise
orientation calculations such as those used by Slajpah et al. (2014).
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The NGIMUs

Back IMU
Arm IMUs

FIGURE 2.4: A. Photo of an NGIMU, and placement of the sensors during an

experimental procedure. The dashed arrow indicates that the back IMU is not

visible on this photo. B. Placement of the IMU sensors in the IMU-embedded
jacket.
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In the following chapters, the (Back-Front), (Left-Right), and (Bottom-Up)
axes represented in figure 2.2 will be respectively referred to as the AP, ML, and
vertical axes. AP (or sagittal), ML (or frontal), and vertical accelerations will
respectively refer to accelerations along the AP, ML, and vertical axes. Similarly,
AP (or sagittal) angular velocities will refer to angular velocities contained in
the AP plane around the ML axis, ML (or frontal) angular velocities will refer to
angular velocities contained in the ML plane around the AP axis. Vertical angular
velocities will refer to angular velocities contained around the vertical axis.

2.2.3 A unified process for detecting intentions based on
IMU data

2.2.3.1 A brief summary on the common classification framework

Preece et al. (2009b) provided a comprehensive review of classification techniques
in the context of human activity identification based on body-worn sensors. Such
methods allow a suitable and portable data collection process. Effective algorithms
are then implemented to classify activities based on the collected data, and should
correctly overcome the high variability in sensor characteristics and signals to
provide robust predictions.

Classification techniques usually follow a multi-stage framework, which con-
sists in dividing the signal into sequential time windows for data collection, extract-
ing the window-related features, and labeling them according to the recognized
activity.

Windowing The most commonly used windowing technique for real-time ap-
plications is the sliding window. It consists in concatenating data frames into
fixed-length time windows. It is important to adapt the window size to the de-
sired application, and an overlap between consecutive windows can improve the
results (Bao et al. 2004; Preece et al. 2009a,b). After having been filled with the
signals data (which can either come in raw or preprocessed format), the windows
are further analyzed through the subsequent steps of the process.

Features extraction Relevant features are extracted from the data windows to
serve as inputs for a given classifier. They can be heuristic (i.e. intuitively chosen
based on the desired application), or selected from the time, frequency, or time-
frequency domains (Preece et al. 2009b). Features in the time domain are directly
derived from signal time series. They are often based on statistical metrics, such
as the mean, maximum, and minimum values, standard deviation, variance, etc.
Features in the frequency domain are usually derived from a Fast Fourier Trans-
form (FF'T) of the signals — for example, by combining the frequency components
of the signals. Time-frequency features can be obtained from a wavelet analysis,
which provides information on both the time and frequency characteristics of a
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signal (Hariharan 2019). Further refinement on the choice of features can be done
by using feature selection and dimensionality reduction techniques, as described
by Preece et al. (2009b).

Data classification After the selected features have been extracted from a given
window, they are used as input for a classification architecture, which identifies
the underlying state or activity. Classification architectures can be as simple as
threshold-based classifiers, which output a decision based on comparisons between
the extracted features and specified threshold values, or require more complex im-
plementations, such as machine learning-based schemes, where specific algorithms
learn to recognize activity patterns based on training data (Preece et al. 2009D).
The latter can be either supervised, meaning that training data is explicitly anno-
tated by a human operator, or unsupervised, meaning that the algorithm identifies
underlying patterns in the training data to automatically associate them to dif-
ferent classes. Different types of machine-learning models for classification exist,
such as linear models, neural networks, or mixture models (C. Bishop 2006; Preece
et al. 2009b). However, it is difficult to assess which of these techniques can per-
form the best given a specific classification problem. This is mainly due to the
high variability of conditions through which different studies can be set up. Fur-
thermore, choosing a classifier depends on the specific needs of an application,
and classification accuracy cannot be taken as the sole judge for the final choice.
Other criteria, such as time of training, implementation complexity, or capabilities
of on-line processing and real-time performance must be taken into account. It
is also possible to propose hybrid approaches, where multiple classifications are
performed in parallel using different architectures: the different outputs are com-
bined using techniques such as majority voting (where the majority class output
is the overall output) or stacking (where outputs are in turn converted into inputs
for a higher classification level).

2.2.3.2 A unified software implementation

An abstract generic process based on the generic classification framework described
above was used to build the high-level controller for the detection of intentions
in the Atalante exoskeleton. It can be implemented as a unified two-threaded
process, as illustrated in figure 2.5:

e Data collection: a thread for buffering the sensors data into a sliding window;

e Data classification: a thread for extracting features from the latest filled
window, and classifying the data according to the appropriate classification
architecture. Depending on the output of the classifier, a new state of the
robot can be triggered.
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FI1GURE 2.5: The unified generic process for the high-level controller. It consists
in two tasks, separated into two running threads: one for data collection, and
one for data classification.

This process can be used for the high-level controller as a whole, with specific
implementation adaptations depending on the state of the exoskeleton.

In the following chapters, the two-steps experimental studies of the differ-
ent walking-related intentions identified in section 2.2 will be presented and dis-
cussed. The implementation of the different classification architectures based on
the generic high-level controller process will then be described.



Chapter 3

Detecting the Gait Initiation Inten-
tion

This chapter focuses on gait initiation, and investigates whether its precursor pat-
terns can still be retrieved through upper body kinematics when unimpaired partici-
pants are constrained by an assistive lower-limb exoskeletal structure that prevents
free leg movements. A comparison between IMU signals from the upper body during
gait initiation out of and in the robot was conducted on a group of healthy unim-
paired participants, and data from the free walking setting was used as a training
set to build a linear discriminant analysis (LDA) classification architecture that
can automatically detect gait initiation intention. This classifier was implemented
online as a high-level control interface, and enriched with data recordings from

typical everyday movements to increase its robustness against false walk-triggering
positives.
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Detecting the Gait Initiation Intention
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Gait initiation: definition and characteris-
' tics.

3.1.1 The mechanisms of gait initiation

Gait initiation is defined as the transition between upright standing and steady-
state walking. It can be divided into two distinct phases: the anticipation phase,
and the step execution phase, separated by heel-off of the swing limb (Breniére
et al. 1992; Brunt et al. 1999). The anticipation phase is characterized by the so-
called anticipatory postural adjustments (APA), which come as a centrally prepro-
grammed compensation for the incoming disturbance to postural balance (Bouisset
et al. 1987). During this phase, the Center of Pressure (CoP) moves backwards,
and towards the swing limb, which results in a forward movement of the Center of
Mass (CoM) towards the stance limb (Jian et al. 1993; Brunt et al. 1999). This re-
ciprocal relationship between the CoP and the CoM is shown in figure 3.1, adapted
from Jian et al. (1993). It is initiated 350 — 450 ms before heel-off (Breniére et
al. 1992) by specific muscle activity, resulting in momentary loading of the swing
leg, and unloading of the stance leg through slight flexion of the hip and knee
joints (Jian et al. 1993; Elble et al. 2004).

Breniére et al. (1992) additionally showed that the ipsilateral hip (on the side
of the swing leg) begins its forward progression during the anticipation phase to
counteract the effects of the perturbation introduced by heel-off: without such an
anticipation, the hip joint would provoke a backwards movement instead. The
importance of APAs was also suggested by a model of the gait initiation dynamics
by Anand et al. (2017), who showed that adding APAs to their model through
kinematics of the CoM reduces the net energetic cost, and provides more biolog-
ically relevant solutions. Lastly, Breniére et al. (1992) showed that anticipatory
movements at the shoulders result in a forward flexion of the trunk, and initiate
the forwards progression of the body. Similarly, Ceccato et al. (2009) showed that
the trunk presents a general forward inclination in the sagittal plane during the
anticipation phase.

This inclination is preserved through the perturbation introduced by heel-
off (Breniére et al. 1992; Ceccato et al. 2009), which is characterized by a quick
movement of the CoP under the stance limb, as unloading of the swing leg occurs,
and the CoM is accelerated forwards (Jian et al. 1993). This starts the step
execution phase, which Lepers et al. (1995) compare to a ballistic forward fall
around the stance ankle, and during which the forward velocity of the CoM is
therefore increased to reach a speed close to that of steady-state gait (Jian et al.
1993; Brunt et al. 1999). By the end of the first step, the progression velocity
of the CoM has been shown not to significantly differ from the mean speed of
steady-state gait (Breniere et al. 1986), which is generally reached by the second
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step (Yvon Brenicre et al. 1991; Jian et al. 1993). Heel-on of the swing limb
may therefore indicate the end of the gait initiation motor program (Ceccato
et al. 2009). Interestingly, Ceccato et al. (2009) showed that the kinematics and
muscular activity of the trunk are similar between the execution phase and steady-
state walking, suggesting that the walking motor program probably overlaps with
the gait initiation process, and might start as soon as the swing limb leaves the
ground.

3.1.2 Velocity and duration considerations

The progression speed achieved by the end of the first step can be modulated
during the anticipation phase by increasing the moment around the ankle joint,
and therefore the forward inclination of the trunk, which acts on the position of
the CoP so that it is more forward in preparation for faster steps: the anticipated
control of muscular activity allows to reach a centrally decided speed at the end
of the execution phase (Lepers et al. 1995). This pre-programming of the gait
initiation task is confirmed by the model of Anand et al. (2017), who showed that
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a feed-forward law based on an open-loop relationship between velocity and force
could predict the net average forces necessary to achieve the required progression
speed.

Interestingly, the total duration of gait initiation is independent of progression
velocity (Breniere et al. 1986; Yvon Breniére et al. 1987, 1991; Brunt et al. 1999).
However, the durations of the anticipation and execution phases are both depen-
dent on speed: the first increases with velocity, while the second decreases (Yvon
Breniére et al. 1987). The invariance of the total time between the gait initiation
onset and the first step can be explained based on an inverted pendulum model,
which suggests that this duration depends solely on biomechanical constants: the
body mass, the body moments of inertia, and the distance between the center of
gravity and the ground (Breniere et al. 1986; Yvon Breniére et al. 1991). Addition-
ally, during the anticipation phase, the magnitude of APA in the antero-posterior
direction is also dependent on the step velocity (Rocchi et al. 2006).

3.1.3 Gait initiation in impaired groups

The mechanisms described above can be affected in aged groups, or in patients
with motor disabilities: Halliday et al. (1998) showed that while temporal and spa-
tial patterns during gait initiation are preserved in older groups and patients with
Parkinson’s Disease (PD), the variables are slower, and propulsive forces smaller.
Similarly, M. Mancini et al. (2009) used accelerometers to derive APA characteris-
tics from PD patients, and their results showed lower values for the medio-lateral
variables, resulting in smaller lateral dispersion, and suggesting that loading and
unloading of the lower limbs are impaired in such a group. Difficulties in the
first step execution can also be encountered in aged patients with specific gait
disorders, because of limited vertical and antero-posterior forces at the stepping
foot (Patchay et al. 2002).

3.1.4 Gait initiation in the Atalante exoskeleton

Initating gait in the Atalante exoskeleton from the Standstill state is a two-steps
process: first, the user needs to push a button on the remote to enter the Prepare to
Walk transition state; then the intention is confirmed by tilting the torso forwards,
which is detected by the back IMU and initiates the actual gait trajectory. If no
movement of the torso is detected after 30 s while in the Prepare to Walk state,
the exoskeleton goes back to Standstill.

After initiation of the walk, the exoskeleton performs a first step which char-
acteristics are different from the steady-gait steps: they are computed so that the
exoskeleton is properly balanced during this transient period.
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| The detection of gait initiation intention.

3.2.1 Current solutions

Many research teams have recently focused on the detection of the gait initiation
intention, by proposing different sensor-based methods for the automatic detection
of the APA onset. Martinez-Mendez et al. (2011) used Inertial Motion Units
(IMUs) placed at the lower-back level and near the ankle to detect APA and derive
their characteristic variables. By using a simple threshold-based algorithm, they
were able to properly detect the onset of APA. They were also able to evaluate their
amplitude and duration using the IMU output signals, with resulting measures
similar to those derived from a stabilometer. Similarly, Martina Mancini et al.
(2016) used the medio-lateral acceleration from a trunk IMU to identify candidate
APA periods based on a threshold, and identified the actual APA using step
characteristics derived from the angular velocity outputs from two shank IMUs.
Inertial signals were also used to characterize the APA, and results were strongly
correlated with measures from a camera and a force plate. However, these methods
are only suitable for the analysis of offline data.

Other works have focused on the use of supervised learning techniques to
propose automated methods for gait initiation intention detection based on several
sensing techniques. Rebersek et al. (2011) compared the performance of a k-
nearest neighbor approach, a quadratic discriminant analysis, and a classification
tree on three different sources of data: inertial sensors at the legs and trunk,
optical markers on the upper and lower body, and force plates. They were able to
successfully detect the gait initiation onset well before heel-off. While IMUs did
not perform the best, they were still recommended for being the most portable
solution. Novak et al. (2013) used more IMUs (placed at the back, arms, thighs,
and shanks) in conjunction with instrumented insoles to evaluate the performance
of a classification tree at detecting the gait onset at different speed levels. Within-
subject classification yielded less than 3% of undetected events, with worse results
for subject-independent validation.

Lastly, one team was able to investigate the use of both IMUs and EMGs to
detect the onset of gait initiation in transfemoral amputees, using thresholds on
the different signals (Wentink et al. 2013, 2014).



3.2. The detection of gait initiation intention 49

3.2.2 Using training data from a free setting to detect the
gait initiation intention in Atalante

While some of the solutions described above seem promising for real-time detec-
tion of the gait initiation intention, the investigations were limited to unimpaired
participants walking freely in an unconstrained environment, and usually partly
based on sensors placed at the lower body. The study presented in this chap-
ter investigates whether precursor patterns of gait initiation can still be retrieved
through upper body kinematics when unimpaired participants are constrained by
an assistive lower-limb exoskeletal structure that prevents free leg movements. In
particular, it was hypothesized that generic upper limb movements during APA
could be preserved in an exoskeleton-constrained environement, and could there-
fore be used to predict the user’s intention to initiate gait while in the robot. Since
no exoskeleton dynamics are present during Standstill, the IMU signals should be
correct indicators of the upper-body movements, and therefore of the kinematic
patterns of APA. However, simple thresholding techniques can pose the problem
of false detections when standing still in the exoskeleton, since any movements
with a high-enough amplitude could be perceived as an intent to start walking.
Therefore, a supervised learning approach was rather preferred: it was hypoth-
esized that a classification architecture could perform well at robustly detecting
the gait initiation onset, while decreasing the risk of false positive detections by
adding IMU recordings from typical standing everyday movements to the training
data. Such an architecture would allow seamless transitions between standing still
and walking, without having to go through a button-induced preparatory state.

Correctly triggering the walking state of Atalante would also confirm that
upper body movements that anticipate gait initiation are possibly preserved be-
tween the free and constrained settings.They could therefore be used to elaborate
more natural and robust control strategies for exoskeletal assistive devices based
on classification techniques, with limited to no false positive detections.

Exploring upper-body kinematics during
gait initiation in a free walking setting.

3.3.1 The experimental setup

Ten participants (7 men and 3 women) took part in a free setting (F'S) exploratory
experiment. They were aged 29.9 4+ 4.3 years old, with an average weight of
67.5 + 13.32 kg and an average height of 174.7 + 9.70 cm (mean + SD). They
had no physical or cognitive disabilities affecting gait, and were not aware of the
study’s focus on gait initiation. They were equipped with three NGIMUs, as
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described in chapter 2. Additionally, they were asked to remove their shoes, and
were equipped with a force sensitive resistor (FSR) placed underneath the right
heel. The FSR was connected to the back IMU through an analog channel, and
the signal was transmitted at 10 Hz. It was used to segment the walking data into
left and right steps, and facilitate the training data labeling process.

Instructions were given to the participants after being equipped with the IMUs
and the FSR. The experiment consisted of 20 trials, in which the participants
performed a straight walk of approximately 4 m at their preferred pace. At the
beginning of each trial, they were asked to stand still in a neutral position behind
a specified line on the ground, with their arms alongside their body, and their
head straight and gazing forwards.

The IMUs were initialized to set the reference frames at the neutral position,
after which the recording began. An audio cue was emitted after 3 s, indicating
that the participants could start walking. To avoid any startle effects due to the
emitted beep, participants were asked to start walking whenever they wanted to
after hearing the sound cue. They were also asked to use their right leg as the
first swing leg. At the end of the 4 m walk, participants stood still in their neutral
position for approximately 2 s, after which they were instructed to go back to the
starting position, and wait for the beginning of the following trial. This protocol
is illustrated in figure 3.2.

3.3.2 Data processing

Data from the F'S experiment were processed offline. Accelerometer and gyroscope
signals were low-pass filtered using a second-order Butterworth filter with a cutoff
frequency of 3 Hz, as used by Martinez-Mendez et al. (2011). Signals were also
offset based on their average over the first second of recording, during which the
participants were standing still in a neutral position. Trials where indications were
not correctly followed, or for which signal waveforms differed significantly from the
average ones were considered outliers, and discarded. A total of 170 trials were
retained for the subsequent analysis.

3.3.3 Data analysis and classification

3.3.3.1 Linear Discriminant Analysis
Data classification was performed using Linear Discriminant Analysis (LDA) (Hastie
et al. 2001), which is a supervised learning technique for classification.

One of the earliest formulations of the LDA comes from Fisher (1936), who
introduced a criterion F' to separate p-dimensional labeled data into two classes
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by maximizing between-class covariance and minimizing within-class covariance
using an optimally-defined hyperplane:

(mg — m1)2

F =
52 + 53

(3.1)

where m;y (resp. ms) and s; (resp. $3) are the mean and within-class variance
of class 1 (resp. class 2) projected onto the weight vector w normal to the sepa-
ration hyperplane. It can be shown that F'is maximized when the direction of w
is chosen such that:

w x Sw ' (mg — my) (3.2)
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where m; (resp. my) is the class 1 (resp. class 2) mean in the original p-
dimensional space, and Sw is the total within-class covariance matrix, defined as
the sum of covariance matrices of classes 1 and 2 in the original space. This is
illustrated in figure 3.3, adapted from C. Bishop (2006).

N \wl,' S
o
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FIGURE 3.3: Adapted from C. Bishop (2006). Two methods for separating two

classes in a two-dimensional space. Histograms represent the projections of the

data points on the weight vectors normal to the separating hyperplanes. A.

The separation between the red and blue classes is based on the weight vector

joining the two class means, and leads to considerable overlap. B. The within-

class covariance is taken into account through Fisher’s criterion, which leads to
better class separation.

Extending this method to K classes, the measures of between-class and within-
class covariances can be defined as:

Sw =) Y (xn—my)(xy —my)" (3.3)

k=1 neCy,

Sp = Y _ Ni(my — m)(my —m)" (3.4)

where x,,n € C} is a data point of class k, N is the total number of data
points in class k, my is the mean of class k, and m is the total mean of all data
points.

It can be shown that the directions of the weight vectors for this multi-class
problem are given by the eigenvectors of Sw ™ 'Sg corresponding to the K — 1
largest eigenvalues (C. Bishop 2006). This additionally allows to project data from
the original feature space into subspaces of dimensions at most equal to K — 1,
which is particularly useful for visualization purposes. Essentially, classification of
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a new data point is then performed according to the closest class centroid in the
chosen subspace (Hastie et al. 2001).

Hastie et al. (2001) also arrive at the same results, by taking a Bayesian ap-
proach, and assuming normally-distributed data with a common covariance matrix
for all classes. However, LDA is considered fairly robust to violations to these as-
sumptions (Li et al. 2006).

3.3.3.2 Labeling the training data

Accelerometer and gyroscope signals from the F'S experiment were segmented into
four different classes: No Movement (NM), Gait Initiation Intention (GII), Right
Step (RS), and Left Step (LS). Heel events of the right foot were derived from
the FSR data for step labeling. The FSR data during the first three seconds
of recording were averaged to set a standing still baseline for each trial. Heel-
strike events were then set when the FSR signal was higher than the baseline
plus one standard deviation, and heel-off events were set when the FSR signal
was lower than the baseline minus one standard deviation. RS was defined as
the class covering signal portions going from heel-off to heel-strike, and LS was
defined as the class covering signal portions going from heel-strike to heel-off. Data
following the last heel-strike event were discarded, as last step dynamics differed
from steady-pace walking. The first detected upper-body movements on the IMU
data were used to determine the onset time ¢, for the GII class. Detection was
achieved by setting movement thresholds 7' 5, and T_ ;, for each accelerometer
and gyroscope signal sig € {Z, §, Z, w,, Wy, w, } as:

T+,sig = Msig + 10 x Ssig (3 5)
T—,sig = Msig — 10 x Ssig .

where my;, (resp. Sg,) is the average (resp. standard deviation) of each signal over
the 1.5 s preceding the audio cue. For each signal, t,,, sig Was then defined as the
earliest time such that sig & [T_ sz, Tt sigl, and tonser was defined as:

tonset - Iglllgn tmin,sig (36)

The first heel-off was used as the end of the GII class. The remaining portions
of signals, spanning from the beginning of each trial up to the GII onset, were
labeled as NM. A final step consisted in manually adjusting the class onsets if
outputs from the above steps were incorrect. Figure 3.2 shows an example of
labeled accelerometer data.
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3.3.3.3 Selecting relevant features

Once accelerometer and gyroscope data from all trials and participants were cor-
rectly labeled, they were used as training sets to construct LDA classifiers. Sliding
windows with a 25% overlap were used to divide the sensor signals into 500 ms
time segments. The choice of window length was motivated by reported values for
APA duration by Breniére et al. (1992) and M. Mancini et al. (2009) (350 - 550
ms). The overlap value was chosen to enhance the classifier reaction time. Each
window was associated with a given class if at least half of its signal content was
labeled as so, based on the labeling step. A set of optimally relevant features were
then extracted from each segment to compute labeled feature-space data points.
They were selected based on previous research (Preece et al. 2009a,b).

In order to reduce the computational cost for features extraction in real-time,
and avoid overfitting, further analyses were conducted to discard features which
were not discriminative enough for the classification task. In particular, a single-
factor ANOVA between labels and features was conducted to only select features
with high variance across the different classes. This allowed to define a subset of
11 features, which were computed from both the time and frequency domains:
mean, standard deviation (sd), minimum (min), maximum (max), root mean
square (rms); spectral energy, and the five highest amplitudes of the frequency
components in the frequency-domain. Since all features were extracted from each
of the 18 IMU signals, this resulted in a final 198-dimensional feature space, as
described in table 3.1. Figure 3.4 additionally shows how the selected feature val-
ues extracted from accelerometer signals from all participants can vary between
different classes. While some features seem to be more discriminative than oth-
ers, the LDA should optimize the projection of the feature space to maximize the
separation between the different classes.

Feature Number of dimensions
Time-domain features mean 18

sd 18

min 18

max 18

rms 18
Frequency-domain features spectral energy 18

highest amplitudes 90
Total 7 features 198

TABLE 3.1: Set of features used in classifiers construction
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3.3.3.4 Training and testing the data

Trial-based cross-validation schemes were used to assess offline data classification
for the FS condition. In a first setting, participant-specific data were classified
according to a leave-one-out rule: training sets were comprised of all but one
trial from the same participant, which was then used for testing (intra-participant
classification). This was done over all trials, and the overall result was taken
as the total average of all classification rates on the testing data. In a second
setting, classification was assessed across participants, by leaving one participant’s
trials out of the training set, and using them as a testing set (inter-participant
classification). The overall result was taken as the total average from testing the
classifier on each of the left-out participant’s trials independently.

Additionally, the Inter-class Distance Nearest Neighbor (IDNN) metric as pro-
posed by Kristoffersen et al. (2019) was used to compute distances in the original
198-dimensional feature space formed by the training data for each participant.
Let C be the set of all labeled classes (here, C' = {1,2,3,4}). Then, for (i,5) € C?,
the Mahalanobis distance d; from the cluster of points of class j to the cluster of
points of class ¢ is defined as:

4y = s (= )77 (s ) (3.7

where S; is the covariance matrix of cluster i, and p; and p; are the centroid
coordinates of clusters ¢ and j. Based on the Mahalanobis distance, a distance
metric m; ; can be defined as:

di x d]
Mg = 2 i

(3.8)

The IDNN for a given cluster i is then equal to the lowest distance metric
value computed from all other clusters:

jeC,j#i

In other words, for each cluster ¢ of points, the IDNN measures the product
of its Mahalanobis distances with the other clusters in both directions, and nor-
malizes it by their sum: it represents the distance to its nearest neighbor in a
variance-normalized space. A low IDNN value for a given class indicates a larger
chance of confusion with its nearest neighbor. Equal IDNN values for two different
classes indicate that they are necessarily closest to each other in the sense of the
Mahalanobis distance.



3.3. Upper-body kinematics during GI in a free setting Y

Peak Accelerations |g| Peak Angular Velocities [deg/s|
AP ML AP ML
Trunk 0.05+£0.03 0.05£0.02 215 +£7.1 9.5+£6.5
Right Arm 0.05+£0.03 0.06 £ 0.02 23.1+£88 10.3 £5.3
Left Arm  0.10£0.05 0.06 4+ 0.02 189 £8.3 6.2+£5.2

TABLE 3.2: Peak average (£ SD) GII accelerations and angular velocities in
the ML and AP planes for all IMU placements during the FS experiment.

3.3.4 Results of the study

3.3.4.1 Upper-body kinematics during Gait Initiation in the Free Set-
ting experiment

Figure 3.5 shows the average accelerations and angular velocities for all three IMUs
in the medio-lateral (ML) and antero-posterior (AP) planes over all participants
from the Free Setting (FS) experiment. Signals are represented from 0.5 s before
the movement onset up to the first heel strike event. The green mark indicates the
first heel-off event, and the red one indicates the first heel strike event. The shaded
areas represent the standard deviations for the different signals. For waveform
comparison purposes, and to get rid of amplitude variability effects, individual trial
results have been standardized and represented as functions of time advancement
(as a percentage value from 0 to 100). The average duration (£ SD) between the
movement onset and the heel-off was 546 ms (£ 132 ms) for this experiment.

Average peak values for the acceleration phases in the ML and AP planes, as
well as the average peak values of gyroscope signals are reported in table 3.2, and
they are indicated on figure 3.5. Maximum amplitude during precursor movements
for acceleration signals is always reached before the heel-off event, except for the
AP acceleration from the left arm, which is slightly delayed and happens after
heel-off.

3.3.4.2 Offline classification of the Free Setting signals

Table 3.3 shows the results from the LDA-based offline classification architecture
on the FS experiment signals, for both the intra and inter-participant evaluations.
In order to assess the classifier’s ability to discriminate between all different classes,
including LS and RS, it was run over the entire walk for each trial (EW data).
(Classification accuracy over the first signal windows spanning from the beginning
of each trial up to the end of the GII class was also reported in the Table (GII data).
Overall, the average classification accuracy for the entire walk was 94.7%, with
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FIGURE 3.5: Average accelerations and angular velocities recorded by all three
IMUs during the FS experiment trials in the ML and AP planes. The dashed
lines represent the average signals for each participant, and the thick line corre-
sponds to the overall average, with its corresponding standard deviation. Signals
are represented from 0.5 s before the movement onset up to the heel-strike. Peak
accelerations as defined in Table 3.2 are also indicated in the figure.

a maximum accuracy value reaching 97.9% for the intra-participant setting, and
91.9% with a maximum value of 96.5% for the inter-participant setting. However,
for all trials and all participants, gait intention was always correctly detected.
Classification rates for the GII data were less than 100% because of time lags,
meaning that the GII class was detected a few windows early or late in some
cases. The average time lag for intra-participant classification was 0.17 s, and
0.38 s for inter-participant classification, which explains the average loss of 2.5%
in the classification rate between both classification schemes for the GII data.

Entire Walk Gait Initiation
average (£ SD) max  min average (£ SD) max  min
Intra classification 94.7% (£ 1.5%) 97.9% 92.9% 97.6% (£ 1.0%) 98.7% 96.4%
Inter classification 91.9% (£ 2.4%) 96.5% 87.8% 95.1% (£ 3.5%) 98.3% 89.0%

TABLE 3.3: Classification rates from the offline classification of the FS data.

Additionally, figure 3.6 shows the structure of the individual intra-classifiers
constructed from the Free Setting training data as projected on the LDA-computed
two-dimensional space. Note that this is essentially a visualization tool. However,
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it can still give good insight into the structure of the data, and the effectiveness
of the LDA classification: for all participants, the four class clusters seem well
separated and organized in the same fashion, with the GII cluster being closer to
the NM cluster, and appearing as a transition between the resting state and the
two walking states (Left and Right).

S1 S2 S3 S4 S5

S6 S7 S8 S9 S10
4 #F % (| &
&5 | 0 % A, o "
[ IJNM [ ]RS
[ Jamr [ ]Ls

FIGURE 3.6: Representation of the intra classifiers in the two-dimensional LDA-
generated projection subspace. The different colored regions represent the clas-
sifier decision regions for each of the four labeled classes (NM, RS, LS, GII).

These results are also confirmed by the Inter-class Distance Nearest Neighbor
(IDNN) metric computed for each intra classifier in the original 198-dimensional
feature space, as shown in figure 3.7. The distance metrics m; ; used for the com-
putation of the IDNN for all labeled classes and all participants have additionally
been reported in table 3.4. The table and the figure show that the NM and GII
clusters are consistently closest to each other, and that both step classes are closest
to each other on average.
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FIGURE 3.7: The Inter-class Distance Nearest Neighbor (IDNN) metric com-

puted in the original 198-dimensional feature space for each class and each par-

ticipant for the intra classifiers. When the IDNN is the same for two classes, it
means they are closest to each other.

3.3.5 Discussion

3.3.5.1 Qualitative analysis of upper-body kinematic signals

Results for the trunk IMU in the FS condition were consistent with previous
studies (Breniére et al. 1992; Martinez-Mendez et al. 2011; Martina Mancini et
al. 2016), showing that the upper body is accelerated forwards, and towards the
standing leg. Therefore, it was possible to validate our method to evaluate kine-
matic patterns that anticipate gait initiation based on inertial sensors placed on
the upper body.

To our knowledge, there is no work investigating arm kinematics during Antic-
ipatory Postural Adjustments (APAs), but shoulder movements have been studied
before (Breniére et al. 1992). Our results suggest that both arms follow the same
acceleration patterns as the trunk, and that the arms also exhibit repeatable pre-
cursor patterns before the heel-off. The overall movement is initiated by the side
ipsilateral to the stepping leg (the right side in this study), since the contralateral
arm exhibits a delay in its forward acceleration, with a lower peak angular velocity
in the Antero-Posterior (AP) plane. The ipsilateral side of the upper body starts
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Classi Classj Sl1 52 S3 54 S5 56 S7 S8 59 510

NM LS 33.77 126.92 3043 207.13 107.67 61.31 10.03 9848 94.9 98.65
RS 26.1 3857 1712 4571 3387 29.65 33.38 36.6 53.89 26.7
GII 6.35 4.3 4.22 6.11 6.2 4.75 4.43 3.83 11.34 3.48

LS NM 33.77 126.92 3043 207.13 107.67 61.31 10.03 98.48 94.9 98.65
RS 6.91 7.23 11.81 17.29 14.79 15.85 14.22 8.41 11.92 20.12
GII 15.96 22.3 20.58 30.39 37.58 34.77 1415 26.87 38.87 42.1

RS NM 26.1 3857 1712 4571  33.87 29.65 33.38 36.6 53.89 26.7
LS 6.91 7.23 11.81 17.29 1479 1585 1422 8.41 11.92 20.12
GII 9.18 1323 1023 1783 14.48 14.78 13.68 12.7 17.83 15.11

GII NM 6.35 4.3 4.22 6.11 6.2 4.75 4.43 3.83 11.34 3.48
LS 15.96 22.3 20.58 30.39 37.58 34.77 1415 26.87 38.87 421
RS 9.18 1323 10.23 17.83 1448 14.v8 13.68 127 17.83 15.11

TABLE 3.4: Distance metric m; ; computed in the feature space for all classes
and all participants during the F'S experiment. Bold values represent the IDNN
for each class and each patient.

to shift forwards and towards the standing leg, and the contralateral arm follows
the general forwards movement before the heel leaves the ground. Additionally,
standard deviations for average acceleration peak values reported in Table 3.2
confirm that the amplitudes of arms and trunk movements are highly variable
between participants.

3.3.5.2 Evaluation of Gait Initiation detection in the Free Setting (FS)
based on an offline classification architecture

Intra-participant evaluation Evaluation of the intra-participant classifiers on
the Entire Walk data from the F'S condition returned accuracy scores higher than
94%, showing that the LDA architecture is capable of correctly discriminating be-
tween the different labeled classes in a participant-specific setting. Additionally,
loss of accuracy is mainly due to time lags (either positive or negative) during
transitions between different classes. Since the Gait Initiation Intention (GII)
class is consistently and correctly detected for all trials, this evaluation also con-
firms that participant-specific kinematic patterns that precede gait initiation are
repeatable in the FS condition. Therefore, intra-participant classifiers based on
F'S data could be used in the exoskeleton to check for similarities in these patterns
when the users are constrained by a lower-limb assistive device.
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Inter-participant evaluation Evaluation of the inter-participant classifiers on
the Entire Walk data from the F'S condition returned accuracy scores higher than
91%, showing that the LDA architecture is also capable of correctly discriminat-
ing between the different labeled classes based on data acquired from a pool of
participants that does not contain the tested participant’s trials. However, loss
of accuracy is higher on average than the intra-participant evaluation, since time
lags can be longer. Again, the GII class is consistently and correctly detected for
all trials, which shows that the variability of kinematic patterns that precede gait
initiation between participants in the FS condition is low. The inter-participant
classifiers based on FS data could therefore also be used in a setting where par-
ticipants are constrained by the exoskeleton.

This consistency is also supported by figure 3.6, which illustrates the two-
dimensional projections of the intra-classifiers, and shows that training data from
the different participants seem to lead to similarly structured subspaces as gen-
erated by the LDA. The Inter-class Distance Nearest Neighbor (IDNN) metric in
figure 3.7 additionally confirms that the No Movement (NM) and GII clusters are
consistently closest to each other, and that both step classes are closest to each
other on average. This supports the fact that anticipatory patterns preceding gait
initiation exhibit low-amplitude dynamics that are separable from walking-related
movements.

Using generic upper-body kinematics data
from the Free Setting to detect Gait Initia-
tion Intention in the Atalante exoskeleton.

3.4.1 The experimental setup

3.4.1.1 The Constrained Setting experiment

The same participants who took part in the FS experiment were tested during
a validation Constrained Setting (CS) experiment. 20 trials were conducted in
which the participants were first equipped with all three NGIMUs as described in
chapter 2, then installed in the Atalante exoskeleton. Only two of the participants
had never been in the exoskeleton before. The robot was put into its standard
standstill position, and participants were instructed to stay motionless with their
arms alongside their body, and their heads straight and gazing forwards. Similarly
to the FS experiment, the inertial devices were initialized at the beginning of
each trial to set the reference frames, and an audio cue was emitted 3 s after
the beginning of the recording to indicate the beginning of the walk. Subjects
were asked to perform any upper body movements they thought would initiate



3.4. Detecting the GII in the Atalante exoskeleton 63

the robot’s gait, as if they wanted to start walking using their right leg. This is
illustrated in figure 3.8. Since two participants did not correctly follow this rule,
their results were discarded from the CS experiment analysis, which only included
eight participants.

In 15 out of 20 trials, an online classifier based on linear discriminant analysis
(LDA, see 3.3.3) was used to detect gait intention using one of three training sets:

(a) same participant data from the FS experiment (intra-classification);
(b) other participants data from the F'S experiment (inter-classification);

(c) all participants data from the FS experiment (global classification).

If gait intention was correctly detected, the walking state of the robot was
triggered, in which case the participants were asked to stop the robot using its
remote control after a few steps. In the remaining 5 trials, (d) the exoskeleton
walk was not triggered at all. These four conditions were presented in completely
random order across all 20 trials.

Right arm and
Back IMUs

Precursor movements

Walking state
triggered

Waiting for

) Gait initiation
audio cue

FIGURE 3.8: One participant during the CS experiment. Data from the FS
experiment were used to implement online classifiers for the detection of the
Gait Initiation Intention in the Atalante exoskeleton.

The software implementation was done in a separate computer that received
the IMU inputs and sent a trigger signal to the exoskeleton when the gait initiation
intention was detected.
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3.4.1.2 The False Positives experiment

In a follow-up False Positives (FP) experiment, eight of the ten participants were
equipped with all three IMUs, and installed in the Atalante exoskeleton. The robot
was put into its standard standstill position, and similarly to the CS experiment,
participants were asked to stay motionless with their arms alongside their body,
and their heads straight and gazing forwards. They were then instructed to wait
for an audio cue, after which they were asked to perform a set of typical everyday
movements: handshakes, covering the mouth while coughing, and reaching an
object at different levels (below the waist, at torso level, and over the head). Each
movement was alternatively performed with each arm, and repeated for 4 trials.
Data recordings from this experiment were analyzed offline.

3.4.2 Data processing

Data filtering and processing as performed during the FS experiment (see sec-
tion 3.3.2) were also performed on the data from the FP experiment, and imple-
mented online during the CS experiment.

3.4.3 Data analysis and classification

3.4.3.1 Constrained Setting experiment

(Classification was implemented online during the CS experiment. Three classifiers
were constructed for each participant based on the training data from the FS
experiment: (a) one participant-specific classifier based on the participant’s trials
(intra-classification), (b) one classifier based on the other participants’ trials (inter-
classification), (c¢) and an additional global classifier including all participants data,
which was common to all participants (global classification).

Additionally, the distance metrics m;; as defined for the derivation of the
IDNN were computed for each participant between the clusters formed by data
points from the CS intra trials, and the clusters corresponding to the 4 labeled
classes in the corresponding classifier.
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3.4.3.2 False Positives experiment

For this experiment, an additional class based on miscellaneous movements (MM)
was added to evaluate the classification robustness. The MM class was constructed
based on the recordings of typical everyday movements from the FP experiment.

Data sets recorded during the FP experiment were first tested offline using the
global classifier to test for the occurrence of false GII positives when performing
everyday movements. Half of the data were then included with all the participants
data from the FS experiment to construct an enriched 5-class global classifier,
which was tested offline:

e on the remaining half of the FP experiment data;

e and on the trials from the CS experiment corresponding to the global clas-
sifier.

3.4.4 Results of the study

3.4.4.1 Upper-body kinematics during Gait Initiation in the Constrained
Setting experiment

Figure 3.9 shows the average accelerations and angular velocities over the eight
participants from the Constrained Setting (CS) experiment for all three IMUs in
the ML and AP planes. The signals are represented from 0.5 s before the movement
onset, up to the first zero-crossing of the angular velocity around the vertical
axis. The shaded areas represent the standard deviations for the different signals.
Similarly to te F'S experiment, individual trial results have been standardized and
represented as functions of time advancement (as a percentage value from 0 to
100).

Signals in figure 3.9 have been further filtered with a low-pass Butterworth
(2nd order, cutoff 0.5 Hz) to get rid of extraneous noise, and focus on global signal
evolution in time. This was only done to improve readability of the figure, but was
not part of the data processing that occurred during the experiment. However,
averaging and filtering techniques had a dampening effect on the representation
of the signals in figure 3.9. Figure 3.10 shows an example of a typical AP accel-
eration profile exhibited by one participant on the right arm IMU during the CS
experiment without additional processing, as was used by the classifiers. It shows
that a short acceleration phase immediately follows the movement onset, before
the acceleration direction changes.

Average peak values for the acceleration phases in the ML and AP planes for
are reported in table 3.5. Additionally, average peak gyroscope values from the
CS signals as represented on figure 3.9 are also reported on Table 3.5.
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FIGURE 3.9: Average accelerations and angular velocities recorded by all three

IMUs during the CS experiment trials in the ML and AP planes. The dashed

lines represent the average signals for each participant, and the thick line corre-

sponds to the overall average, with its corresponding standard deviation. Signals

are represented from 0.5 s before the movement onset up to the first zero-crossing
of the angular velocity around the vertical axis (not shown here).

Right Arm
AP ML

0.00 - — ———————

0.1+

-0.25 -

Acceleration |g]

0.0 o —————

0 100 0 100

Time Advancement [%)]

FIGURE 3.10: Typical AP acceleration pattern exhibited by one participant
during one trial of the CS experiment on the right arm IMU. The original
signal is low-pass filtered by a 2nd order Butterworth filter with a 3 Hz cut-
off frequency. The red zone indicates the precursor movements as defined in
sec.3.3.4.1. The low-amplitude acceleration phase is distinguishable at the be-
ginning of the movement, and is followed by a strong deceleration phase.



3.4. Detecting the GII in the Atalante exoskeleton 67

Peak Accelerations |g| Peak Angular Velocities [deg/s]
AP ML AP ML
Trunk 0.01 £0.01 0.01 £0.02 30.7 £ 12.7 19.24£9.6
Right Arm  0.03£0.03 0.04 +0.04 21.2+13.9 15.1+6.8
Left Arm  0.03£0.03 0.0440.05 17.8 £11.0 15.0 £ 8.7

TABLE 3.5: Peak average (+ SD) GII accelerations and angular velocities in
the ML and AP planes for all IMU placements during the CS experiment.

During the CS experiment, participants tilted forwards, and twisted their
upper body towards the standing leg (Figure 3.11). They mainly used their right
arm to initiate the movement by accelerating it forwards, and rotating it towards
the standing leg around the vertical axis. The trunk rotated around the AP and
ML axes towards the standing leg, which induced forwards and lateral accelerations
in the same direction. The left arm showed less repeatable patterns. Acceleration
phases were short and of low amplitude compared to the FS experiment (see
Table 3.5), and were followed by a high-amplitude deceleration phase, as shown

in figure 3.10. However, participants showed higher angular velocities in both the
AP and ML planes for all three IMUs.

3.4.5 Online classification of the CS signals

Figure 3.12 shows the participant-specific and overall results per classifier used
from the real-time classification of IMU signals during the CS experiment, for
all eight participants included in the CS study. The “Other class detected first”
label represents trials for which the Gait Initiation Intention (GII) class was de-
tected after another class was detected first. These trials were considered as false
negatives, even if detection of gait intention occurred afterwards. The only false
positive detection occurred during one intra trial (S6 in figure 3.12.A). 64.3% of
false negatives were due to another class being detected first, and the remaining
ones all came from the same participant (S7 in figure 3.12.A). Overall, the robot’s
walk was correctly triggered in respectively 72.5% of the intra (a) trials, 95% of
the inter (b) trials, and 95% of the global (c) trials.

A Kruskall-Wallis test showed a statistically significant difference between the
three classifiers (H = 6.35,p = 0.042). An additional post-hoc Dunn test showed
that there was no statistical difference in the performance results between the
inter and global classifiers (p = 1.00). However, performance of both classifiers
were statistically different from that of the intra classifier (p = 0.029 for both
comparisons).
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F1GURE 3.11: General strategy exhibited by the participants during the CS
experiment to trigger the walking state of the robot.

On average, the GII class was detected 514 ms (+373 ms SD) after the move-
ment onset, which approximately corresponds to the duration of one buffer window
(500 ms), and falls within the range of Anticipatory Postural Adjustments (APAs)
duration.

Figure 3.13 shows the two-dimensional LDA projection for the intra classifier
from one participant, where data points classified as GII during the CS intra trials
were also represented. The figure shows that, in this subspace, the cluster formed
by these data points is closer to the step classes than the GII cluster is. This is
confirmed in the feature space by the distance metrics between the testing data
clusters and the four class clusters reported in table 3.6: in 5 participants out of
8, the closest cluster to the testing points when excluding the GII class is one of
the step classes. Interestingly, for two of these participants, the RS class is even
closer to the testing data than the GII class.
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|:| NM EI RS @ CS data point
[ ]G [ ]LS classified as GII

FI1GURE 3.13: Representation of the LDA-generated two-dimensional projection

subspace based on FS data training from participant S10. The black points

represent projected features from data windows which have been classified as

GII from CS intra trials from the same participant. These data points, though

far from the GII class centroid generated by the training data, are still closer to
it than the other classes.

S1 52 S3 54 S5 S6 ST S8

NM 499 356 256 273 401 376 396 4.26
RS 544 413 206 1.61 2.52 6.60 5.14 6.47
LS 494 3.18 1.80 2.09 280 5.06 5.58 5.00
GIT 347 232 1.06 212 371 093 3.82 205

TABLE 3.6: Distance metrics m; ; computed in the feature space between the

testing data clusters from the intra trials during the CS experiment and the

four class clusters. The bold values indicate when one of the step classes is the
closest when the GII class is not taken into account.
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3.4.6 Testing the classifier for false Gait Initiation Intention
(GII) positives induced by everyday movements

Testing the global classifier on the Miscellaneous Movements (MM) recordings
showed that on average, 27.6% of the performed movements windows were classi-
fied as GII, and only 7.2% as either Left Step (LS) or Right Step (RS). 64.6% of
the windows were classified as No Movement (NM), because of transition resting
periods, and because the performed movements implied that either one of the arms
could be at rest — meaning that data points were likely to fall in the NM region
in the LDA features-based subspace.

By adding the MM label to the global classifier training data set using half of
the MM recordings, and using the other half as a testing set, there was an average
of 98.5% windows classified as either MM or NM, with 1.5% windows falsely
classified as GII. Figure 3.14 shows a three-dimensional LDA-generated projection
subspace of this 5-class classification problem. As can be seen on the figure, the
five classes form highly discriminated clusters of points with little overlap, and the
MM and GII class are well separated.

FIGURE 3.14: Representation of the three-dimensional LDA-generated projec-
tion subspace based on FS training data from all participants (global classifier),
with additional MM data recorded from eight participantss.

Additionally, the MM-enriched classifier was tested offline on the trials from
the CS experiment corresponding to the global classifier (c) for the eight partici-
pants included in the CS study. This showed that the GII class was consistently
detected in all trials but one. The remaining trial was a False Negative where the
MM class was detected instead.
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3.4.7 Discussion

3.4.7.1 Qualitative analysis of upper-body kinematic signals

During the CS experiment, the participants focused on using the side of their up-
per body ipsilateral to the stepping leg (the right side) to initiate gait. Since their
legs were constrained by the exoskeleton, they seemed to focus on upper body
movements that they imagined would help lifting the robot’s leg, and pushing it
forwards. This was achieved by rotating the upper body laterally, and tilting it
forwards, while strongly bringing their right shoulder towards the standing leg.
Contrary to the FS experiment, where precursor patterns are unconscious, they
actively engaged in using the right side of their upper body to initiate gait, and ex-
hibited higher angular velocities in the Medio-Lateral (ML) and Antero-Posterior
(AP) planes for the trunk IMU. The phase of forwards acceleration was short and
of low amplitude compared to the FS experiment, and was followed by a high
amplitude deceleration. This shows that all participants relied on a similar move-
ment strategy that actively focused on using the ipsilateral side of their upper
body to bring the robot to start moving, and intuitively used their right arm in a
similar way that they naturally did during the FS experiment, with forwards ac-
celerations that lasted for shorter duration. The left arm exhibited less repeatable
movements that were mainly due to the dynamics of the right side, and to whether
participants controlled their arm or not. Similarly to the FS experiment, stan-
dard deviations for average acceleration peak values reported in Table 3.5 confirm
that the amplitudes of arms and trunk movements are highly variable between
participants in the CS experiment as well.

3.4.7.2 Experimental evaluation of gait initiation detection in the ex-
oskeleton based on a free setting training set

Based on our experimental results, the LDA architecture could be successfully
used to detect gait initiation intention for a majority of the CS trials, even though
participants exhibited upper body patterns that did not correspond exactly with
those of the F'S experiment, which provided the training data.

One of the main differences between both experiments lied in the signal ampli-
tudes and duration of the acceleration phases. Additionally, the left arm IMU did
not exhibit repeatable patterns. However, it is hypothesized that the amplitude
ranges remained closer to what can be exhibited by the trained GII class, meaning
that in the feature space, data points extracted from the participants’ movements
in the CS experiment fell in the GII class region. Additionally, the distance met-
rics calculated between the clusters formed by the data points classified as GII
in the CS experiment and the four labeled classes for the intra trials showed that
in 5 participants, the testing points were closer to the step classes than the No
Movement class. This supports the fact that the anticipatory patterns preceding
gait initiation exhibited stronger dynamics when the participants were equipped
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with the exoskeleton. Interestingly, in two participants, the centroid of testing
data was even closer to a step class than the GII cluster: this might be due to the
fact that the distance metrics rely on the Mahalanobis distance, which introduces
a distortion of the feature space through covariance-based normalization. This
did not affect the LDA output, which correctly classified the testing points as GII,
since the classifier makes the assumption of a common covariance matrix for all
classes.

Nevertheless, these results show that the constructed classifier might not be
discriminative enough for the GII class to be actually specific to gait initiation
precursor patterns, and that similar low-amplitude movements, such as handshakes
or reaching movements, could also be detected as GII. Indeed, both the FS and
CS experiments were conducted in a controlled setting, where the participants
were asked not to move before the audio cue was heard. However, this is not
representative of the real-life use of an assistive lower-limb exoskeleton, in which
the users would freely move their upper body while the robot is standing still in
an upright position. In the classification architecture that was developed for this
experimental work, such movements could possibly lead to false GII positives, and
a preliminary experiment was conducted in order to assess the robustness of the
classifier to such events.

3.4.7.3 Experimental evaluation of the robustness of the global classi-
fier to false Gait Initiation Intention (GII) positives

Testing the global classifier on the recordings from the False Positives (FP) ex-
periment showed that Miscellaneous Movements (MM) were prone to be classified
as Gait Initiation Intentions, rather than one of the other movement classes (Left
Step or Right Step). This shows that Miscellaneous Movements exhibit features
that are similar to the GII class, and can induce false GII positives if not taken
into account when training the classifiers. This is not a desired behaviour dur-
ing the normal use of a lower-limb assistive exoskeleton. However, when adding
the FP recordings to the training set of the global classifier, GII false positives
were reduced to only 1.5%, most of which happened punctually (meaning that one
window was classified as GII in between correctly-classified MM windows). This
rate could be further reduced by adding a filter which would not initiate gait of
the robot in such cases. Figure 3.14 also shows that the classified movements are
differentiable, and confirms the specificity of the patterns used to detect gait ini-
tiation intention. Additionally testing the 5-class classifier on the CS experiment
confirms that the enriched classification architecture can be used to effectively
prevent false GII positives, with limited false negative rates, and no loss of per-
formance compared to the original global classifier.

A preliminary online implementation was tested on one participant who had
not taken part to any of the previous experiments, and showed good results in
detecting the Gait Initiation Intention, and preventing False Positives by correctly
identifying performed Miscellaneous Movements. However, since this was only a
preliminary test, no quantitative analysis of the data was performed.
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| Limitations and prospects of the study.

This study shows that anticipatory movements of the upper-body before gait initi-
ation seem to be retrieved in able-bodied participants using a lower-limb exoskele-
ton. The participants exhibited a similar movement strategy to trigger gait in the
robot. However, further experiments need to be conducted with more participants
to refine and generalize these results, and strengthen the statistical analysis. For
example, by involving more participants who have no previous experience in using
the exoskeleton, it would be possible to assess the influence of usage experience on
both the movement strategies, and the classification outcome. More trials could
also be necessary to assess how strategies can evolve in time, and whether partic-
ipants are able to adapt to false classification negative occurrences by performing
sets of movements that are even more specific, and with less variability.

Additional feature selection steps should also be considered to further reduce
the high number of dimensions of the feature space, and properly avoid the over-
fitting that can occur in more generic settings. This study systematically used all
18 IMU signals to construct the LDA classifiers. However, signal-specific selection
can be performed, and the possible redundancies between both arm IMUs due to
their symmetrical placement can be exploited.

It is also important to note that lower-limb assistive devices are aimed at being
used with SCI patients with different injury levels. Therefore, it is necessary to
evaluate how these various experiments can affect the upper-body movements. The
Atalante exoskeleton was specifically designed to be used by patients with lower-
limb impairments who still have mobility above the waist level. It is hypothesized
that such a category of patients could rely on similar movement strategies to
express gait initiation intention to those exhibited by the able-bodied participants
included in this study. Further experiments with patients need to be conducted to
confirm this hypothesis. If it is not confirmed, the classification architecture could
still be used by asking the patients to perform any movements they find intuitive
to trigger the walking state of the robot. Recording of such movements can then be
used as a basis to construct a training data set for a new patient-specific classifier.

BAW | Conclusion.

This work showed that participants in a non-back drivable exoskeleton actively
engaged in a gait initiation strategy similar to the natural precursor patterns
exhibited in a free environment, by shifting the right side of their upper body
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forwards and towards the standing leg. By building a standard classification ar-
chitecture using free walking data as a training set, gait initiation intention was
then successfully detected when starting from an upright standstill position in the
lower-limb assistive exoskeleton. Robustness of the classifier against false positives
triggered by everyday movements was assessed in a supplementary experiment by
adding real life gestures to the training set, which confirmed that the classification
architecture could be made more robust to false gait initiation positives.

Further experiments need to be conducted for refinement and generalization
of the results. Patients can then be included in more ecological environments
to assess the transferability of these methods and the able-based classifiers to
more realistic mobility scenarios and real-life use cases. However, this work is
encouraging for future developments for machine-learning-based control strategies
in lower limb assistive exoskeletons.






Chapter 4

Detecting the Gait Termination In-
tention

This chapter focuses on gait termination, and investigates how different charac-
teristics of natural arm swing movements can be used to identify and maintain
the walking state of the exoskeleton through a dead-man switch approach. FEssen-
tially, since the exoskeleton is in a dynamical state during gait, short patterns in
the IMU signals specific to gait termination (e.g. a braking movement) can be
harder to extract. Therefore, by relying on a threshold-based classifier constructed
upon descriptive features of actively maintained arm swing movements, it is pos-
sible to build an easier gait termination detection method where the transition
between the walking and standstill states occurs whenever arm movements cease,
and the corresponding patterns in the IMU signals disappear. First, analysis of
arm IMU signals allowed to identify three amplitude and coordination-based fea-
tures for the classification architecture. Then, an online implementation of this
novel gait termination detection interface in the Atalante exoskeleton was tested
with 11 unimpaired participants. Lastly, preliminary tests were also conducted with
two patients.
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Gait termination: definition and charac-
' teristics.

4.1.1 The mechanisms of gait termination

Gait termination, or stopping, is defined as the transition between steady-state
walking and upright standing. One of the earliest studies on the subject was
conducted by Jaeger et al. (1992), who identified two mechanisms involved in gait
termination: a decrease in push-off force during the last step prior to termination,
and an increased braking force during the final stance phase (with both feet on the
ground). They also found that depending on the timing of a stopping cue during
the gait cycle, an additional step might be required to terminate gait (after 18%
of the gait cycle for unplanned stopping). However, in some cases, part of the
kinetic energy of the body can be converted into potential energy by rising up on
the toes, and therefore avoid an extra step (Hase et al. 1998).

Jian et al. (1993) further investigated the relationship between the CoM (Cen-
ter of Mass) and CoP (Center of Pressure) trajectories during gait termination,
and essentially found that they were mirror images of their trajectories during
gait initiation: after toe-off of the last swing leg, the CoP is ahead and lateral
of the CoM, provoking its fast deceleration in the antero-posterior direction, and
bringing it medially between the feet. At heel-strike of the stance leg, the CoP
moves laterally and anteriorly to slow down the CoM during a final brake period
which extends at about 150% of the gait cycle. Figure 4.1 was adapted from Jian
et al. (1993) and summarizes these results.

Different studies have focused on two types of gait termination: planned and
unplanned stopping (Sparrow et al. 2005). In planned stopping, the feet usually
land parallel to each other after the last stance phase. On the other hand, un-
planned stopping is adopted as a reaction to an external cue or an obstacle, and
one foot generally stops in front of the other. Planned stopping requires a longer
delay of approximately 0.5 s before effective termination, which corresponds to
the time needed to bring one foot next to the other (Jaeger et al. 1992).

4.1.2 Effects of walking speed

In a study on the effects of velocity on gait termination strategies, M. Bishop
et al. (2004) showed that the soleus muscles of both the stance and swing legs
during planned and unplanned stopping trials were active before heel-strike, with
a decreasing onset time as the cadence increased. The braking forces required
for stopping also increased with the cadence of walking, with more contribution
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from the last stance leg at higher velocity. Finally, walking speed also affects the
probability of adding an extra step to properly terminate gait, as the stopping
cue should appear earlier to provide more reaction time for effective stopping: at
different speeds, a stopping cue initiated at the same relative time of the gait cycle
would provide less total response time when walking at the higher velocity (Tirosh
et al. 2004).

4.1.3 Upper-body behaviour during gait termination

The upper-body accounts for two thirds of the total body mass (Winter et al.
1990), and an anticipatory top-down control strategy (from head to pelvis) is used
during locomotor tasks for balance, and maintaining a stabilized visual platform
for safe ambulation (Prince et al. 1994). During gait termination, the CoP acts
on the CoM to bring it into the stability region defined by Pai et al. (1997),
and stabilize the body into a halt. This means that the braking forces exerted
by the lower limbs act to decelerate the upper-body, and the Head-Arms-Trunk
(HAT) segment therefore loses energy in the antero-posterior direction (O’Kane
et al. 2003). Comparative studies between young and older women showed an
age-related active role of the upper-body in contributing to the gait termination
mechanisms (Rum et al. 2017, 2019). Both age groups exhibited slight flexion
of the trunk, and backward movements of the head and pelvis during braking.
However, young women showed more stable and less variable coordination patterns
of the upper body segments, as well as an increased attenuation of accelerations
from one segment to the other, and a backward velocity of the trunk during
the braking and stabilization phases. Conversely, older women were not able to
effectively dampen accelerations across different upper-body levels, and exhibited
higher medio-lateral accelerations during the late phase of gait termination, and
a tendency to keep flexing the trunk even during stabilization. The medio-lateral
accelerations of the upper-body were similarly high in impaired patients suffering
from neuropathologies in a different study by O’Kane et al. (2003).

4.1.4 Gait termination in the Atalante exoskeleton

When walking with the Atalante exoskeleton, gait termination can be triggered
by pushing on the standstill button on the remote controller. A stop event is sent
for the finite state machine to transition between gait and a resting state. The
active swing leg finishes its current step, and the other leg is brought forward next
to it, so that the robot goes back to its standard standstill position with both feet
parallel on the ground.

In the context of this thesis, the possibility of replacing the current button-
based method for terminating gait by a more natural and intuitive control interface
was evaluated. However, the findings described in 4.1.3 suggest that, contrary to
gait initiation, the gait termination mechanisms mainly involve the lower-body
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to produce braking forces and decelerate the whole body, while the upper-body
patterns can contribute to the overall stabilization and balance, and help bringing
back the CoM into the stability region. This poses the problem of identifying
an adequate anticipatory behaviour of the upper-body to try and detect the gait
termination intention in the Atalante exoskeleton, since no active braking forces
can be exerted by the lower limbs in the robot. One possibility would be to prede-
fine a specific anticipatory movement of the upper-body, such as a backward tilt,
to express the intention of stopping. However, while a counteracting movement
against the forward progression of the exoskeleton might seem intuitive, and on
par with the findings of Rum et al. (2019), where the trunk, even though be-
ing flexed, showed a backwards velocity towards extension, the dynamics of the
robot during walking make it difficult to observe small and punctual transitioning
movements in kinematic data recorded by IMUs. The approach taken in this work
was to rather rely on a maintained gait-related upper-body movement that would
slow down or cease as an anticipation for stopping, and that would be easier to
distinguish and extract from kinematics data; namely arm swing.

| Arm swing movements during gait.

4.2.1 The mechanisms of arm swing

There is an ongoing debate on whether arm swing movements are the result of
passive dynamics or active muscle mechanisms, though it seems that both types
of phenomena are involved (Collins et al. 2009; Meyns et al. 2013; Goudriaan
et al. 2014). However, it is clear that a strong coordination relationship exists
between arm and leg movements during gait. A study by Wannier et al. (2001)
showed that upper and lower limbs remain coordinated during different human
locomotor activities — namely walking, creeping, and swimming — with locked
frequencies at a small integer ratio. During gait, this relationship is dependent on
walking speed, and shifts from 2:1 at low velocities, with arm swing being locked
onto step frequency, to 1:1 at higher velocities, with arm swing being locked onto
stride frequency (Van Emmerik et al. 1998). According to results from a study by
Wagenaar et al. (2000), the preferred movement frequencies of the arms can be
predicted based on their resonant frequencies at low speeds, and those of the legs
at higher speeds. Notably, this coordination is preserved even when adding a mass
to one of the moving segments: for example, loading an ankle will lead to a general
reorganization, where muscle activity and movements of all limbs, including the
arms, will be modulated to maintain cadence constancy during gait (Donker et al.
2002). However, while coordination of the upper and lower limbs is preserved,
it can also be affected by the walking condition: Carpinella et al. (2010) showed
that treadmill and overground walking exhibit significantly different patterns of
arm-leg coordination.
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Overall, the relationship observed between upper and lower limbs during gait
might reflect a task-dependent coupling of neuronal circuits controlling arm and leg
movements, through specific pathways that might be gated by the so-called Central
Pattern Generator (Dietz 2002a). Further evidence for this hypothesis have been
brought by Calancie et al. (1996), who detected interlimb reflex responses at the
upper body when stimulating the tibial nerve at the ankle of Spinal Cord Injury
(SCI) patients. However, while this might be evidence of a remaining piece of
quadrupedal locomotion, arm swing has also shown to be functional during bipedal
walking.

4.2.2 The function of arm swing

One of the first studies on the function of arms during walking was conducted by
Elftman (1939). One of his main findings was that arm swing movements regulate
the torsion of the body around the vertical axis through reduction of angular
momentum. Additional studies later confirmed his observations (Bruijn et al.
2008; Collins et al. 2009), and also showed reduction in ground reaction moment
when arms were involved compared to restricted arm movement conditions (Collins
et al. 2009). These findings suggest that arm movements during walking help
reducing energy expenditure, which was confirmed in several works where oxygen
consumption was measured (Umberger 2008; Collins et al. 2009). However, the
contribution of arm swing to gait stability remains unclear (Meyns et al. 2013),
although it was shown that excessive arm swing might improve dynamic gait
stability in the medio-lateral direction (Punt et al. 2015), and that arm movements
provide better resistance to external perturbations, and allow to effectively recover
from imbalance and return to normal gait (Bruijn et al. 2010). Deliberate changes
in arm swing during walking (such as strapping the arms, or in-phase movements)
have also been shown to influence the gait pattern (Eke-Okoro et al. 1997).

4.2.3 Arm swing in impaired individuals

In several neurological pathologies, such as Parkinson’s Disease (PD), hemiplegia
in post-stroke individuals, or SCI, arm swing amplitude during walking can be
affected, and is generally decreased (Dietz 2011; Meyns et al. 2013). For example,
in people with hemiplegia, the impaired arm shows a reduced movement amplitude
compared to the non-involved arm (Ford et al. 2007). Similarly, patients suffering
from neurological pathologies can show reduced coordination of the limbs (Meyns
et al. 2013). However, for some individuals, synchronization is preserved, but
the movement pattern is altered: Tester et al. (2012) showed that incomplete
SCI (iSCI) patients kept a high coordination of arm and leg movements during
treadmill walking, but with a 1:1 frequency relationship regardless of speed. The
altered 1:1 pattern at low speeds might have been indicative of compensatory
strategies aiming at enhancing balance. In some other cases, for example with
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high-functioning stroke individuals, no differences in coordination were observed
compared to unimpaired controls (Stephenson et al. 2008).

Incorporating arm movements during rehabilitation of neurologically impaired
individuals might be beneficial, given the growing evidence that upper and lower
limbs are strongly coupled during gait-related tasks (Dietz 2011; Meyns et al.
2013). Patients such as hemiplegic individuals have successfully shown their ability
at actively responding to instructions and modulating their arm movements (Ford
et al. 2007). Furthermore, by involving arm rhythmic movements in rehabilitative
settings, lower limb muscle activation might be enhanced (Ferris et al. 2006). This
suggests that an arm-swing-based control strategy for a lower-limb exoskeleton
might not only be natural, but it would actively engage patients in rehabilitation
settings during gait, and therefore prove to be beneficial.

4.2.4 Walking detection rather than gait termination de-
tection: a dead-man switch approach based on arm
swing

As already stated above, detecting a punctual transitioning movement from IMU
signals to terminate gait in a lower-limb exoskeleton might be difficult to achieve.
It was therefore decided to take another approach for building an effective gait
termination control interface: rather than detecting the actual gait termination
intention, it would be possible to rely on explicitly maintained arm swing move-
ments as an indicator of a walking intention. In such a scheme, the exoskeleton
would continue walking as long as arm swing is maintained, and would terminate
gait as soon as arm movements cease. This strategy can be related to the dead-
man switch approach, where a given mechanism is activated or deactivated when
a specific action ceases (for example, in train locomotives, a dead man’s switch
is mounted on the control handle such that the breaks would engage if the con-
ductor released their grip). A preliminary experiment was therefore conducted to
evaluate arm swing possibilities in the Atalante exoskeleton, and build a control
interface to be evaluated in a subsequent validation experiment.

Exploring arm swing during walk in the

exoskeleton: a preliminary experiment.

4.3.1 The experimental setup



86 Detecting the Gait Termination Intention

This preliminary exploratory experiment (EE) was conducted to determine whether
arms dynamics could take over the exoskeleton dynamics during walk, and be eas-
ily extracted from IMU signals. A secondary analysis of the signals was then used
for the identification of discriminative features of arm swing during gait in the
exoskeleton. Four unimpaired participants participated in the EE. They were all
men, aged 28 + 3.9 years old, with an average height of 175.5 + 3.2 ¢cm and an
average weight of 66.8 4.3 kg. They were all used to walking in the exoskeleton.
Before the experiment started, they were equipped with 2 NGIMUs: one on each
arm, similarly to 3.3.1. Each participant then performed 4 walks in the exoskele-
ton, over a distance of approximately 5 meters. For each walk, they were asked to
exhibit a different amplitude in their arm oscillations: no forced movement (NM),
low amplitude (LA), medium amplitude (MA), and high amplitude (HA). At the
beginning of each walk, the experimenter triggered the walk starting position, and
the participants were asked to start walking by leaning forwards after an audio
cue was emitted. At the end of the walk, the exoskeleton was manually stopped
by the experimenter using the Atalante remote controls, and the participant could
cease oscillating their arms. The experimental setup is described in figure 4.2.

No Movement Explicit Movement
Configuration Configurations

Low
Amplitude

-
—]
) Medium
Amplitude

High
Amplitude

No
Movement

A -

1 ,

B Arm IMU 5 m walk
=

Arm swing

Exoskeletal structure

FIGURE 4.2: Setup of the exploratory experiment. Left: no forced arm move-
ments configuration. Right: explicit arm movements configurations with varying
amplitudes.
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4.3.1.1 No forced arm movements configuration

In a first configuration, the participants were asked to walk in the exoskeleton as
they were used to, without any instruction about arm movements (see figure 4.2).
This meant that some amount of arm oscillations could be exhibited, either be-
cause the involved participant was used to swing their arms while walking in the
exoskeleton, or because they were induced by the dynamics of the exoskeleton
during the walk.

4.3.1.2 Explicit arm swing configurations with varying amplitudes

In the remaining configurations, the participants were asked to explicitly swing
their arms back and forth in the antero-posterior plane, in order to mimic the
natural arm oscillations exhibited by unimpaired individuals during walk. For each
configuration, they were asked to exhibit a different level of movement amplitude,
with no alteration in the frequency of oscillations: low, medium, or high (see
figure 4.2). There were no further instructions: this meant that each participant
was free to exhibit whatever amplitudes they were comfortable with, as long as
the relative differences between the different levels were explicit enough.

4.3.2 Data analysis

4.3.2.1 Signal analysis

Analysis of the IMU data focused on the arm angular velocities in the antero-
posterior plane, in which the arm oscillations occur. The signals were low-pass
filtered using a second-order Butterworth filter with a 1 Hz cutoff frequency. This
frequency was chosen during the post-processing step in order to reduce noise as
mush as possible, without affecting the oscillatory dynamics of the arms. For
all configurations and all participants, the beginning and ending of the walk were
respectively defined as the moment after which the participant had leaned forwards
and started swinging their arms, and the moment when the arm oscillations had
ceased. A preliminary analysis was conducted both in the time domain and in the
frequency domain to determine the effects of higher arm oscillation amplitudes on
the recorded IMU signals. No statistical analysis was conducted at this point, since
the number of samples was too small. However, trends in the data were visually
assessed, and used to form base hypotheses for the derivation of arm swing-related
features in a secondary analysis.
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Time domain In the time domain, amplitude of the movements and coordina-
tion of the arms for each participant and each explicit movement configuration were
evaluated. The angular velocity signals during walk in these configurations were
first divided into half-periods of arm oscillations using a zero-crossing detection
algorithm. The output of the algorithm was then checked and manually corrected
when necessary. The amplitude of movements for each arm was evaluated based
on the average angular range of the integrated angular velocities computed across
the full periods of oscillations for each participant and configuration. If x is the
integrated IMU signal over one period from a given trial, and x is of length N,
the angular range simply writes as:

Af(x) = maxz [n] — minz [n] (4.1)

Coordination of the arms was evaluated using normalized cross-correlation
(NCC) of the arm signals (Ferris et al. 2006; Stephenson et al. 2008). Cross-
correlation between two real-valued discrete signals x and y of length NV is defined
as:

2
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(xxy) [k] = ) x[n]y[n+ K] (4.2)
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where k € [O,N — 1] and y[n+k] = 0if n+k > N — 1. It measures the
similarity between two signals x and y for different time lags or delays k. Similarly,
the normalized cross-correlation can be defined as:
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where 1, and p, are the means of z and y, and o, and o, are their stan-
dard deviations. At lag 0, this is equivalent to the Pearson Correlation Coeffi-
cient. Therefore, strongly correlated signals at lag k will have normalized cross-
correlation values closer to 1 (for signals in phase) or —1 (for signals in anti-phase),
and poorly correlated signals will have values closer to 0.

To evaluate the coordination between the left and right arms, the normalized
cross-correlation at lag 0 was calculated for each period of the left arm oscillations
(thus using the left arm as a reference), and these values were averaged to get the
mean cross-correlation for each participant and each configuration.

For both the angular range and the cross-correlation, outlier values were re-
moved based on the modified z-score approach (Salgado et al. 2016).
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Frequency domain For the frequency analysis, the Discrete Fourier Transform
(DFT) of the arm angular velocity signals during walk was calculated with a Fast-
Fourier Transform (FFT) algorithm scaled by a factor of 1/v/N, where N is the
length of the corresponding data array. The scaling choice preserves the equality
stated by Parseval’s theorem:

S el = 301X [k (4.4)

where z [n],n € [0, N — 1] are the time-domain samples of the signals, and
X [k],k € [0,n — 1] are the DFT components of the signals.

4.3.3 The dynamics of arm swing during walk in the ex-
oskeleton

Figure 4.3 shows the arm angular velocities in the antero-posterior plane for all par-
ticipants (S1 to S4) and all experimental configurations. The vertical red dashed
lines indicate the beginning and ending of the walk. Since the participants kept
a similar frequency of arms oscillations across configurations, a change in the
amplitude of angular velocities would be positively correlated with a change in
movement amplitude. Therefore, looking at the figure, the participants were able
to modify the amplitudes of their arm oscillations at relatively different levels, as
per the experimenter’s instructions. Additionally, the dynamics of the arms seem
to take over the dynamics of the robot on the angular velocity signals starting from
the medium amplitude, for which there seems to be a stronger oscillatory compo-
nent for both arms at a fixed frequency with less apparent noise, and where the
anti-phase coordination of both arms is more explicit. These aspects are confirmed
by the subsequent time-domain and frequency-domain analyses.

4.3.3.1 Time-domain analysis of the arm swing

The successful modulation of amplitudes is confirmed by figure 4.4, which shows
the mean angular range of arm movements for the explicit arm movements con-
figurations, both for all participants and averaged across the participants.

The figure shows that, on average, the amplitudes of arm movements could
be successfully increased across the configuration levels, even though the relative
differences between two configurations do not seem consistent across the partic-
ipants. In particular, the variability in the average mean angular range seems
to increase as the level of amplitude increases. However, the High Amplitude
configuration seems to lead to higher values overall when compared to the Low
Amplitude configuration.
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FIGURE 4.3: Left (darker shade) and right (lighter shade) arm angular veloci-

ties in the antero-posterior plane for all four subjects and all four experimental

configurations during the Exploratory Experiment. The vertical dashed red lines
indicate the beginning and end of walking.

For one participant (S3), there does not seem to be a difference between the
Low and Medium Amplitude configurations, and for another one (S1) the right
arm seems to have a higher mean angular range for the Medium Amplitude config-
uration than the High Amplitude one. It is also notable that an asymmetry in the
mean angular ranges exists between the left and right arms. However, asymmetry
in arm swing is documented in the literature, and deemed normal up to a ratio
of 2 : 1 — one arm having twice the angular range of the other (Plate et al. 2015;
Killeen et al. 2018).

Additionally, the values of arm swing angular ranges reported in the literature
for natural-speed gait are around 20° (Carpinella et al. 2010; Plate et al. 2015;
Punt et al. 2015). This means that the movements exhibited by the participants
in the Medium Amplitude configurations fall in the normal range of amplitudes
for arm swing. In the High Amplitude configuration, two participants (S2 and S3)
exhibited movements within a similar range, but the other two exhibited values
usually linked to high-speed gait or exaggerated swing. Similarly, values for the
Low Amplitude configuration seem closer to those of low-speed gait.
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FIGURE 4.4: Mean angular range of left (darker shade) and right (lighter shade)
arm movements in the antero-posterior plane during the Exploratory Experi-
ment for all participants and all explicit movement configurations. Left: mean
angular range (+ SD) for all participants and configurations. Right: Mean angu-
lar range values (pm SD) averaged across all participants for each configuration.

Figure 4.5.A shows the mean normalized cross-correlation values at lag 0 be-
tween the angular velocity signals of both arms for all subjects and all explicit
oscillation configurations. The normalized cross-correlations between the left and
right arm angular velocities were calculated with the left arm as a reference for
the oscillation periods, and indicate how the inter-arms coordination evolves as
the amplitude increases.

The figure shows that the mean cross-correlation values are closer to —1 for the
higher amplitude configurations, with lower standard deviations. This means that
the arms coordination, corresponding to back and forth oscillations of the arms
in anti-phase, can be better detected when the arms swing at higher amplitudes.
This was expected, since the signals at higher amplitudes seem less affected by
the exoskeleton’s dynamics.

Figure 4.5.B shows one example of inter-arms coordination during the High
Amplitude configuration of participant S2. On the left side of the figure, the
normalized left and right angular velocities in the antero-posterior plane have been
represented as a function of cycle advancement for all periods of arm oscillations,
using the left arm as a reference. Normalized angular velocities have also been
plotted on the left arm - right arm plane on the right side of the figure, after the
data have been subsampled at 80 Hz for better visualization. On this plot, the
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data points mainly lie on the —45°-oriented diagonal, confirming that there is a
strong anti-phase coordination between the arms.

4.3.3.2 Frequency-domain analysis of the arm swing

Figure 4.6.A represents the Discrete Fourier Transform (DFT) of the arm angular
velocity signals during walk for all participants and all configurations up to 10 Hz.

Figure 4.6.B shows the frequencies with the highest coefficient magnitudes for
all participants and all configurations.

Together, both figures show how a frequency component in the range of
[0.6,0.7] Hz is more present as the amplitude increases, which therefore corre-
sponds to the arm swing frequency. Knowing that the exoskeleton walks at a
stride frequency of approximately 1.3 to 1.4 Hz, this seems to show a natural ten-
dency of the participants to try and lock their arm oscillations onto the steps pace
of the robot, without being explicitly told to do so. These observations confirm
that the oscillatory dynamics of the arms are more visible in the IMU signals as
the amplitude increases.

4.3.4 Deriving distinctive features of arms swing during walk
in the exoskeleton

The previous section shows that medium to high amplitude oscillatory movements
of the arms during walk in the exoskeleton can be extracted from gyroscopic
signals in spite of the dynamics of the robot and the disturbances they induce.
In particular, it seems possible to build a walking control interface based on the
dead-man switch approach by relying on such arm movements and extracting
relevant features that can discriminate between the walking and resting states of
arm oscillations. These features can be derived based on the observations made
in the previous section:

e The possibility of modulating the amplitude of arm swing, and preserving
medium to high amplitude movements while walking in the exoskeleton;

e The coordination between the left and right arm as they oscillate in an
anti-phase fashion in the antero-posterior plane;

e The rhythmic movements of the arms at a given frequency around 0.6 to 0.7
Hz.

A secondary analysis of data signals obtained from the EE allowed to de-
rive a set of such distinctive features, for which a threshold-based classification
architecture can be implemented to correctly detect the walking intention of an
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plicit movement configurations. B. Example of inter-arms coordination for participant
S3 during the High Amplitude configuration. Left: Normalized angular velocities in
the antero-posterior plane of the left (dark shade, top) and right (light shade, bottom)
arms for all periods of arm oscillations, using the left arm as a reference. Right: Nor-
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configurations. B. Frequencies with the highest power in the frequency-domain
for all four subjects, and all four configurations.
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exoskeleton user. All these features were chosen to be scalar, and derived from
a 1 s sliding window with a 50% increment on the left and right arm angular
velocities in the antero-posterior plane during walk. The window size was chosen
to be greater than a half-period of arms oscillations.

Since only a small number of participants took part in the EE, no statistical
analysis could be performed to assess the differences in the feature values across
the different configurations other than visually. Thus, it is important to note
that the chosen features can only be hypothesized to be good candidates for a
threshold-based classification architecture, by relying on the observations made
from the available data.

4.3.4.1 Amplitude-based features

Amplitude-based features aim at correctly detecting the presence of arm oscilla-
tions explicitly maintained by the exoskeleton user, rather than them being an
effect of the robot dynamics. For example, the Maximum Absolute Value (MAV)
of a data window can be one such feature. However, it is a spatial feature that
does not take into account the temporal evolution of a signal — which can intro-
duce time delays in a detection architecture. Therefore, the Root Mean Square
(RMS) value of the window was used instead. The RMS of a discrete signal  of
length N is defined as:

=

-1

SN ) 2 (4.5)

Il
o

It is a more descriptive feature that can encompass temporal aspects of the
signal while giving out information about its amplitude. It is common to use it on
acceleration signals when conducting gait analyses (Sekine et al. 2013). Physically,
it can be seen as a measure of “energy".

Figure 4.7.A shows the mean RMS values of the angular velocities computed
across the sliding window during walk, for each participant and each configura-
tion, and averaged across all participants for each configuration. Looking at the
figure, it seems that the RMS of the signals increases when higher amplitude os-
cillations are maintained, as expected. More importantly, it seems that the RMS
for the High and Medium Amplitude configurations can be distinguished from the
lower values of the No Forced Movement configuration by relying on a common
threshold for all participants. Thus, it can be hypothesized that the RMS is a
good candidate for a threshold-based classification architecture. Note however
that there are more variations in the RMS values between participants for the
High Amplitude configuration: in particular, participant S2 exhibited higher am-
plitude movements, with RMS values twice as high as participants S1 and S3 for
the left arm.
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Figure 4.7.B additionally shows one example of how the RMS value drops
earlier than the Maximum Absolute Value (MAV), thus making it more suitable
for the detection of gait termination when the arms cease to swing. The example
is taken from the High Amplitude data of the left arm from participant S3. The
window indicated by the dashed red line presents a high value of angular velocity
in its early samples (as seen on the bottom plot), which is captured by the MAV,
but nuanced through the RMS.

4.3.4.2 Coordination-based features

As seen in 4.3.3, coordination of the arms during walk can be assessed using
the normalized cross-correlation of the angular velocity signals at lag 0 (Eq.4.3).
Figure 4.8 shows the mean normalized cross-correlation values at lag 0 between the
left and right arm signals computed across the sliding window during walk, for each
participant and each configuration, and averaged across all participants. It can
be seen that the normalized cross-correlation is closer to —1 for the Medium and
High Amplitude configurations, with little variance. It therefore seems that the
normalized cross-correlation can be used as an indicator of explicitly maintained
arm swing in a threshold-based classification architecture.
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FIGURE 4.8: Mean normalized cross-correlation (+ SD) at lag 0 computed

between the left and right arm angular velocities in the antero-posterior plane

during the Exploratory Experiment. Left: Mean values for all participants and

configurations. Right: Mean values averaged across all participants for each
configuration.
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Figure 4.5.B showed how the anti-phase coordination between the arms can
be visualized in the left arm - right arm plane, where the normalized data points
mainly lie on the —45° diagonal when the movements are coordinated (normal-
ization is important to erase the effects of arm swing asymmetry). Therefore, for
each window of data, it would be possible to evaluate arm coordination through
the angle of the principal direction along which the data points vary. This can be
achieved through Principal Component Analysis (PCA). PCA is a dimensional-
ity reduction technique that consists in orthogonally projecting a data set onto a
linear subspace that maximizes its variance (C. Bishop 2006). For a data set of
dimension N, it can be proven that the optimal subspace of dimension M < N
for which the variance of the linear projection of the data is maximized is defined
by the M eigenvectors corresponding to the M largest eigenvalues of the data
covariance matrix. Each eigenvalue is then equal to the variance of the data along
the corresponding eigenvector, and the eigenvectors are known as the principal
components of the data.

PCA has been previously used to evaluate the coordination between different
parts of the body during movement (St-Onge et al. 2003). In the case of anti-
phase movements of the arms during walking, the first principal component of
the data formed by the left and right arm angular velocities was hypothesized
to be the —45° diagonal. This is confirmed in figure 4.9.A, where the direction
of the first principal component has been reported for each participant and each
configuration for the normalized angular velocity data during walk. It can be seen
that for all the explicit movement configurations, the first principal component
computed for the data during walk seems oriented along a similar direction, that
gets closer to —45° as the amplitude increases. Additionally, the variance of the
data along the direction orthogonal to the principal component seems to decrease
as the amplitude increases.

Figure 4.9.B shows the mean angle values of the first principal component
computed across the sliding window during walk, for each participant and each
configuration, and averaged across all participants for each configuration. It con-
firms that the angle of the first principal component tends to be closer to —45°
for the higher amplitude configurations, even when the PCA is computed over
fewer data points than the entire walk. It might therefore be a good candidate as
a feature for a threshold-based classification architecture, by setting both a high
and low threshold that would delimit an interval containing the —45° value.

4.3.4.3 Frequency-based features

Most frequency-related metrics that can be derived from a stream of data rely
on the spectral analysis of the signals, which is possible through DFT via a FFT
algorithm. However, the frequency resolution for the FFT of a signal = of length
N and sampling frequency fg is given by:

Af = fﬁ (4.6)
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arms velocity data (& SD). Left: Mean values for all participants and configurations.
Right: Mean values averaged across all participants for each configuration.



100 Detecting the Gait Termination Intention

In the case of the 1 s windowed angular velocity signals, Af = 1 Hz, which is
a poor resolution for the frequency range described in 4.3.3.2.

Therefore, no frequency-related feature were derived. However, the frequency
analysis in 4.3.3.2 confirms that the 1 Hz cutoff frequency for the Butterworth
filter can be retained in an online implementation of a threshold-based classifica-
tion architecture, since arm swing movements operate in the frequency range of

(0.6, 0.7] Hz.

4.3.4.4 Choosing adequate threshold values

The features described in the previous paragraphs have also been chosen so that
the retained threshold values could be expected to be good approximations in a
first implementation of the classification architecture, despite the small number
of samples. This could lead to some amount of overfitting when choosing the
threshold values, but adjustments and more fine-tuning can be easily made if
required.

Overall, the base rule for choosing a threshold value was that for all partici-
pants in the Medium and High Amplitude configurations, the mean feature values
=+ one standard deviation would be recognized as walking values.

Figure 4.10 shows the feature space obtained by computing the different fea-
tures over the sliding window during walk for all participants, for the Medium and
High Amplitude configurations (in red) and the No Forced Movement configura-
tion (in blue). For the RMS feature, only the RMS of the left arm was taken into
account for the visualization. The figure also shows the projections of the data
points on the planes formed by the different pairs of features, with the threshold
values represented as dashed red lines.

The RMS feature The threshold for the RMS feature was chosen to be 11°/s.

One note of importance is that the classification architecture would require the
exoskeleton users to actively stop their arm swing movements in order to express
their gait termination intention and make the robot stop. Such a behaviour is
different from what was displayed during the No Forced Movement configuration,
where some amount of oscillations could still be expressed, as an effect of the dy-
namics of the robot for example. However, it can be hypothesized that actively
stopping the arm movements would make the upper body behave as a damp-
ing system, leading to even smaller RMS values than the No Forced Movement
configuration, and an even lower threshold.
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The normalized cross-correlation feature The threshold for the normalized
cross-correlation was chosen to be —0.3.

The angle of the first principal component feature For the angle of the
first principal component, there were both a high and a low threshold. The interval
was chosen to be [—5°, —75°].

4.3.5 A threshold-based classification architecture as the
walking control interface

The three features derived in 4.3.4 can be used in a simple threshold-based clas-
sification architecture that would distinguish between two possible states:

e The exoskeleton user is currently walking;

e The exoskeleton user wishes the robot to stop.

The first state should be maintained as long as the user actively swings their
arms with a medium to high amplitude, and gait termination should occur when
the oscillations of the arms cease. Therefore, the three features can be derived
from a sliding buffer window of data recorded in real-time by the arm IMUs, and
serve as an input for the classification architecture. The classifier would implement
three rules based on the derived thresholds for each feature, and could then rely
on a majority-vote scheme to decide between the two possible states — meaning
that the global output of the classifier is taken as the output given by at least two
out of the three threshold-based rules (Preece et al. 2009b).

For a window of data containing the angular velocity signals z; and z,, the
three threshold-based rules can be summarized as follows:

1if RMS(z;) > 11 and RMS(x,) > 11,
rRMS($Z;$r> = (

0if RMS(z;) <11 or RMS(x,) <11

. (21.2,) = 1 if angle(x;, z,) € [-5,—75], (47)
anglel™h 5/ 0 if angle(xy, x,) ¢ [—5, —T5] '
r ({E T ) _ Lif (l‘l *x"‘)norm [0] < 073
NECELTI TN 0if (yxay), [0] > 0.3

where, for two signals = and y, angle(z,y) is the angle of the first principal
component of the data formed by x and y. Therefore, the final output of the
classifier is given by:
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(4.8)

r (37 x ) o 1if TRMS(l'la xr) + Tangle(xla wr) + TNCC(xla xr) Z 2a
1 s L .
cotall 0 if rrars (%1, T0) + Tangte (71, ) + "o (T, 7,) < 2

Figure 4.11 shows the output results when the classification architecture is
implemented offline on the data from the EE, for all participants and all con-
figurations. As expected, the classifier seems to perform well on the data from
the Medium and High Amplitude configurations, with the walking state being
correctly detected compared to the No Movement and the Low Amplitude config-
urations: for the High Amplitude configuration, all windows corresponding to the
walking state were correctly classified; for the Medium Amplitude configuration,
one window was misclassified during the walk for participants S1 and S4. How-
ever, it is possible to make the classifier more robust to such misclassifications by
requiring that a certain number of subsequent windows should output the gait ter-
mination state before the robot can be effectively stopped. Note that the delay in
detecting gait termination for participant S4 during the Medium Amplitude con-
figuration is due to them not having correctly stopped swinging their arms after
the exoskeleton has come to a halt (see figure 4.2). This classification architecture
was more thoroughly tested during a validation experiment.
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Using arm swing movements to walk in the
exoskeleton: a validation experiment.

4.4.1 The experimental setup

A two-configurations Validation Experiment (VE) was conducted to evaluate the
threshold-based classification architecture as an effective control interface for ter-
minating gait in the walking exoskeleton. 11 unimpaired participants (7 men and
4 women) used to walking with the exoskeleton took part in the experiment. They
were aged 27.544.0 years old, with an average height of 176.6 £8.8 cm and an av-
erage weight of 68.0 £ 8.4 kg. They were equipped with the IMU-embedded jacket
described in chapter 2. In both configurations, the classification architecture built
on the features derived from the Exploratory Experiment was used to determine
the state of the robot (walking or not). During the first configuration, the partici-
pants were asked to perform 10 5m-long walks in the exoskeleton while exhibiting
high-amplitude arm movements to express their walking intention (High Ampli-
tude configuration, HA). The starting and ending points of the walks were marked
on the ground with visible tape. During the second configuration, the participants
were asked to perform 5 bm-long walks while exhibiting medium-amplitude arm
swing movements (Medium Amplitude configuration, MA). During both config-
urations, if the exoskeleton stopped before the end of a walk, the participants
were asked to resume walking to complete the 5 m distance. The failed runs were
marked as unwanted stops, and the successful resumed walk was marked as a re-
run. Therefore, the total number of trials in each configuration corresponded to
the total number of successful runs (including reruns), plus the total number of
unwanted stops.

Additionally, in order to make the classification more robust to unwanted stops
during the walk, it was required that two consecutive windows be classified as a
gait termination intent before effectively stopping the robot.

4.4.2 Data and statistical analyses

In this experiment, False Negatives (FNs) corresponded to the occurrences where
the exoskeleton stopped walking despite the participant still swinging their arms.
Accuracy of the threshold-based architecture was therefore evaluated based on the
rate of FNs among the total number of trials.

Signal data from all successful trials (excluding unwanted stops) were used to
assess the amplitude of arm swing, as well as evaluate the time delays for correctly
detecting gait termination after the arms have stopped swinging. A comparison
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of movement amplitudes between both configurations was also conducted, and the
trends for the coordination and amplitude-based features were derived.

For comparing time delays and arm swing amplitudes between both configu-
rations, repeated measures ANOVA tests were conducted based on the participant
values averaged across trials, with the configurations as the within variable. Nor-
mality of the data was assessed using the Shapiro-Wilk test, and the repeated
measures ANOVA was replaced by the non-parametric Friedman test when the
normality assumption failed. Sphericity of the data was also confirmed using
Mauchly’s test. The same tests were used for the analysis of the individual fea-
tures.

4.4.3 Results of the study

4.4.3.1 Accuracy of the classification architecture

A total of 109 trials were retained for the analysis of the HA configuration. 3
trials from 2 different participants were discarded because the data revealed that
the exoskeleton stopped due to a robot balance error, and not because of the
classification architecture, and only 2 occurrences of FNs appeared, corresponding
to a FN rate of 1.83%. In one case, the FN was due to one arm not swinging at a
high enough amplitude, which affected all features. In the other, the FN was due
to a loss of synchronization between both arms, which affected the coordination-
based features.

Figure 4.12.A is an illustration of the latter. In the figure, the result from
each feature is 1 when the walking state is detected, and 0 when gait termination
intention is detected, as described in 4.3.5. For this particular trial, it can be seen
that both coordination-based features output a result of 0 for at least 2 consecutive
windows when a loss of synchronization in arms swing appears. Therefore, the
classifier detects a gait termination intention, even though the RMS feature still
outputs 1. The dashed blue line indicates when the stopping event is sent to the
exoskeleton and the classifier stops running. For comparison purposes, a typical
successful trial from the same participant can be seen in figure 4.12.B: when the
arms stop swinging (indicated by the light blue dashed line), all three features
output 0. It is important to note that since the output results in the figure are
time-indexed, the light blue dashed line does not correspond to a 0 in the results
plots. However, the overlapping shaded areas on the IMU data plot represent the
two consecutive windows for which the classifier has detected a gait termination
intention, and it can be seen that they are comprised of the data immediately
following the arms stop.

For the MA configuration, no trial was discarded. There were 8 FN occur-
rences: 1 in one trial from participant S2, 4 in two trials from participant S6, and
3 in two trials from participant S8. These corresponded to 5 reruns, for a total
number of successful trials of 55, and a FN rate of 14.55%.
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4.4.3.2 Analysis of gait termination detection time delays

To evaluate gait termination detection delays, each trial was manually labeled
to determine the time at which both arms have stopped swinging, based on the
amplitude of the angular velocity IMU signals (see the light blue dashed line in
figure 4.12.B). The delay for a single trial was then derived as the time duration
elapsed between this labeled point and the time at which the stop event was
effectively sent to the exoskeleton. Figure 4.13 shows the average delays for each
participant and each configuration, as well as the overall average per configuration,
which was evaluated at 1.55 s for the HA configuration and 1.23 s for the MA
configuration. The difference in delays was statistically significant (p < 1072).
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FIGURE 4.13: Average gait termination intention detection delays during the
Validation Experiment for all participants and both configurations. The dashed
lines represent the averaged values across all participants

4.4.3.3 Analysis of arm swing amplitude

Arm swing amplitude was evaluated by deriving the mean angular ranges for each
participant, as described in 4.3.2.1. Figure 4.14 shows the resulting values for both
configurations HA and MA.

The average values across all participants were reported on the figure as dashed
lines. For the left arm, they were 41.3° + 10.9° for the HA configuration and
20.6°+9.2° for the MA configuration, and for the right arm, they were 40.2° +9.6°
for the HA configuration and 20.7°+9.2° for the MA configuration. For both arms,
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arm).

the difference in mean angular ranges between both configurations was statistically
significant (p < 107%).

4.4.3.4 Analysis of the classifier features

To analyze the different classifier features, their mean values for each trial were
computed during walking (up to the manually labeled arms stop). Average values
across all trials for each participant were then derived. The same methods were
applied for the mean standard deviations, in order to evaluate the mean variations
in the feature values during the participants’ trials. The results are presented in
figure 4.15, which shows the average values during walking for each of the three
features for all participants, and both configurations. The vertical bars and shaded
areas represent the average standard deviations, and the dashed red lines represent
the threshold values for the different features.

The differences in average means between both configurations were statisti-
cally significant for both arms RMS values (p < 107*) and the normalized cross-
correlation feature (p < 1072), but not for the angle of the first principal compo-
nent. The differences in average standard deviations were statistically significant
for all features: for both arms RMS values, the standard deviations were higher
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for the HA configuration (p < 107%), and for the normalized cross-correlation
and angle features, the standard deviations were higher for the MA configuration
(p < 0.05).
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FIGURE 4.15: Mean average values of the three features for each participant

and for both configurations. For the RMS feature, only the left arm is shown.

The vertical bars and shaded areas represent the average standard deviations of

the corresponding features for each participant. The dashed red lines represent
the threshold values for the different features.

The rates of wrong outputs (0 instead of 1) for each feature during walking
in the successful trials were also derived, and can be seen in table 4.1. In the
HA configuration, the output from the angle feature was wrong in 0.27% of the
data windows across all participants and all trials, in 0.18% from the normalized
cross-correlation feature, and in 0.06% from the RMS feature. In the MA con-
figuration, the rates were 0.18% for the angle feature, 0.30% for the normalized
cross-correlation feature, and 4.7% for the RMS feature. The distribution of wrong
outputs between all participants are shown for both configurations in figure 4.16:
in the HA configuration, wrong outputs in at least one feature were exhibitted
by only four different participants, and most came from participant S11. In the
MA configuration, wrong outputs were exhibitted by seven different participants.
Three participants never showed any wrong output.
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High Amplitude Medium Amplitude
RMS 0.06% 4.7%
PC1 angle 0.27% 0.18%
NCC 0.18% 0.30%

TABLE 4.1: Rates of wrong outputs during the Validation Experiment for both
configurations and all features.
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FIGURE 4.16: Distribution of wrong ouput windows during walking among
the participants for each feature and both configurations, in all successful trials
during the Validation Experiment.
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4.4.4 Discussion

4.4.4.1 Effectiveness of the threshold-based classifier architecture

Overall, the previous results suggest that the threshold-based classifier architecture
was effective at detecting the gait termination intention with low occurrences of
False Negatives in both amplitude configurations — and a lower rate of FNs for the
HA configuration. The participants were successfully able at lowering their arm
swing amplitude for the MA configuration, which was on average divided by two
between both configurations: the average value for the mean arm angular range
was 20°, which corresponds to the values reported in the literature for natural-
speed gait (Carpinella et al. 2010; Plate et al. 2015; Punt et al. 2015). This
shows that the proposed control interface can be effective when exhibiting natural
arm swing movements, and can therefore be intuitive for exoskeleton users while
requiring minimal cognitive burden.

Additionally, analysis of the three different features showed that arms coor-
dination is better when the movements amplitude is high, with less variance in
the feature values, and normalized cross-correlation coefficients closer to —1 on
average. However, in both configurations, the average values for the coordination-
based features were far from the thresholds used during the experiment, and could
therefore be modified. On the contrary, the RMS feature showed higher variance
at a high amplitude, but values closer to the threshold in the MA configuration.
Exaggerated movements therefore seem to express a tighter coupling of the upper
limbs, but give less control on the amplitude of arm swig.

Overall, the three features were individually effective at detecting the walking
intention, with very low rates of wrong outputs: 1% < for all features when arm
swing amplitude was high, 1% < for the first principal component angle and the
normalized cross-correlation features when arm swing amplitude was medium, and
a 4.7% rate for the RMS feature when arm swing amplitude was medium. The
higher number of FNs in the MA configuration was mostly due to low amplitudes
of the arms movements, which seems to correlate with the higher rate of wrong
outputs from the RMS feature: 5 of the 6 FNs in this configuration came from
participants S6 and S8, who had the lowest average RMS values, and average
angular ranges of motion around 10°. More generally, wrong outputs are not evenly
distributed among participants, which shows that subject-dependant parameters
could be selected for an increased effectiveness of the control interface, or that
additional training could improve its accuracy.
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4.4.4.2 Lowering the time delay for gait termination

The previous results seem to confirm that the choice of features to build the
threshold-based classifier architecture was appropriate. However, the time delays
for the detection of gait termination intention can seem relatively high compared
to the 0.5 s delay for planned stopping in the literature (Jaeger et al. 1992), with
average delays higher than 1 s for both configurations. It is important to note
that this duration cannot be lower than 0.5 s, since the design of the classification
algorithm requires two successive windows to output the gait termination state
before effectively sending a stop signal to the exoskeleton. In many cases, when
the arms stop moving, the current window can still be classified as a walking
state, since it can contain data points that were recorded before the arms stopped
swinging (see figure 4.12.B for example). This virtually causes a higher latency,
with delays higher than 1 s (corresponding to two windows). Additionally, the
inertia from the exoskeleton dynamics can cause the arms to continue swinging
for a short time after the participant has ceased any explicit movements, which
may introduce additional delay. This might explain why the average delay was
lower for the MA configuration.

Importantly, the Atalante exoskeleton executes one step in approximately 700
ms, with a step length between 14 and 16 cm. Since the device completes its
current step when the stop event is sent, this means that the time delay results
correspond to stopping it within 2 or 3 steps on average, or approximately 28 to 48
cm. This can be acceptable in settings where precise stopping is not required, such
as in rehabilitation centers where exoskeletons are usually used in long walkways.

To lower the time delays before the stop event is effectively sent to the exoskele-
ton, possible solutions include lowering the time increment of the data windows,
and fine-tuning the feature thresholds for earlier detections. This was evaluated
offline using the data from the Validation Experiment, by applying different val-
ues of the window increment and threshold parameters. For different parameter
combinations, the gain in time delays compared to an offline simulation with the
experiment parameters was computed for each trial in both configurations. The
mean and standard deviation values were derived for each participant, and then
averaged across all participants. The window increment was set every 50 ms be-
tween 50 ms and 500 ms. The threshold values were set based on figure 4.15,
which shows that the experiment thresholds for the angle of the first principal
component feature can be set closer to —45°, and that the threshold for the nor-
malized cross-correlation can be lowered. The threshold value for the RMS was
not modified. A total of three different combinations of the threshold parameters
were tested: (1) same thresholds as the experiment; (2) —0.5 for the normalized
cross-correlation and [—70°, —15°] for the first principal component angle; and (3)
—0.7 for the normalized cross-correlation and [—60°, —25°] for the first principal
component angle.

Results from this offline evaluation are shown in figure 4.17, where the rate of
potential FNs for each combination was also reported.
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FIGURE 4.17: Top: Average gain in time delays for both configurations for dif-
ferent combinations of the window increment and feature threshold parameters.
Bottom: Number of FNs detected for the different combinations of parameters.

From the figure, it is clear that time delays can be successfully lowered in
both configurations when the window increment is made shorter, and when the
threshold values for the coordination-based features are modified. However, this
induces higher occurrences of FNs as the window increment gets shorter, and as the
thresholds allow for less variability of the feature values. In particular, combination
(3) of the threshold parameters seems to highly increase the rate of FNs, even at
high window increments in the MA configuration. Setting the window increment
between 250 and 400 ms with combination (1) of the threshold parameters might
offer a good trade-off between the gain in detection delays (around 0.5 s) and
occurrences of FNs (up to 10% in the MA configuration). Additionally, it can be
reasonably hypothesized that some amount of training with the control interface
might reduce the number of FNs (for example, by getting used to the right arm
swing amplitude, and avoiding loss of coordination between the arms).
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| Preliminary testing with patients.

Two preliminary qualitative tests of the gait termination control interface eval-
uated in the previous section were conducted with two different patients: one
paraplegic patient, and one patient suffering from post-cancer body impairments.
They were both regular users of the Atalante exoskeleton, and used to its original
control interface. They were asked to perform at least 2 walks in a 10-m walkway,
using high-amplitude arm swing movements to control the gait after the robot has
started walking.

No quantitative analyses were conducted on the data from these tests, as they
were only conducted as a preliminary investigation to assess whether patients
could successfully use their arm swing movements to control walking and gait
termination in the Atalante exoskeleton. Indeed, both patients were able to per-
form the neccessary arm movements to successfully maintain the walk, and stop
the exoskeleton by ceasing to move, showing that such an interface is a promis-
ing method for the detection of gait termination intention in assitive lower-limb
devices.

| Limitations and prospects of the study.

This study shows promising results for the implementation of a gait termination
interface based on the identification of a maintained walking state through natural
arm swing movements. Participants of the Validation Experiment were able to suc-
cessfully control walking and stopping in the exoskeleton with minimal unwanted
stops from False Negatives, and preliminary tests on patients showed similarly
good results. However, larger cohorts of patients with different pathology levels
should be enrolled in order to assess whether the empirically derived thresholds
for the three amplitude and coordination-based features can be generalized to all
exoskeleton users.

Another idea would be to provide a parametrizable user-friendly interface,
where individual patients could select different threshold values to adjust to their
own capabilities and training levels. The window size and increment could also be
editable, which would allow finer control over the time delays for proper gait termi-
nation. Such an interface could be an integral part of rehabilitation sessions with
an exoskeleton, where patients could select, for example, the required arm swing
amplitude to keep the exoskeleton going. Additional improvements could also be
made to force proper coordination of the arms and legs during rehabilitation, for
example by requiring that each arm should move in phase with the opposite leg,
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as is the case in natural gait patterns. Overall, as there is growing evidence that
actively including the upper-body into lower-limb rehabilitative settings might be
beneficial to impaired individuals (Ferris et al. 2006; Meyns et al. 2013), an arm-
swing based interface could help patients train more efficiently by involving their
arms during walking. In particular, one of the patients who preliminarily tested
the interface appreciated that she could actively move her arms to walk with the
exoskeleton, rather than needing the remote to stop the gait.

However, while such an interface seems promising for rehabilitation settings,
it might be inadequate for certain real-world situations. In particular, the other
patient noted that while the remote control is no longer necessary to stop the
exoskeleton, requiring active movements of the arms might make it difficult to
achieve certain tasks while walking (e.g. holding a kitchen tray or similar objects
with both hands). This difficulty could be overcome by making it possible to
switch between different gait termination methods, and implement less natural
IMU-based gestured inputs to stop the exoskeleton in particular situations (e.g.
lifting the arms sideways in the frontal plane while holding the tray).

‘e | Conclusion.

In this chapter, a control interface for the detection of gait termination was built.
Instead of focusing on a specific movement as a transition between walking and
stopping — similarly to what was done for gait initiation in chapter 3 — the clas-
sical paradigm consisting in detecting punctual inputs for the transition between
different activity modes was reverted to rather focus on maintained arm swing
movements as an identifier of the walking state. A dead-man switch approach
was then used to detect gait termination when arm movements ceased. This was
done by building a threshold-based classification architecture, and relying on a set
of three features: the RMS feature to evaluate the amplitude of arm movements,
and the normalized cross-correlation and angle of the first principal component
features to evaluate arm coordination. Thresholds for these features were set based
on the data from a preliminary Exploratory Experiment.

Results from a Validation Experiment confirmed the effectiveness of such a
classification architecture, which was successful at detecting the walking and gait
termination intentions, with minimal False Negatives. However, time delays higher
than for unimpaired planned stopping could exist after the arms had stopped
moving, and before the stop event was sent to the exoskeleton, corresponding to
stopping the exoskeleton within 0.5 m. This problem can be solved by adjusting
the time increment of the sliding window, and the threshold values used for the
three features in the classifier. Training with the control interface might help
avoiding additional False Negatives with this new set of parameters.
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Preliminary tests with patients additionally showed that this control interface
could be effectively implemented in a real-usage setting.

Overall, this control interface seems to be both intuitive and effective, and
would require minimal learning and training. It allows to actively control the gait
when walking with the exoskeleton, without requiring additional inputs from a
remote controller.






Chapter 5

Detecting the Steering Intention

This chapter proposes a preliminary exploratory study that focuses on the steer-
ing or turning intention while walking with a medical lower-limb exoskeleton. In
particular, it investigates the possibility of building a new detection layer on top
of the gait termination interface described in the previous chapter. Such a layer
would be able to capture predictive movements of the steering intention while swing-
ing both arms to keep the exoskeleton walking. Two strategies, based on either a
specific trunk motion, or an asymmetric alteration of the arm swing movements,
were proposed. They were evaluated offline based on IMU signals recorded from
five unimpaired participants. A preliminary test with one unimpaired participant
was also conducted to evaluate an online implementation of the asymmetric arm
swing strateqy, which was shown to be the more robust and effective at detecting
the intention and direction of turning, with no false negatives.

MAYBE WE SHOULDN'T ADAPT THE STEERING
ALGORITHM FROM THE DANCING CHICKEN MODE
DETECTION METHOD.

) MAYBE.

/
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Steering during gait: definition and char-
' acteristics.

5.1.1 The different steering strategies

Steering (or turning) during gait can be defined as an alteration of the walking
direction without stopping. During their investigation of 180° turns, Hase et
al. (1999) identified two main strategies for turning: spin turns, which involve
spinning the body towards the side of the stance leg, and step turns, where the
swing leg operates the directional change towards the side opposite to the stance
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limb. By conducting 3D analyses of 90° turns, Taylor et al. (2005) further identified
two subcategories for the spin turn: the ipsilateral pivot, where the stance leg spins
at mid-stance, and the crossover, where the swing leg comes across and over the
stance leg. Diagrams of the different strategies are shown in figure 5.1, adapted

from Taylor et al. (2005).
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FIGURE 5.1: The different steering strategies, adapted from Taylor et al. (2005).

Dashed arrows indicate the direction of walking. Solid arrows indicate swing.

Right foot is represented in grey, left foot is represented in black. Black filled foot

traces represent the part of foot touching the ground. A. 90° step turn towards

the right. B. 90° ipsilateral pivot towards the right. C. 90° ipsilateral crossover

towards the right. Please refer to the original paper for more indications on the
successive steps of each strategy.

While instability in the lower-limb joints has been shown to be higher during
turning compared to straight walking (Segal et al. 2008), the step turn strategy
offers more stability than the spin turn, by providing a large base of support, and
keeping the Center of Gravity (CoG) between the feet (Hase et al. 1999; Taylor
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et al. 2005). Conversely, during the spin strategies, the CoG is displaced outside
of the stance limb, which facilitates the turn, but generates higher instability.

Importantly, in a study of turning and steering during activities of daily living,
Glaister et al. (2007) only observed step turns, and hypothesized that spin turns
might be restricted to specific activities. They further showed that most turns
relied on a multi-step strategy, and that the prevalence of turning steps depended
on architectural constraints, with a range of 35 to 45% in areas such as a cafeteria,
an office, a store, or to reach a parked car.

5.1.2 The mechanisms of turning

During steering at different angles, the Center of Mass (CoM) is laterally trans-
lated towards the direction of turn through different mechanisms, mainly foot
placement and the so-called hip strategy (Patla et al. 1999; Hollands et al. 2001).
The first consists in altering the placement of the feet by increasing the step width,
and effectively accelerating the CoM towards the new direction of travel. The sec-
ond involves specific action of the hips and trunk muscles to control the body as a
double pendulum, with upper and lower limbs moving in opposite directions in the
frontal plane. Increased medio-lateral ground reaction forces at the outside limb
have also been observed during turns, which might help modulating the acceler-
ation of the CoM by increasing the braking impulse, and the lateral propulsion
of the stance leg (Orendurff et al. 2006; Strike et al. 2009). These mechanisms
are diminished in patients suffering from Parkinson’s Disease (PD), who exhibit a
shorter CoP-CoM distance during turning, and therefore altered postural control
while steering (Song et al. 2012).

Lower-body joint angular displacements and moments are generally similar in
the sagittal and frontal planes between the turning strategies described above (Tay-
lor et al. 2005). However, transverse plane moments are strategy-dependent. In
particular, the spin turns strategy requires higher muscular activity due to higher
moments in the transverse plane, as well as higher ranges of motion at the joints,
making it a more demanding strategy. Fukuda et al. (2020) further showed that
the kinematics of lower-body joints during steering exhibits age-related changes,
with a higher reliance on the hip joint in all planes in older adults.

Walking velocity is also affected during steering, with speed decreasing at
higher turn angles, probably as a stabilizing effect (Sreenivasa et al. 2008; Strike
et al. 2009). More generally, temporal-spatial variables, such as stride length,
and stride velocity, are significantly different for turning gait (Strike et al. 2009).
In particular, some of these variables are also affected during the approach phase,
showing a possible feed-forward mechanism when aware of an incoming turn. Patla
et al. (1991) had already shown that a change in direction cannot happen when
cued during the ongoing step, and must be preplanned in the previous step.

Lastly, Courtine et al. (2004) analyzed body coordination patterns between
straight and turning gait using Principal Component Analysis. They concluded
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that similar neural pathways might govern both types of gait by relying on basic
coordination patterns, and that limb and turn dependent adaptations allow for
further fine-tuning.

5.1.3 Upper-body movements and the anticipation of steer-
ing

Multiple studies have shown that the upper-body exhibits a synergic anticipatory
behaviour before turn onset. In particular, the eyes, head, and trunk present an
anticipatory coordinated pattern, and predictively rotate towards the direction of
turn (Grasso et al. 1998; Hollands et al. 2001; Hicheur et al. 2005; Sreenivasa et al.
2008; Fourati et al. 2013). This reorientation follows a cranial to caudal temporal
sequence, where the head starts turning before the rest of the body. However,
PD patients exhibit an axial rotation rigidity, and simultaneously rotate the head,
thorax and pelvis. This effectively increases their lateral instability, and requires
them to take extra turning steps (Spildooren et al. 2013; Yang et al. 2016).

Hollands et al. (2001) showed that significant changes in upper-body behaviour
occur when immobilizing the head during steering, supporting the hypothesis that
the alignment of the head with the direction of walking is a gaze-independent
prerequisite that provides a frame of reorientation for the rest of the body. While
they observed that the rotation of the head occurred approximately 250 ms on
average before the turn onset, Sreenivasa et al. (2008) found that for angles up to
135°, the head rather turns at a constant distance before the change of direction.
During their investigations, they also found higher maximum relative yaw between
the head and the trunk at larger turns.

Fourati et al. (2013) further studied the coordination patterns between the
shoulders and hips during turns, and found that they were coupled by a linear
relationship that becomes tighter as the angle of steering increases.

5.1.4 Steering in the Atalante exoskeleton: detection and
implementation

Steering in the Atalante exoskeleton is implemented through a step turn strategy.
While walking, the patient can push on one of two remote buttons to choose the
turning direction. During the swing phase of the leg on the side of the chosen
direction, the angular displacement of the transverse hip joint is incremented so
that the robot starts shifting towards its new walking direction. Once the direc-
tional change is initiated, additional pushes on the button further increment the
angular displacement of the hip, while the button for the opposite direction allows
to reduce it. The button normally used to initiate gait from the standstill state
can be pushed to resume straight walking.
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Importantly, this implementation only allows small directional changes aiming
at correcting deviations from the straight walking trajectory, with steering angles
not exceeding 5°. Therefore, the increments at the transverse hip joint result in
small angular changes, requiring multiple steps to actually perform a high-angle
turn.

| The detection of the steering intention.

5.2.1 Steering detection: existing solutions

A few studies have worked on the detection of steering or turning during walking
based on various inputs. Tunca et al. (2017) used a foot-worn inertial sensor for the
analysis of gait in a non-hospital setting, and derived the foot orientation from the
collected data using a particle filter. They then detected 180° turns as consecutive
turning steps, where the angle change from the beginning to the end of the step
exceeded a given threshold. Similarly, Mariani et al. (2010, 2013) used data from
a foot-worn IMU to identify turning periods based on the relative change in foot
orientation between the beginning and end of a gait cycle.

However, since the upper-body exhibits an anticipatory behaviour before a
change in the direction of gait, the analysis of its movements can provide a more
suitable method for an early detection of the steering intention. This would ad-
ditionally be compatible for use with lower-limb assistive devices. Some research
teams have worked on the implementation of such a strategy: Rehman et al.
(2020) used an angle threshold to detect turns based on the integrated gyroscope
signal around the vertical axis from an IMU placed on the lower-back of partici-
pants, while El-Gohary et al. (2014) directly relied on the angular velocity value
from a similarly placed sensor. Novak et al. (2014) employed a hybrid strategy,
where thresholds on both the angle and angular velocity values were used online
to detect the onset of steering. Threshold values were first derived from a training
database using a specific cost function. When a turn was detected, an additional
Linear Discriminant Analysis classifier was used to determine its direction. This
hybrid approach showed better results than the single threshold ones, with better
accuracy when IMUs were placed on the upper or lower back than on the head or
legs. Lastly, Farkhatdinov et al. (2017) demonstrated the efficacy of a head-based
method for the anticipatory detection of 90° turns compared to a pelvis-based
threshold solution. They used k-means clustering on training data comprised of
head and pelvis yaw angles to distinguish between straight walking (including
when the head is turning to one or the other side without actual steering) and
turning to the left or right. A k-nearest neighbours algorithm was then used to
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classify the testing data. This method also proved efficient in classifying multi-
ple turns, and turns with different angles, as well as the control of steering in a
simulated human-exoskeleton model.

5.2.2 A steering detection method compatible with arm swing
controlled walking

Chapter 4 describes a gait termination high-level control interface where the walk
is maintained based on arm swing movements. Therefore, the exploration of new
steering detection methods in the Atalante exoskeleton should be compatible with
such an interface. Two strategies were explored, both of which were based on
upper-body kinematic patterns extracted from the previously described arm and
back IMUs:

Trunk motion Similarly to the existing methods described in 5.2.1, one strategy
can be based on the motion of the trunk around the vertical axis, which is displayed
as a natural anticipatory behaviour before steering in unimpaired individuals.
However, as explained in chapter 2, since the yaw value cannot be obtained from
the IMU measurements, such a strategy can only rely on the raw gyroscope signal
as an input. Additionally, since the implementation of steering in the exoskeleton
only allows small angular changes per step, there might be a discrepancy between
the required magnitude of trunk motion and the actual change of direction in the
walking trajectory. One solution would be to maintain the rotation of the trunk
until the desired angle has been reached. This could be achieved by defining
adequate positive and negative thresholds on the gyroscope signal to detect the
onset and direction of turn, as well as the end of the movement when the trunk
rotates back to ts straight position. However, a maintained trunk rotation with
slow exoskeletal movements might seem unnatural to users, and the resulting
continuous shift in body weight towards one side of the exoskeleton might impede
its stability during walking. Instead, another solution was explored: it consists in
repeatedly rotating the trunk towards the new direction of walking in coordination
with the arm swing movements (rotating the trunk when the arm on the side of
the new direction is swung backwards).

Adapted arm swing movements A different strategy would be to take ad-
vantage of the existing arm swing movements required for the walking and gait
termination interface, and explore how a simple alteration of these movements
can be used as a detection method for the steering intention. In particular, an
asymmetric arm swing amplitude could be indicative of both the intention and
direction of turning. While a slight asymmetry in the amplitude of arm move-
ments already exists as discussed in the previous chapter, explicitly increasing one
arm’s amplitude compared to the other should be more distinguishable. Further-
more, it was hypothesized that such a method might feel intuitive, even though
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not specifically representative of a natural behaviour: an asymmetric swing can
be imagined to increase the torsional moment of the body around the vertical axis
in the direction opposite to the arm with the highest amplitude.

Both described strategies were subsequently investigated during an exploratory
experiment.
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Exploring upper-body-based steering
strategies in the exoskeleton.

5.3.1 The experimental setup

This exploratory experiment was conducted to assess the feasibility of one of the
two steering detection strategies described in the previous section, and investigate
whether the repeated trunk motions or asymmetric arm swing movements can
yield characteristic IMU signals during walking in the Atalante exoskeleton, and
therefore be used as an input for a high-level steering control interface. Similarly
to the previous chapter, recordings from the sensors were analyzed to identify in-
dicative features for each strategy. Five unimpaired male participants took part
in the experiment. They were aged 29.6 +-4.2 years old, with an average weight of
66.8+ 3.6 kg and an average height of 179.8 3.0 cm. They were used to using the
exoskeleton. Each participant performed four trials, consisting in walking along a
5-m path with the exoskeleton using the arm-swing based gait termination inter-
face described in chapter 4, while exhibiting one of the movements corresponding
to the selected strategies: repeated trunk motion towards the left (RTML) or
the right (RTMR), and asymmetric arm swing with a higher amplitude at the
left (AASL) or right arm (AASR). For each trial, the participant was first told
which movement to exhibit. The experimenter then gave the explicit instruction
during the walk as to when to start and stop performing the movement. This
experimental setup is described in figure 5.2.

5.3.2 Data analysis

Similarly to the previous chapter, the main objective of this preliminary experi-
ment was to test whether any specific features could be effectively used to detect
the steering or turning intention with a threshold-based classifier. However, it is
important to note that this experimental setup was exploratory, and involved a
small number of participants, who performed only one repetition for each move-
ment. Therefore, no meaningful statistical analysis can be conducted, and any
comparison results between different features or threshold choices can only be
taken as hypotheses that should be verified on larger cohorts to avoid any form of
overfitting.



128 Detecting the Steering Intention

Repeated
Trunk Motion

Asymmetric
Arm Swing

1
1
|
1
1
|
1
1
2 I
9 I
S . )
m I
S | C
wn |
|
1
1
|
1
1
| —
3 :
- :
5 ' 5
|
H 1 .
1
|

\/

5 m walk

B IMUs

<—> Trunk motion / Arm swing

Exoskeletal structure

FIGURE 5.2: Experimental setup for the exploration of upper-body-based steer-
ing strategies: repeated trunk motion, and asymmetric arm swing. The figure
illustrates a turn toward the left for both strategies.

5.3.2.1 Asymmetric arm swing

For all trials, the onset and end of steering were manually labelled based on the
gyroscope data from all participants: significant changes in the angular velocity
amplitude after a zero-crossing were used to distinguish between walking and
steering.

To determine whether the participants were able to successfully modulate their
arm swing for steering, the amplitudes of the arm movements in the sagittal plane
during steering and walking were evaluated based on the angular ranges of both
arms, computed as explained in 4.3.2.1.

Furthermore, since the arms move at a fixed frequency, a change in the ampli-
tude of swing would also induce a change in its angular velocity. Therefore, signal
features could also be computed directly from the gyroscope recordings from the
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arm IMUs in the sagittal plane. Three heuristic parametrized features were hy-
pothesized to be good indicators of the asymmetry in arm swing, and therefore
effective for the implementation of a threshold-based classifier. They were derived
from a 1 s sliding window, with a 500 ms increment. Let x be the sampled data
of length N, and o« = 2p, p € N. The three features were defined as follows:

Modified RMS feature This is similar to the RMS feature used in chapter 4,
taken to the power a.

==

k=0

N-1 /2
frus (2, ) ( x| ) (5.1)

Modified MAYV feature For a given signal x, it represents the Maximum Ab-
solute Value, taken to the power a.

Juav (v,0) = max |z K] (5.2)

Scaled Moment feature Let o, be the standard deviation of the sampled data
x. Then, the scaled moment was defined as:

1
N

(5.3)

fmoment (ZL‘, O[) =

The scaling factor o, was chosen empirically.

For all three features, five values for a were tested: 2,4,6,8 and 10. The
expected effect of the a parameter was to increase the separability between the
class feature means at higher values, while lowering the standard deviation for the
walking state (relative to the difference in means). However, higher values for «
would also increase the relative standard deviation of the feature for the steering
state.

The feature values for each of the left and right arm signals x;, and zr were
combined into a single quantity Cy,, defined as:

Cra(rr, 1) = max [f(zr, @), f(2L, )] X s [f(7r, @) — f(z, Q)] (5.4)
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where f is one of the three features, and s is the sign function. This combined
feature was chosen to indicate which arm swings with the highest amplitude, and
therefore determine the direction of steering.

5.3.2.2 Repeated trunk motion

Similarly to the arm swing movements, the amplitude of the trunk rotation was
evaluated based on the calculated angular ranges around the vertical axis. How-
ever, different participants might exhibit different velocity profiles during straight
walking: for some, the dynamics of the exoskeleton and the arm swing movements
might result in trunk oscillations around the vertical axis, as in figure 5.3. For
others, the core muscles might act as a dampening system, and little oscillations
might appear. Therefore, angular ranges of the trunk rotation were only calculated
during the steering state.

Additionally, since all previously described features were chosen to be indica-
tive of changes in the amplitude of a signal, they could also be used for the analysis
of the repeated trunk motion, based on the back IMU gyroscope signal x5 around
the vertical axis. However, while such features would be appropriate for the detec-
tion of the steering intention, they cannot be indicative of the direction of turning.
Since the IMU orientation is not available, one solution would be to directly rely
on the gyroscope data and a signed threshold, as explained in figure 5.3. Such a
method can only be implemented if a common threshold can be set for all partici-
pants: this was evaluated through a comparison of the trunk movements between
the walking and steering states, based on the maximal deviation of the angular
velocity before and during turning.

5.3.2.3 Comparing the feature performances

Since 15 different feature values can be computed for each window (3 features, and
5 values for the parameter «v), a method for feature comparison is proposed. For a
threshold classifier to be effective, the feature values for the different states should
be separable, with distinguishable average values, and low within-state variance.
Similarly to Fisher’s linear discriminant introduced in chapter 3, the ratio Fy,
between the difference in class means to the sum of standard deviations can be
introduced:

‘,uw froo — Ms fa‘
Fpo = oo —Pol, 5.5
e ufat Ousa 55)

where fiy o and oy, fo (resp. fisfa and osf,) are the mean and standard
deviation during walk (resp. steering) of either the combined feature Cy, for
arm signals zx and z; (AASL and AASR trials), or the feature f for the back
gyroscope signal zp (RTML and RTMR trials).
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FIGURE 5.3: Possible solution for the detection of the steering direction with
the repeated trunk motion strategy. The plot shows the expected waveform
from the repeated trunk motion trials: in this example, the trunk movements
during straight walking were modelled as small-amplitude oscillations. During
the steering state, the repeated trunk motion is expected to result in a higher
amplitude angular velocity profile. Therefore, if the steering intention is properly
detected from one of the described features, the direction of turning can be
derived from the first threshold to be reached (circle in the figure): in this mock
example, the negative threshold would indicate a turn towards the left.

For the computation of Fy,, a data window was given the label corresponding
to at least half of its content, and Cy, or f values that were more than 3 stan-
dard deviations away from the labelled state mean were considered outliers and
discarded (these usually correspond to transition windows between both states).

An example of the relevant values for computing the F, ratio from a single
AASL trial can be seen in figure 5.4. In practice, after discarding outliers, walking
and steering data from all participants were concatenated to compute a single F}
per (f, «) pair. For the asymmetric arm swing strategy, the AASL and AASR data
were merged after taking the absolute value of Uy, under the hypothesis that a
single threshold value with opposite signs could be used to detect the direction of
turning.
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FIGURE 5.4: Relevant values for the computation of the F;, ratio for an AASL
trial, with f = fioment and a = 4. The red dashed lines differentiate between
the walking and steering data windows, as derived from the manual labels on
the gyroscope data. The state means, the difference in means, and the standard
deviations are reported on the figure. The transition window between steering
and walking (in yellow) was discarded, because it was associated with the walk-
ing state (more than half of its content labelled as walking), but was more than 3
SDs from the state mean. The transition window between walking and steering
was not discarded, because it was associated with steering, and was lass than 3
SDs from the state mean.

5.3.3 Results of the study

5.3.3.1 Repeated Trunk Motion

Amplitude of trunk rotation Figure 5.5 shows typical results from two par-
ticipants during the RTML trials. Figure 5.5.A specifically shows the angular
velocity signals around the vertical axis. For both participants, during the steer-
ing state, the trunk exhibited an oscillatory signal at around 0.6 — 0.7 Hz at a
higher amplitude than during straight walking. This result was similar across
all participants, and both directions of steering: it corresponded to a rotational
movement at an average angular range of 28.00° 4= 4.26° for the RTML trials, and
25.72° 4+ 8.96° for the RTMR trials. Individual values from each participant are
shown in figure 5.6.
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FIGURE 5.5: Results from participants S2 and S3 during the RTML trials. A.

Angular velocity signals around the vertical axis; the orange dashed lines repre-

sent the onset and end of the explicit trunk repeated rotation. B. Corresponding

Cmoment,a values; the red dashed lines distinguish between the walking-labelled
and steering-labelled windows.

Comparison of the signals before and during steering Figure 5.5.B shows
the Choment 4 Values corresponding to the RTML trials from participants S2 and S3.
For this (f, a) pair, the combined feature values for the walking and steering states
seem to be distinguishable for each participant. However, the direction of turning
cannot be derived from these values alone. Angular velocity signals were therefore
further analyzed to evaluate whether a method as described in figure 5.3 can
be implemented. As expected, figure 5.5.A shows that trunk movements during
straight walking can be different between participants: for participant S3, the
signal before steering is noisy, with a low amplitude compared to the oscillations
from participant S2 (which are similar to the model proposed in figure 5.3). After
the end of the explicit trunk movements, a small rotation seems to persist in
participant S3. Figure 5.7 additionally compares the maximum angular velocities
around the vertical axis for each participant before starting and during the explicit
trunk motion, as well as the angular velocity reached during the first explicit
rotation of the trunk. From the figure, it seems that for all participants, a relative
increase in the amplitude of the angular velocity signal around the vertical axis
effectively appears as soon as the explicit trunk movements start. However, the
participants exhibit different levels of angular velocity amplitudes: for example,
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FIGURE 5.6: Average angular ranges of the trunk rotation for each participant
during steering in the repeated trunk motion trials. Vertical bars represent one
standard deviation.

in the RTMR trial, the maximum value for participant S2 before steering is higher
than the maximum values reached by participants S1 and S3 during steering.
Since such an overlap can exist between participants, it seems difficult to define
a common threshold for the detection of the turning direction. Therefore, results
from the repeated trunk motion trials were not further analyzed.

5.3.3.2 Abandoning the repeated trunk motion strategy

During the repeated trunk motion trials, the participants exhibited high amplitude
trunk movements during steering, with variable angular ranges. However, while
this repeated pattern could be distinguished by one of the proposed features,
it seems more difficult to properly derive the new direction of walking, because
of the inter-participant variability in movements exhibited by the trunk during
straight walking. If such a variability exists in a small cohort of five participants,
it can be expected that it would also appear in larger groups of exoskeleton users,
especially in patients with different levels of pathology and core muscles affections.
Therefore, the repeated trunk motion strategy doesn’t seem to offer an immediate
robustness for the detection of the steering direction inside a moving exoskeleton,
unless adaptive thresholds curated to each individual are implemented. Moreover,
during the RTM trials, since the participants needed to be constantly turning
towards one side of the robot to express the steering intention, their head (and
therefore the direction of their gaze) was constantly moving: this can be considered
unnatural, and could rapidly prove unpleasant for an exoskeleton user. Overall,
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FIGURE 5.7: Maximum angular velocities around the vertical axis during the
RTML and RTLR trials for each participant: (1) before the onset of the steering
state; (2) for the first explicit rotation of the trunk; (3) during the steering state.

these conclusions don’t plead in favor of implementing the repeated trunk strategy,
which will not be discussed further.

5.3.3.3 Asymmetric arm swing

Amplitude of arm movements Figure 5.8 shows typical results from an AASL
trial: the top row shows the sagittal angular velocities from both arms, the middle
row shows the corresponding angular ranges, and the bottom row shows the Cy
values for all features and o = 4. The plots on the first two rows indicate that the
amplitude of the right arm movements were effectively higher than those of the left
arm during the asymmetric motion. Importantly, there were no False Negatives
from the gait termination interface.

Figure 5.9 confirms this result for all participants, and both left and right
trials. It shows the average angular ranges for each participant during the AASL
and AASR trials, for the walking and steering states. Table 5.1 additionally
shows the averaged values across all participants. Overall, the angular ranges
from the arm swing movements of the arm opposite to the new direction of walking
(contralateral arm) were higher than those of the arm on the side of the turning
direction (ipsilateral arm). On average, the increase between the walking and
steering states for the contralateral arm was more than two-fold. Its amplitude
was 1.5 (AASL trial) to 1.8 (AASR trial) higher than that of the ipsilateral arm.
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FIGURE 5.8: Example results from an AASL trial from participant S1.

Angular velocities in the sagittal plane for each arm; the orange red lines indicate

the manually labelled start and end times of the steering state. B. Angular

ranges for each arm and each half-period of arm-swing; the blue bars indicate

the walking state, and the red bars indicate the steering state. C. C'y4 values for

all features; the red dashed lines distinguish between the walking-labelled and
steering-labelled windows.
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Interestingly, except for participant S5 in the AASR trial, the amplitude of the
ipsilateral arm movements also seemed to increase slightly between the walking
and steering states, with an average increase of approximately 50%.
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FIGURE 5.9: Average angular ranges for each participant during the asymmetric
arm swing trials, for the left (darker shade) and right (lighter shade) arms,
and both the walking and steering states. Vertical bars represent one standard

deviation.
AASR AASL
Walking Steering Walking Steering
Left Arm  24.73 £ 6.20 56.34 + 6.22 24.35 + 3.16  34.17 4+ 6.46
Right Arm 21.04 + 5.05 31.33 £ 9.93 23.08 & 5.42 51.93 +6.71

TABLE 5.1: Average £+ SD values for the left and right arm angular ranges
(in deg) during the AASL and AASR trials, for both the steering and walking
states.
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Features analysis The last row from figure 5.8 shows that in this specific ex-
ample, all features seem to exhibit distinctive values for the walking and steering
state for &« = 4. However, it is important that this could be generalized to all
participants and trials, and the comparison method described in 5.3.2.3 was used
to determine whether a specific choice for a and f could serve as a basis for a
threshold-based classifier.

Figure 5.10.A shows the F}, ratio for all features and values of a during
the asymmetric arm swing trials. The figure shows that higher values of the «
parameter induce a decreased ratio. For a given « value, the f,,oment feature seems
to have the highest ratio. Figure 5.10.B additionally shows the standard deviations
0. and oy for the walking and steering states for each (f, «) pair, normalized by the
difference in means. Overall, higher o values induce a higher standard deviation
for the turning state, as was expected. For all features, o = 2 results in the highest
walking state standard deviations. For the f,,oment and fyray features, the walking
standard deviation slightly increases with higher « values, starting from o = 4.
For the frys feature, the walking standard deviation is lower as « increases.

Lastly, for all participants, the combined feature values during the steering
state were effectively positive for the AASL trials, and negative for the AASR
trials.

5.3.4 Discussion on the asymmetric arm swing strategy

5.3.4.1 Amplitude of movements

Results from the amplitude analysis show that the participants were able to suc-
cessfully modulate their arm swing movements so that the contralateral arm would
swing at a higher amplitude than the ipsilateral arm. On average, the amplitude
of the ipsilateral arm also increased during the steering state. This might be in-
dicative of a coupling effect, where a relative increase is observed in both arms,
since no specific instructions were given for the ipsilateral arm. Additionally, since
there were no False Negatives from the gait termination interface, the asymmetry
in arm swing movements can be considered compatible with the method for the
detection of maintained walking. Therefore, if a feature is capable of robustly cap-
turing this asymmetry, such a strategy might prove a good candidate for detecting
the steering intention.
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FI1GURE 5.10: Evaluation of the performance of the different features during the

asymmetric arm swing trials. The red stroke indicates the chosen (f,a) pair.

A. Fy, ratio for all features and possible values of o, obtained from the merged

data from all participants and trials. B. Associated standard deviations for the

walking and steering states, normalized by the difference in means. Note that
the scales on the axes are different.

5.3.4.2 Features analysis

The better candidate features for a threshold-based classifier seem to be the ones
with a low « parameter value. In particular, all features with a = 2, as well as
the froment feature with a = 4 show the highest F}, values, meaning that they
allow for a good separation of the data corresponding to the walking and steering
states, with low intra-state variation. However, it can be expected that higher
variance would be observed when one arm is swung at a higher amplitude, as was
the case for the RMS feature in 4.4.4.1. Therefore, a threshold value closer to
the walking state mean seems more appropriate to build a robust classifier, based
on a feature with low deviation during walking. Based on these conclusions, the
frmoment feature with o = 4 was chosen and tested offline, with a threshold value ¢
chosen such that:
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(Ns - ‘78) - (,Uw + Uw)
4

t = (ftw + 0w) + (5.6)

where the indices moment and 4 were omitted for clarity. This results in
t = 1.85. Therefore, for a window k € N of data containing the sagittal angular
velocity signals z;, and x,; from the left and right arm, a steering rule can be
summarized as follows:

0if —t¢ S CmomentA(xr,ka wl,k) S t
rsteering(xr,ka -Tl,k) = 1if Cmoment,él(xr,ka xl,k) >t (57)
2 if Cmoment,él(xr,k; xl,k) < —t

Similarly to the walking and termination interface described in chapter 4, the
implementation of the steering intention detection can require that a transition
between two states (walking straight, steering towards the left, steering towards
the right) only occurs if two consecutive windows k — 1 and k are classified into
the new state. If Cx = Chioment.a(%r i, 1 k), then a pseudo-code implementation of
the rule above writes as:

while walking do
if Ck,1 >t and Ck > t then
| steer left;

else if C},_1 < —t and C}, < —t then
| steer right;

elseif t <y <tand t <, <t then
| walk straight;

end

end

Algorithm 1: Pseudo-code for the implementation of a steering intention
detection method

Figure 5.11 and table 5.2 show results from an offline implementation of the al-
gorithm described above on the AASL and AASR trials from all participants. The
method accurately captures both the steering intention and the direction of turn-
ing, with maximum delays of 2 windows (corresponding to at least 1 s) compared
to the manual labels. These delays are mainly due to falsely classified windows
during transitions between the walking straight and steering states, corresponding
to the low False Positive and Flase Negative classification rates. However, since
these misclassifications only appeared at transitions, it can be considered that no
false positive or negative triggers have occured, and that the steering method de-
tection was effective at detecting both the intention and direction of turning in
this offline setting. Moreover, since two consecutive windows should be classified
into the same state for a transition to occur, minimal delays were expected. An
online implementation of this method was preliminarily tested in one participant,
as described in the following section.
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FIGURE 5.11: Results from an offline implementation of a steering detection method
based on the asymmetric arm swing strategy, with f = froment and o = 4: A. AASL
trials, B. AASR trials. Light and dark colors are used to distinguish between data points
above or below a threshold. Dashed lines indicate the first window to be classified into

a given state:

(1) in red for the manual labels, (2) in light participant color for the

implementation output (after two windows have been assigned the same class). When
an implementation output corresponds to a manual label, only the latter is indicated.
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AASL AASR
TP FP TN FN Start delay End delay TP FP TN FN  Start delay End delay
S1 93.33 0 100  6.67 2 1 100 5 95 0 1 2
S2 100 435 9565 O 0 1 100 0 100 0 1 1
S3 100 10 90 0 0 2 100 0 100 0 1 1
S4 100 13.33 86.67 0 0 2 100 4.76 95.24 0 0 1
S5 100 526 94.74 0 0 1 88.89 12,5 87.5 11.11 1 0

Average 98.67 6.69 93.41 1.33 97.78 4.45 93.55 2.22

/
/

TABLE 5.2: Window classification rates and delays for the offline implementa-
tion of the steering detection method for each participant, and both AASR and
AASL trials. Average rate values are also mentioned. Delays are in number of
windows, rates are in %. TP: True Positive rate (windows correctly classified
as steering); FP: False positive rate (windows incorrectly classified as steering);
TN: True Negative rate (windows correctly classified as straight walking); FN:
False Negative rate (windows incorrectly classified as straight walking)

Preliminary online validation with one

participant.

5.4.1 Experimental setup

The steering detection method described above was preliminarily tested in one
unimpaired male participant aged 27, who was used to walking with the exoskele-
ton. He was asked to perform 10 5-m walks, where gait termination was controlled
based on the arm swing method described in chapter 4. In 5 of the trials (left
trials), after having started to walk, the participant was asked to wait for the
experimenter’s signal to start steering towards the left using the asymmetric arm
swing strategy, and resume straight walking on another cue from the experimenter.
Similarly, 5 trials (right trials) were conducted with steering towards the right. Be-
fore starting the experiment, the participant trained with the steering interface
for 4 walks.

Since this was only a preliminary test aiming at evaluating whether the pro-
posed steering detection interface could be effectively implemented online, there
were no quantitative analyses of the data, and only false trigger occurrences (falsely
detecting one of the walking straight, steering left, or steering right classes when
the intention was not expressed) were assessed.
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5.4.2 Results and Discussion

Figure 5.12 shows Cyoment 4 values for the left and right trials, and the correspond-
ing output results from the steering detection interface. Note that data recordings
stop when the exoskeleton stops walking, which is why individual trials are linked
with straight lines. The results show that the participant was able to correctly
steer towards the left or right, with no false triggers from the steering interface.
However, there was a FN from the gait termination interface during the fourth
left trial, and the trial was rerun.

Right trials Left trials

Output state

I I I I
0 100 200 300 400 500

Time |s]

FIGURE 5.12: Results from a preliminary online test of the steering detection

interface. The top plot represents the Chuoment,a values for the individual trials,

and the bottom plot shows the corresponding output results. Note that data

from the individual trials are linked with straight lines, since recording stop
when the exoskeleton is stopped.

Overall, this preliminary test shows promising results that an online implemen-
tation of the proposed steering detection interface could be effective at detecting
the turning intention in the Atalante exoskeleton.
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| Limitations and prospects of the study.

While the previous section showed promising results for an online implementation
of the asymmetric arm swing steering detection method, more experiments need
to be conducted on larger cohorts of participants to confirm that the selected
feature and threshold value can be generalized to more users, and are not overfit
results from the small sample who participated to the exploratory experiment.
In this sense, this chapter mainly comes as preliminary work that needs to be
further extended to draw general conclusions on the effectiveness of the proposed
interface.

Similarly, patients should be involved in any future experiments: while it
can be hypothesized that users with good upper-body capabilities could correctly
alter their arm swing movements to control steering in the exoskeleton, it might
prove more difficult for patients with neurological impairments that also affects
the upper limbs. In particular, it can be expected that an active alteration of the
arm swing movements could be tiring, and perceived as extra cognitive burden in
untrained patients, and that the asymmetry method would be learnt throughout
rehabilitation sessions. As was already stated at the end of the previous chapter, a
parametrized interface could be implemented to switch between different features
or threshold values, which would be adapted as patients progress.

Lastly, the implementation of an effective steering intention detection method
is also strongly dependent on how the actual turning movements are implemented
in the exoskeleton. Since the Atalante device can only slightly turn by 5° in one
step, it highly impacts the way that an effective steering control interface can
be developed. In particular, an ideal solution that would solely be based on the
trunk being directed towards the new walking direction (without repeated move-
ments) cannot be implemented, since it would affect the balance of the robot, and
would provoke a discrepancy between the rotation of the user in the exoskeleton,
and the direction towards which the latter is walking. Therefore, while the pro-
posed solution is not based on a natural motion (contrary to the gait initiation
and termination solutions evaluated in the previous chapters), it can be easily
added to the arm swing-based termination interface, and doesn’t need the use of
a remote button. Furthermore, it can be hypothesized that the proposed steering
detection method could be rapidly learnt by patients with high upper-limb motor
capabilities, and become intuitive.



5.6. Conclusion 145

| Conclusion.

In this chapter, the possibility of implementing a steering detection method on
top of the arm-swing-based gait termination interface was investigated through a
preliminary exploratory experiment. Two possible solutions were presented: one
consisting in continuously rotating the trunk towards the new direction of walk
while keeping the arm swing movements going, and the other consisting in alter-
ing the arm swing by introducing an asymmetry in the amplitude of movements
between the arms. Different parametrized features were derived for each strategy
to evaluate the possibility of robustly detecting both the intention and direction
of turning based on a single amplitude-based metric. The trunk method wasn’t
effective at robustly detecting the direction of turn due to individual differences in
the IMU signals during straight walking. Conversely, the asymmetric arm swing
strategy could be used to predict both the intention and direction of turn, with
no false class triggers for both an offline implementation, and a preliminary online
test with one participant.

However, further investigations should be conducted to more thoroughly ana-
lyze the detection capabilities of the retained method in an online setting, while
including patients with different levels of disabilities to ensure that this strategy
can be effectively and easily learnt and used in a lower-limb exoskeleton.






Conclusion

| Summary of the thesis.

This thesis work revolved around the development of a high-level controller inter-
face for the detection of motion intentions in a medical lower-limb exoskeleton.
It was based on the Atalante device, from the French company Wandercraft, and
primarily targeted three possible state transitions or alterations:

e The transition going from the standstill position to walking, namely gait
initiation;

e the transition going from walking to the standstill position, namely gait
termination;

e and the alteration of the gait pattern to change the direction of walking,
namely steering.

One of the main purposes of this work was to develop a novel human-machine
interface for the detection intentions related to these states, by providing natu-
ral and intuitive means to control the self-balanced lower-limb exoskeleton. In
particular, it aimed at detecting transitions between the activity modes of the ex-
oskeleton without having to go through transitioning states, or requiring the use
of remote controls. In this context, the control interface was movement-driven,
and implemented based on inputs from three Inertial Motion Units (IMUs) worn
on the back and the arms of the users. These sensors send acceleration and an-
gular velocity signals that can be analyzed through a classification architecture
to indicate whether a specific transition should occur. Therefore, the general
paradigm adopted throughout this thesis was to first analyze how some categories
of movements could serve as predictive patterns for the detection of given motion
intentions, and then build classifiers based on such experimental observations.
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Gait Initiation

For the detection of gait initiation, it was shown that anticipatory postural ad-
justments that occur before heel-off of the swing leg could possibly be preserved in
the constrained setting of wearing a lower-limb exoskeleton. In particular, training
data gathered from a free walking setting were used to train a supervised learning
classifier, that was able to robustly detect the gait initiation intention, while avoid-
ing to trigger the walking state when typical everyday movements were exhibited.
This interface could only be tested online with unimpaired participants.

Gait Termination

Instead of focusing on a punctual movement pattern in the IMU data — which could
be complex to extract due to the dynamical state of the robot — the gait termina-
tion interface was instead implemented through a dead-man switch approach: the
walking state is maintained as long as coordinated arm swing movements are ex-
hibited. This strategy was successfully implemented online, with low false negative
occurrences, and preliminarily tested with two patients. While these experiments
showed that a delay in the termination of gait could be present when relying on
this strategy, it is expected that training and the possibility of adapting the pa-
rameter values of the control interface could reduce the time necessary to stop the
exoskeleton.

Steering

The detection of the steering intention was only preliminarily explored. It was
implemented as an additional layer to the gait termination interface, where an
asymmetric swing amplitude between the arms was used to indicate both the
intention and the direction of walking. It is the only solution that doesn’t nec-
essarily rely on natural or intuitive movements, which is mainly due to the way
that the Atalante exoskeleton is able to turn. However, offline analysis of IMU
signals showed that such a strategy could be effectively used, with no false class
trigger occurrences, and a preliminary online test conducted with one partici-
pant showed similarly promising results. Nevertheless, this solution needs to be
more thoroughly tested, and future experiments should involve patients instead of
unimpaired participants.
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Future work.

Ultimately, the methods described above could be implemented together to form a
unified high-level control interface for the Atalante exoskeleton, and provide users
with seamless means to transition between different states without having to use
a remote controller. However, more experiments involving patients need to be
conducted to evaluate each of the intention detection methods more thoroughly,
and in more ecological settings.

The gait initiation interface could evolve to become more adaptive, and bene-
fit from real usage data to enrich the training base and become even more robust
and accurate. For example, it would be possible to provide an implementation
where individual users could annotate their own data, and mark occurrences of
false positives or negatives so that the classifier continues learning, and becomes
more individually curated. Similarly, a user-friendly interface could be provided
to allow control of the parameters for the gait termination and steering detec-
tion methods, and adapt them as the user gets more training with using their
arm swing movements or altering them. However, it is also important to check
whether these arm swing-based methods could be sustainable in the long term
in terms of physical and cognitive burden, since actively maintained movements
are necessary and can be tiring. Note that these methods could also be used in
settings other than exoskeleton usage, where human activities such as running or
walking at different speeds could be monitored through upper-body movements
and arm swing behaviour.

On a separate note, as the Atalante exoskeleton continues evolving, additional
movements could be added to its repertoire, and the detection of the corresponding
motion intentions could benefit from this work. Recently, the exoskeleton was part
of the Cybathlon competition, which required the implementation of additional
capabilities, such as walking sideways or backwards. The gait initiation method,
based on the detection of precursor movement patterns, could be extended to also
predict the future direction of walking. Similarly, a novel method that allows wider
turns performed in single steps was implemented. This could provide for a better
basis for the study of more natural and intuitive ways to detect the intention of
steering.

Lastly, all the intention detection solutions that were developed as part of this
thesis solely rely on inputs from three IMUs. However, it might be possible to
benefit from other types of sensors which would also be descriptive of upper-body
movements. For example, force sensors underneath the feet could be used to get
measurements of body weight shifts, which would indirectly be a measure of how
the trunk and arms move in the robot. Similarly, pressure sensors around the
waist could give precious information about the direction towards which the body
might be leaning.

Overall, the proposed high-level control interface shows that it is possible to
provide exoskeleton users with more natural and intuitive means to express their
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motion intentions. This ultimately paves the road towards a better integration of
intention detection methods with the sensory-motor capabilities of patients, and
the possibility of making exoskeletal devices true extensions of their bodies.
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