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Abstract

At present, gait assistance technologies are in constant development. Indeed, with the
global ageing of world population and the increasing rate of deaths related to falls,
there is an increasing need for locomotion assistance devices. Because lack of balance
and walking impairments are among the most common causes leading to falls, more
and more active lower limb orthoses are being commercialized to cope with gait disorders.

In spite of the global demand, specific reactive balance assistance that can respond
to unexpected perturbations is rarely the subject of research for such devices. Therefore,
we worked on the adaptation of potential balance models for an implementation in a
mid-level controller of a lower limb orthosis.

First, we had to find a bio-inspired model describing efficiently the reactive balance
behavior responses of lower limb joints during perturbed walking. We decided to go for
a center of mass and a joints based kinematics model. Second, to assess the different
performances and choose the most adapted model, we fitted the different models via a
linear regression on experimental data and evaluated the different results. Based on the
performances, we chose a model and a joint to act on, in order to test a model-based con-
troller in a neuromuscular bipedal locomotion simulation with reduced reactive balance
capacities.

Via the model fitting, we confirmed the ability of a delayed center of mass feedback
model to reconstruct deviated ankle joints in response to a sagittal perturbation for
different speeds of walking and different amplitudes of perturbation at a discrete time
instance. Moreover, the evaluated models gave us more insights about neuromuscular
sensorimotor transformations underlying reactive balance behavior of lower limb joints.
Finally, the neuromuscular model did not allow us to assess the efficiency of our model,
to enhance reactive balance through simulation on a rigid body, due to input and optimi-
sation constraints.

By following a bio-inspired approach, we proposed a potential ankle joint orthosis
controller providing the reactive balance assistance, which could be one of future key
components in the rehabilitation area to reduce the increasing fall rates.
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Introduction

Nowadays, falls are a worldwide issue in terms of their impact on the general population’s
health but also with regard to the funding of the health system. Indeed, according to
the Centers for Disease Control and Prevention (CDC), fall-induced death in the USA
increased by 30% between 2007 to 2016. Furthermore, the CDC predicted a rate of seven
deaths per hour for 2030 [1]. Besides death, falls can lead to serious irreversible injuries
such as hip fractures or traumatic brain injuries [2] [3]. Moreover, the financial impact
linked to falls can be tremendous with medical cost rising up to $50 billion per year [4].
With these day’s global population levels of growth and ongoing health sciences improve-
ments, life expectancy is continuously increasing, with the likely result that this matter
is not about to fade away. One of the main risk factors, particularly among the elderly, is
an inhibited balance capacity leading to gait disorders [5]. Apart from the natural fact of
body ageing, numerous pathologies or events can lead into body equilibrium impairments
such as strokes (cerebrovascular accidents, CVA) or amputations [6] [7] [8]. Therefore,
there is a major need to develop and validate pharmaceutical and technological solutions
to enhance balance to reduce the worldwide impact of falls.

The reduced balance ability is often a long-term secondary effect, which is not nec-
essarily reversible. Therefore, more and more assistive devices have been developed
to provide balance assistance. A common example are canes and walkers, which are a
simple solution to improve equilibrium and locomotion of the user. However, Hamid
et al. showed that the use of canes and walkers, demanded sometimes, high strength
leading to high metabolic costs [9]. Therefore, a solution to cope with these drawbacks,
would be an assistive device improving the balance of the user by providing the needed
forces to reach an enhanced equilibrium. An assisting device responding to these criteria
are lower limb active orthoses. Indeed, orthoses are assistive devices aiming to improve
the locomotion ability of the wearer by powering one or more lower limb joints. The
term "active" is defined by its ability to actively control the different powered joints [10].
Therefore, an active control of the joints provided by a lower limb orthosis could be
a solution to infer balance assistance. In this regard, it is worth noting that there is a
constant increase of commercialized active orthoses.

However, the vast majority of orthoses are mostly intended to assist in the locomo-
tion without necessarily aiding during an unexpected loss of balance. The aim of this
thesis is precisely to fill this void by proposing a mid-level bio-inspired controller that
provides balance assistance following an unexpected perturbation. Indeed, most of the
falls in elderly people occur after an unexpected trip or slip [11]. The goal of the controller
will be to provide the necessary power to the torques to reach as close as possible a
healthy reactive balance.



To reach our objective, we first reviewed the already existing models aiming at ensuring
balance during perturbed walking, in order to adapt or study, the most appropriate one
for future orthosis control implementation. Afterwards, we fitted the two chosen models,
responding to our criteria, on experimental data to assess their ability to reconstruct
healthy reactive balance moments behaviors. Thanks to the chosen models, we had the
opportunity to discuss the sensorimotor transformation underlying the characteristic
balance responses of each joint. Finally, we evaluated our controller’s efficiency on a
neuromuscular bipedal locomotion model with reduced reactive balance abilities.

The structure of this thesis is divided in three distinct parts: the first one aiming at
giving an overview of different balance concepts. The second one looks at fitting two
different models to experimental reactive healthy balance joint adjustments and the third
one is focused on the assessment of our controller in a bipedal locomotion simulation.



Chapter 1

Context

This introductory chapter provides the necessary context to allow the understanding of the
thesis and realize how it answers to an existing scientific gap. It will be presented as a funnel
description, beginning with a broad description of human locomotion followed by a detailed
explanation of balance control in lower limb joints as well as some pathological balance
patterns, and finally showcasing some existing lower limb orthoses balance controllers.

1.1 Human locomotion

1.1.1 Lower limb joint anatomical terms

To explain thoroughly the human locomotor system, we will begin this section by stating
some important anatomical facts involving the lower limb joints to be studied: the ankle,
the knee and the hip.

In the medical area, some anatomical positions have been defined to describe the move-
ments of the lower extremities of the body. Therefore to represent body parts in space,
three planes have been established: the sagittal, the coronal (frontal) and the transverse
(horizontal). Moreover, according to those planes and in order to have a more precise
description of the body movements, six directions have been established: the right/left
direction in the sagittal plane, the anterior/posterior in the coronal plane and the superi-
or/inferior in the transverse plane[12]. A visual aid of these anatomical positions and
planes are represented in Figure 1.1a. In addition to these reference planes that allow the
description of limb movements, it is important to state that joints, the interface between
bones, permit motion of skeletal structures and therefore locomotion of the entire body
[13]. Consequently, it is interesting to analyse how joints move according to each other.
For the lower limb, the movements that are feasible throughout the different joints are
summarized in Figure 1.1b. Moreover, a nice visual representation of the motion of the
joints according to the entire body and to the muscles is shown in Appendix A.1. In the
framework of this thesis, we will arbitrarily focus on the motion in the sagittal plane and
hence on flexion and extension actions (called plantarflexion and dorsiflexion respectively
for the ankle). Indeed, sagittal plane muscles are the first to induce joint motion during
gait and to ease forward progression [14].

Another important structure for lower limb joints are the muscles. Indeed, they are the
main engines of body locomotion, powered by the contraction of their fibers [15]. As
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Figure 1.1: a) - Anatomical positions with the three planes and the six directions, b) -
Major lower limb joint feasible movements [12].

a matter of fact, the moment delivered by each joint constitutes mostly the sum of all
internal moments produced by the surrounding muscles[16]. Thus, depending on the
joint, different muscles will contribute for the generated torque. Prominent muscles of
each joint are showed in Appendix A.2. For the ankle joint, the gastrocnemius (GAS) and
the soleus (SOL) are the two muscles involved in plantarflexion motion while the tibialis
anterior (TA) act during the dorsiflexion and the inversion of the foot. For the knee, the
vastus (VAS) is solicited during extension motion and the hamstrings (HAM) act for the
flexion. For the hip, the hip flexors (HFL) act for the flexion and the gluteus (GLU) for
the extension [18]. These seven muscles will be the ones of the seven Hill-type muscles
used in the studied neuromuscular bipedal locomotion model that will be presented in
Chapter 3.

1.1.2 Gait cycle

The action of walking has the particularity to be a cyclic event. Through repetitive steps,
we manage to move our body in space and toward arbitrary directions. Therefore, to
describe efficiently human locomotion, the term "gait cycle/stride" has been introduced.
Typical cycles, are divided in different levels, as illustrated in Figure 1.2. For humans, each
leg is in the opposite phase of the cycle with respect to the other leg. On that account,
the description of the gait cycle is done for one limb as reference.

The first level of division of the gait cycle is named the gait period, which is divided in
two phases: swing and stance. Each phase can be distinguished trivially by following
the foot behavior with respect to the ground. Indeed, the stance leg is represented by
all the period during which the foot is in contact with the floor whereas the swing leg
corresponds to the "flying" period of the foot during which it does not touch the floor[20].
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Figure 1.2: Overview of the gait cycle with the limb of reference in blue [19].

During one stride, the stance phase represents approximately 60% of the cycle while the
swing phase represents 40% [21]. The second level of division corresponds to single and
double support periods, which, as the names indicate, are differentiated by the fact that
one or two feet are in contact with the ground. As we can observe in Figure 1.2, the
stance phase is denoted by alternating double and single support times while, in contrast,
the swing phase is characterized by a unique single support phase.

Finally, the third level of division dissects each phase of the first and second level accord-
ing to the lower limb placement in space, in three different tasks: the weight acceptance,
the single limb support and the limb advancement task [22]. A visual aid is given in
Appendix B.1.

During the stance period, we have the weight acceptance task in which we have a
transfer of the body weight to the leg that just finished swinging forward. This task is
divided in two steps: in the first place, there is the heel strike (HS), which is the initial
contact of the heel of the reference limb with the ground, additionally it is also the first
double support period in stance. The primary goal of the HS is to have a full extension of
the knee joint and to arrange the entire limb for step [23]. Afterwards, there is the loading
response (LR), where the effective body weight transfer to the forward limb occurs. For
the second task, we enter in the single limb support of the stance phase. During this task
the reference limb will have to support the entire body weight while the other limb is
lifted for the swing period. This task is also divided in two steps: the mid-stance (MS)
during which the reference limb is going to move ahead based on a stationary foot and the
terminal stance (TS) during which the heel of the reference foot is going to rise, moving
the limb forward on the forefoot. The last task of the gait cycle is the limb advancement
which contains the last step of the stance phase and the entire swing phase. This task
is characterized by the lifting of the reference limb and by the preparatory behavior
towards the next stance period. Four different steps can be distinguished. First, in the
stance phase, we have the pre-swing (PS) where an increasing flexion of the ankle allows
an unloading of the reference limb and a transfer of the body weight up to the other leg.



During swing, we enter in toe-off (TO), where the reference limb is going to be lifted and
advanced along walking direction. Afterwards, the mid-swing (MS) step comes, where
the reference limb, which was in a posterior position relative to the body trunk, is going
to move forward and become anterior to the body. Finally this cyclic stride, ends with
the terminal swing (TS) during which the reference limb finishes its advancement by
preparing the contact of its heel with the floor and goes back to heel strike step to begin
a new stride.

1.2 Balance control mechanisms during gait

In order to maintain balance, the human body uses several mechanisms to avoid falls.
Whether it is during quiet stance or during steady state walking, the locomotor system
has to cope with various constraints such as the human body particular anatomy or
external perturbations.

1.2.1 Balance control during walking

1.2.1.1 Balance

Balance hazards can arise from many different sources that can be internal or external to
the human body. In order to counteract these different instabilities, a constant neuromus-
cular control system has to act, to prevent falling. Indeed, sustaining balance is a neural
control problem [24]. A generic term to formalize the control of the nervous system
towards body equilibrium is postural control. It can be defined as “the act of maintaining,
achieving or restoring a state of balance during any posture or activity” [25], whereas
balance can be defined as “a generic term describing the dynamics of body posture to
prevent falling” [26].

1.2.1.2 Involved sensory systems

When it comes to balance control, the nervous system, and more particularly, three
sensory systems are going to be solicited: the vision, the vestibular and the somatosensory
systems. In fact, thanks to the visual information, our body is able to avoid dangerous
obstacles that could lead to a fall and plan our gait in an anticipatory manner. In addition,
the vestibular system allows sensing our own balance state by relaying information about
the linear and angular acceleration of the body [27]. Finally, the somatosensory system
can be assimilated to a gathering of sensors and pathways, which react to kinematic
modifications but also sense the contact with external objects, like the ground. This
last structure provides the brain with spatial information, as well as with the position
and velocity of the body segments, which will trigger the proper motor complexes to
maintain functional postural balance [28].

1.2.1.3 Balance tasks

In scientific literature, balance control strategies have been widely studied for quiet
standing, unlike walking, for which the underlying processes are not fully understood.
Yet, scientific studies have shown that falls in the elderly occur mostly during walking,
supporting the importance to extend the researches about balance during locomotion[29].



Indeed, balance tasks differ from a static situation to a dynamic situation, where we keep
compensating constant little falls[30]. For standing and sitting (static), the objective is to
keep the center of mass within the base of support (BOS ') of the body which is efficiently
fulfilled by ankle actuators. However, during locomotion, there is a constant movement
of the center of mass and of the base of support, implying a different balance strategy to
keep the center of mass in an equilibrium position.

1.2.1.4 Dynamic balance control

During steady state walking of a healthy person, balance risks are the ones induced by
the unstable human biomechanical anatomy. Indeed, 2/3 of our body weight is located
in the upper part of our body, particularly in the head, the arms and the trunk (HAT),
creating an upper body instability. A neuromuscular intervention is essential to ensure
an efficient body mass distribution [26]. Additionally, our bipedal locomotor pattern,
consists of two single limb support phases which enhance the weight transfer between
the limbs but also bring a medio-lateral instability. To cope with these inherent challenges,
counterbalancing moments are generated around the hip and the trunk, to stabilize the
center-of-mass around an equilibrium position, therefore avoiding falls by preventing
injuries [29].

1.2.1.5 Proactive and reactive balance control

In an environment where external risks are non-existent, balance impairments arise
from the body anatomy itself or from a pathological behavior. To study how the nervous
system would manage these extrinsic threats, balance control mechanisms during walking
have been divided in two categories [32]. In the first category, we have the proactive
balance control, that works in an anticipatory manner, before encountering the balance
hazard. This type of control is characterized by two modes of functioning: the first
mode is the generation of continuous torques via muscular excitation to counteract
intrinsic anatomical challenges presented in the section 1.2.1.4 whereas the second mode
is the adjustment of the posture and of the locomotion to avoid a detected external
environmental threat. In the second category, we have the reactive control which refers
to the automatic postural response to an undetected extrinsic danger, to attend restoring
balance and avoid falling.

1.2.2 Reactive balance control

Reactive balance control seems to be the result of the sum of the synchronized lower
limb torques to maintain equilibrium stemming from muscular activation [48]. This type
of control strongly depends on the perturbation properties, from its onset timing to its
plane of action.

1.2.2.1 Strategies

In this thesis, we will arbitrarily focus on the reactive balance control, but more in-depth
information about proactive control can be found in the following articles [32] - [38]. In

1"t is the area defined by the parts of the body and assistive devices that are in contact with the supporting
surface" [31]



order to detect the extend of the external perturbations, that has not been detected in an
anticipatory manner, sensory systems will be solicited for the initiation of the appropriate
postural response. For the reactive balance, three different strategies have been described
in scientific literature:

1. Ankle strategy: This first method consists in a modulation of the position of the
center of pressure (CoP)? of the stance limb through a delayed activation from distal
to proximal lower limb muscles: ankle plantar/dorsi-flexor, knee flexor/extensors
and hip flexors/extensors, generating different joints torques [39]. This method
restores the center of mass equilibrium trajectory and is generally preferred for
slow and low perturbations [40][41].

2. Hip strategy: For this postural response, the different body segments are going
to counter-rotate around the axis of the COM to reduce the angular moment
brought by the external perturbation. Contrary to the ankle strategy, there is a
proximal to distal activation of the hip flexors followed by the knee extensors. This
strategy is preferred over the other ones when the perturbation is fast or of higher
amplitudes[39].

3. Stepping strategy: This last strategy aims at fine tuning different muscular activity,
in order to adjust foot placement to take a step, to establish a new base of support and
stabilize the body [42]. This strategy is generally preferred for higher perturbation
amplitudes.

Often, the reactive balance behavior, in response to an unexpected alteration, is a mix
between these different strategies [43].

1.2.2.2 Phase-dependent reflex modulation

LM. Nashner has been a pioneer researcher in the study of perturbed balance control
walking behaviors. One of its particularly interesting findings are the phase-dependent
reflex modulation [46]. Indeed, it seems that depending on the phase in which the
perturbation onset occurs, the muscular pattern, behind the postural responses, differ.
Tang et al., studied the proximal and distal muscular responses following a slip disturbance.
They showed that depending on the phase, postural responses followed significantly
different behaviors[47].

1.2.2.3 Perturbation dependent strategy modulation

Recent studies have shown that depending on the plane of actuation of the perturbation,
the preferred balance control strategy would differ. For instance, for a coronal plane
perturbation the preferred postural response seems to be mainly the stepping strategy
[49] - [51]. Whereas for a sagittal plane perturbation, the body seems to rely on both
stepping and ankle strategies to regain a stable balance[52]-[54].

2Center of pressure (COP) is the point of location of the vertical ground reaction force vector [44].
The ground reaction force vector represents the sum of all forces acting between a physical object and its
supporting surface. [45]



1.3 Pathological balance

Balance impairments can arise from many different pathological origins. Indeed, it has
been shown in section 1.2, that balance control is a neural control problem that will
trigger muscle activation in order to stabilize equilibrium loss. These pathological sources
have been classified in four categories: functional deformity, muscle weakness, impaired
control and pain [55]. Therefore, from a brain damage to a limb loss, the solution to aid
such patients for the rehabilitation of their balance disorders could be similar. Nowadays,
the development of balance controllers for assistive devices is not broadly studied, while
a large part of the population could benefit from it. In order to have a representative
sample of balance impairments subjects, we will present stroke, trans-femoral amputee
and aged patients equilibrium disorders.

1.3.1 Stroke patients

A stroke, also called cerebrovascular accident (CVA), is characterized by a local loss of
brain function due to vascular supply interruption [56]. This disease has a worldwide
impact with an incidence of 12.2 million per year according to the World Stroke Organi-
sation (WSO) and an incidence of 52 CVA per day in Belgium [57] [58]. Unfortunately,
this disease can be lethal and survivors often present long-term limitations as partial or
complete motor loss leading to walking dysfunctions [59][60]. One particular constraint
encouraging this dysfunctional gait, is patients’ reduced balance control ability [61].
Indeed, an inhibited muscular efficiency, leads to lower joint torque implying a lower
counteracting force against falls. In addition, recovering a completely functional gait,
is one of the most cited goals of post-stroke patients [62]. Therefore, the rehabilitation
of walking balance in stroke patients is of major importance and already led to the
development of specific assistive gait devices. For instance, Tyson, S. F. et al, proposed the
use of an ankle foot orthosis to enhance gait and balance of post-stroke patients. They
demonstrated that the orthosis led to an improvement of certain aspects of locomotion
and equilibrium [63].

1.3.2 Trans-femoral amputee patients

A trans-femoral amputee (TFA) is a patient presenting a lower limb amputation at or
above the knee joint [64]. Approximately, more than 36 million persons live with a
lower limb amputation and 26% of these amputations are trans-femoral [65]. With the
absence of one of the limbs of support, the prosthetic is essential to allow the autonomous
upright locomotion of the TFA subject. A wide panel of prosthetic are developed for
lower limb amputees in order to replace the missing limb. A more surprising technology
has been investigated by Sanz-Morere, C. B. et al., by creating a knee-ankle-foot orthosis
for the sound limb to help compensating the additional mechanical constraints stemming
from the amputation [66]. In order to assess walking impairments, Lamoth, C. J. et al,
analyzed TFA’s gait wearing a prosthetic and found some walking limitations notably
a reduced balance control[67]. Consequently, this shows a need of balance control in
already existing trans-femoral gait assistive devices to cope with this default.



1.3.3 Aged patients

Nowadays, we are facing a major problem that affects us all: the global ageing of the
population. Indeed, in 2021, more than 700 million people in the world were older than
65 years old [68]. Older adults, show higher risks of falling and thus, of injuries, arising
the need for adequate technology to avoid this kind of events [69]. Several authors have
shown that balance ability declines with age [70] [71]. The main causes can be wrapped
up by age related motor, cognitive and sensory systems modulations [72]. As the effects
of ageing are inevitable, the development of assistive devices to reduce falls has already
emerged. For instance, different foot orthoses have been created to enhance the balance of
elderly people and it has been shown that they could efficiently improve their control[73]

[74].

1.4 Lower limb orthoses balance controllers

The global objective to reach throughout the thesis, is to find, adapt or design a reactive
balance controller that could be implemented, in the future, in a lower limb orthosis®.
According to the standard, ISO 8549: "An orthosis is an externally applied device used to
influence the structural and functional characteristics of the neuromuscular and skeletal
system" [76]. This section aims at giving a general classification of lower limb assistive
controllers and at reviewing existing balance controllers.

1.4.1 Controller

A controller is a unit in a complete control system that is going to minimize the deviation
between an actual measured signal and a target [77]. Baud et al., proposed a classification
for lower limb gait assistive controllers based on their function in the hierarchy of the
control system [78]. This categorization is divided in three main levels and is summarized
in Appendix C.1: the high, the mid and low-level controls. First, we have the high-level
control which is responsible for the general operation mode of the orthoses. Second, we
have the mid-level control which is the most studied one in scientific literature. Within
this layer, there is the detection block that has the objective to approximate the gait phase
(0 to 100%) or gait states (eg. gait periods, support phases or tasks) via external inputs (eg.
sensors). Moreover, there is the action block, that often takes the detection block output
as input, to compute a motor action as joint angles or force torques. Finally, there is the
low-level control which can be assimilated to the workers of a company that are going
to produce a certain action under the supervision of the above levels. For instance,if
the action block of the mid-level layer has computed a torque as output, the low-level
controller is going to generate this motor action by initiating the actuators of the device.
For our purpose, the implementation of a reactive balance controller would lay in the
mid-level layer, in the action sub-block.

3'In general, the term ‘exoskeleton’ is used to describe a device that augments the performance of an
able-bodied wearer, whereas the term ’orthosis’ is typically used to describe a device that is used to assist a
person with a limb pathology" [75]. Both are often interchangeably used in literature.
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1.4.2 Review of some balance assistive controllers for lower limb
powered orthoses

Different mid-level lower limb active orthoses controllers, intended for balance assistive
strategies, have been detailed in scientific literature [78] [79]. Hereunder, we present
some of the main categories:

1. Model-computed action to keep balance (BAL): This class of controller uses
mathematical models of gait in order to provide a balance assistance. A first example,
has been implemented in the MINDWALKER, a multi-joint exoskeleton, where hip
adduction and abduction were provided using the notion of extrapolated center of
mass, to ensure a proactive balance [80]. Another team used this type of control
to also enhance proactive balance of a lower limb orthosis, by applying assistive
torques based on a model taking the weighted sum of gravity, coriolis and inertial
terms, as inputs [81]. Some recent research, tried to model the ankle strategy via a
linear combination of the delayed deviation of the COM kinematics to predict the
needed torque for a healthy reactive balance subject [82]. This last model will be
widely discussed in Chapter 2. A more recent controller has been implemented in
a powered ankle-foot orthosis for reactive balance control via a linear combination
of the body sway angle [83].

2. Neuromuscular model (NMM): This second type of controllers aims at mim-
icking the human neuromuscular structure. To do so, the generated output joint
torques are computed based on virtual muscles. For example, Hill-type virtual
muscles are a simple mechanical model broadly employed in locomotion computer
models, represented in Figure 1.3 [84]. This model gives an efficient simplified
representation of the factors influencing the amount of force produced by a real
human muscle. The contractile element (CC) represents the "active" force of the

SEC

cc VW=

Figure 1.3: Hill muscle model where CC is the contractile component in series with an
elastic component SEC [84]

muscle produced by its contraction in response to a nervous excitation. The series
elastic component (SEC), acts as a spring to store elastic energy during the stretch-
ing of a muscle [85]. Thanks to this kind of simplified model, various adapted
neuromuscular models of gait have birthed. Making NMM a class of bio-inspired
controllers.

Some controllers, use predefined trajectories of gait from healthy subjects to control
the torques behavior generated by the orthosis. The limits of such a controller is its
lack of malleability with regard to the user, by sometimes imposing unnecessary
motions. NMM models cope with this drawback by ensuring a follow up of the
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motion of the different segments of the wearer and adapt its behavior in conse-
quence and discard extrinsic risks. One of the defaults of neuromuscular based
controllers are their tedious implementation and high number of parameters to tune.

In scientific literature, a NMM controller for lower limb prosthesis has been studied,
where a balance recovery controller based on the global function of the leg in
balance, has been explored [86] [87]. Moreover, some promising controllers for
future orthotic implementation, based on COM feedback control combined with
reflex-based neuromuscular model, are being currently assessed [88][89].

. Adaptive oscillators (AOs)-based control: Another interesting class of controller
is the one based on adaptive oscillators. It is a control that has the ability to adapt
its oscillator parameters (eg. frequency) to learn the frequency of any periodic
input signal [90]. This kind of method is relatively useful for cyclic motion, as
for walking, but seems less adaptable for situations like unexpected perturbations.
However, AOs controllers could be useful for detection purposes. Indeed, Monaco et
al., used adaptive oscillators to detect balance loss and initiate the balance recovery
response, provided by torques via an active pelvis orthosis[91].
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Chapter 2

Model fitting

This chapter aims at discussing the ability of two different feedback delayed control models
to reconstruct lower limb joint moments adjustments in response to forward and backward
perturbed walking.

2.1 Introduction

The objective of this thesis is to study, adapt or design a mid-level controller for lower limb
joints orthoses, actuating in the sagittal plane and bringing reactive balance assistance,
after a sagittal plane perturbation.

The first step was to find an appropriate model that would mimic efficiently the re-
active balance behavior of one or more lower limb joints. Moreover, we had a specific
interest in finding a bio-inspired controller, meaning that the provided balance assistance
would stem from human-like principles[92]. First, we found that during a sagittal plane
perturbation, the preferred reactive balance strategies were both stepping and ankle
strategies. To narrow the results of our research, we decided arbitrarily to focus on the
ankle strategy, where the flexors and extensors of our three joints of interest are involved.

By reviewing different controllers in scientific literature, we found a promising model
responding to our criteria of research. Indeed, Afschrift et al. proposed a model, based on
delayed feedback of COM kinematics, able to reconstruct ankle deviations in response
to saggital perturbations[82]. Additionally, they proposed an equivalent model where
center-of-mass feedback predicted the muscular activation pattern during reactive bal-
ance. This model stems from bio-inspired principles of sensorimotor transformations
underlying human balance control.

For this thesis matter, we decided to focus on the direct relationship predicting the
joint torque. Indeed, orthoses being an external device, an electromyographical follow-up
would be tedious. Based on the article’s results, the COM delayed feedback model could
be a potential reactive balance assistance controller where balance would be provided in
a human-like manner.

The goal of this chapter was two folded: on the one hand, the reproduction of Af-
schrift et al. results to validate their conclusions for the ankle and on the other hand,
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to show if this model could fit other limb joints behavior during the ankle strategy. In
order to provide more insights towards underlying neural control phenomenons, we also
evaluated a joint kinematics based controller, as proposed in the article.

2.2 Methods

Our methodology, to meet our different objectives, was similar to the one followed in
Afschrift et al. article.

2.2.1 Experimental data

To begin with, we needed an experimental data base of healthy subjects, undergoing
sagittal plane perturbations, to assess the quality of the model fits. The data base had to
include joints and COM kinematics recorded during unperturbed and perturbed walking.
In the article, three data bases responded to our needs. By following the advise of Mr.
Maarten Afschrift, we decided to use a data set where a discrete pelvis perturbation was
applied during steady walking [93]. Indeed, as the perturbation is located close to the
center of mass, the results seem to be the most assessable.

For this experiment, nine young healthy subjects (age 25 + 2 std years) were gath-
ered in order to apply anterior-posterior (AP, forward and backward in the sagittal plane)
and medio-lateral (ML, forward and backward in the coronal plane) pelvis perturbations
of 150 [ms] at right toe off, for four different magnitudes (cf. Figure 2.1) at two different
walking speeds (0.62 and 1.25 [m/s]). For the features of the subjects, joint kinematics

4 magnitudes

< 1>

Force [N/kg]

bO

0 0.1 0.2

Time [s]

Figure 2.1: Overview of discrete pelvis push data set [82],[93].

were obtained with inverse dynamic tools while COM positions and velocities where
derived from joints kinematics and a musculoskeletal model provided by the open-source
software, OpenSim v3.3 [94]. A more detailed description of the data is provided in the
article [93]. We limited our study to the AP perturbations and to the motion of our three
joints of interest in the sagittal plane (flexion and extension) for the stance leg as the CoP
modulation during the ankle strategy needs ground support. For our work, all data was
processed using Matlab (R2021a, Mathworks).
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2.2.2 Feedback delayed models

With the aim of providing a comparative study, two models will be discussed in this
chapter. We chose the models presented in Afschrift et al. article: the COM feedback
model and the local joint feedback model. An advantage of both models, is that their inputs
are easily measurable, making them potential candidates for an eased implementation in
assistive gait devices. These two models have not been chosen randomly, indeed they
were selected to test the hypothesis of whether the reactive balance during walking had
a task-level feedback (COM) or a local reflex based feedback control. In other words, it
allows to evaluate if joints responses to perturbation are modulated by the central nervous
system to recover balance (COM = task variable) or if they are produced from local stretch
reflexes to recover the initial posture of the limb, without necessarily contributing to the
task goal [95]. Another bio-inspired asset of these models, is the fact that each of their
inputs is delayed by a neuronal time, representing the time needed for signal transmission
and processing between the joints and the corresponding nervous complex.

2.2.2.1 COM feedback model

Previous works have shown that during perturbed standing, the joints torques and the
different muscles activities could be described by a COM feedback model [52] [96] [97].
In Afschrift et al. article, they tested if it was also the case for walking. In Chapter 1, we
have seen that the body balance task was intrinsically linked to the center of mass, to
ensure equilibrium. Thus, we are going to test the ability of the following relationship (eq.
2.1), taking delayed COM kinematics as inputs, to explain experimental data. However,
this equation is also going to give us information about the potential task-level feedback
control of the reactive joint responses.

ATcom(t) = Ky(s)ACOM (t — 7) + K, (s)ACOM(t — ) (2.1)

In this equation ATro(t) is the deviation of joint moment from the unperturbed
trajectory, K, and K, are feedback gains dependent of the phase in the gait cycle (s),
ACOM(t — 7) and COM (t — 7) denote the difference between the perturbed and
unperturbed center of mass position and velocity respectively and ¢ the time. The neural
delay is represented by 7 and was based on a sensitivity analysis for each joint explained
in section 2.2.5, but was initially set at 7 = 100 [ms] for every joint. By following the
categorization of lower limb powered orthoses controllers of section 1.4.2 of Chapter 1,
we can classify this model in the computed action to keep balance (BAL) models. Thanks
to this model, neural relations underlying reactive balance could be understood and allow
human-like balance assistance for future orthoses by applying corrective joint torques.

2.2.2.2 Local joint feedback model

The alternative model, used as comparative support for our model of interest, is the
delayed local joint feedback model. This comparative study is going to give us more
insights about the underlying control of lower limb joints during the reactive balance.
Indeed, this model takes joint kinematics as inputs and it can be modelled by equation
2.2.

AT;(t) = Kp(s)Aq(t = 7) + Ky (s)Aq(t = 7) (22)
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Where AT} (t) is the deviation of joint moment from the unperturbed trajectory, K,(s)
and K, (s) are the position and velocity feedback gains, Aq and A are the deviation joint
angles and velocity from the unperturbed reference trajectory respectively and 7 is the
neural delay, which was initially set to 80 ms for every joint to model the shorter latency
of the local reflexes. By following the categorization of lower limb powered orthosis
controllers proposed by Baud et al., we can classify this model as a function of joints
instant states (FJI) based controller [78].

2.2.3 Linear regression

With the intention of reproducing the closest torque as possible to reality with both pre-
sented models, the feedback gains K, and K, had to be tuned to match the experimental
data. Additionally, optimal gains, independent of the direction, amplitude or nature of
the perturbation, an even on the subject, would be even more optimal.

Hence, we did two least square regressions for each speed: one on each subject in-
dividually for every direction and amplitude merged together, and one on pooled inputs
and outputs for all subjects and perturbations combined. To achieve the linear regression,
we used mldivide Matlab integrated function.

Feedback gains being phase and speed dependent, we evaluated the linear regression at a
discrete time instance, when COM kinematics seem to have the largest deviations form
the unperturbed situation. The discrete time instances were at 150 [ms] after the onset of
the perturbation in addition to the neural delay for the output. A visual representation is
given in Figure 2.2.

2.2.4 Statistical analysis

With the aim of assessing the quality of different model fits, we will use three different
statistical tools: the uncentered determination coefficient (12?), also called R-squared,the
root mean square error (RMSE) and the p-value of a paired t-test.

First, the uncentered determination coefficient gives a measure of how the variation
in one variable can be explained by the variation in another variable. In the context
of comparison between different models, it provides a measure, between 0 and 1, of
the goodness of reconstruction of experimental data by a model [98]. In other words,
how well the model reconstructs the observed data. The mathematical expression of
R-squared is given by equation 2.3, where ¥; 44, is the measured joint moment from the
experimental data base at time i, ; ;04 is the reconstructed joint moment by the different
models at time i and n is the number of time steps.

Z?:l(yi,data - yi,mod)2

n 2
i=1 yi,data

R2=1-— (2.3)

For our purpose, we will use this statistical tool to assess our linear regression quality.
Moreover, this measure is the square of the correlation coefficient (R).

The second tool that we are going to use, is the root mean squared error. Widely used
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Figure 2.2: Overview of the discrete assessment time (pink line) of the least-squared
regression for the ankle joint in the COM feedback model [32].

to assess regressions, it gives the standard deviation, the amount of dispersion, of the
residuals (the errors), which are the difference between the experimental data and the
regression values [99]. Its mathematical expression is given in equation 2.4, where ¥; 4qtq
is the measured joint moment from the experimental data base at time i, ¥; y0q4 is the
reconstructed joint moment by the different models at time i and n is the number of time
steps.

n (s s 2

RMSE — J Z (yz,data yz,mod) (2‘4)
i=1 n

For our purpose, we will also use this statistical tool to assess our linear regression quality

for each model and speed of walking.

The last statistical feature, is the p-value of a paired t-test that we are going to use
as a comparative tool, to assess the significance of the differences between the two dis-
cussed models results. This measure is going to allow us to determine if the the difference
between both models is significant enough to conclude a task-level or joint level control
of the joints. One the one hand, the paired t-test is going to compare the means of R?
and RMSE for each model and test if they differ (null hypothesis: means are equal). On
the other hand, the p-value is going to give us the statistical significance of this test, with
an arbitrary chosen significance level of o = 0.05 [100].
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2.2.5 Sensitivity of the neural delay

In compliance with the articles [95] [101], if the joints’ response to a perturbation can
be explained by task-level feedback, the muscles responsible for the generation of their
torque have long-latency electromyographic (EMG) responses reflected by a neural delay
between 70 to 100 [ms] for lower limbs. Leading to slightly larger neural delay values for
joint due to additional delay related to the force generation in the muscles. For local-joint
level feedback, the neural delay should be shorter than the ones of the task-level feedback
as they are not centrally-mediated neuromuscular responses.

Therefore, we began our study by mimicking Afschrift et al. methodology and com-
puted the linear regression with a time delay of 7 = 100 [ms] for the three joints (value
taken from literature). Afterwards, we analyzed the sensitivity of the delayed COM
feedback model towards the neural delay in order to check the plausibility of the chosen
value of 100 [ms].

For the ankle, we reproduced the sensitivity analysis of the article and obtained similar
graphs, presented in Figure 2.3. For the lower speed, at the left side of the chart, a time
delay of 100 [ms] seemed a justified choice, as the maximum R? of the pooled curves is
equal to the chosen value. For the higher speed, the maximum of the pooled curved is
lower than 100 [ms], but the behavior of the graph is pretty flat around it, with similar
R? values. Moreover, physiologically a neuronal delay should not change based on the
walking speed. Consequently, a value of 74 = 100 [ms] is completely plausible. Therefore,
we decided to keep that value for the ankle joint moment reconstruction for the COM
model. Moreover, the value of 74 = 80 [ms] for the joint model is also kept as it still
models the lower latency period compared to the COM delay.

Sensitivity to neural delay for the ankle (0.62 [m/s]) Sensitivity to neural delay for the ankle (1.25 [m/s])
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Figure 2.3: Sensitivity of the COM feedback model to the neural delay for the ankle for
both speeds, where the green dotted line represents the maximum of the pooled data
(red) and the black lines are the data for each subjects.

The first addition to the article is the COM sensitivity analysis to time delay for the knee.
A first major difference compared to the ankle, that we can see in Figure [?], is that the
different maxima of the pooled curves seem lower for both speeds. Indeed, for the lower
velocity we can still observe a flattening zone of around 80 [ms]| and not 100 [ms]. For

18

0.25



the 1.25 m/s speed, the curves seem more dispersed and less gathered than in the other
cases. Based on these Figures, we can assume that taking a lower neural delay, would lead
to a better quality of reconstruction of our signal. Furthermore, physiologically it is a
meaningful insight, as the location of the knee being above the ankle it would be rational
to conclude that it would thus lead to a quicker reception of the nervous commands.
Therefore, to enhance our model quality and to be in accordance with physiological
phenomenons, we decided to take a neural delay lower than 100 [ms] but still higher
than the one produced by the local joint model, as we hypothesized long latency EMG
responses from the surrounding reactive muscles of the knee to a disturbance. For the
following sections, the neural delay for the knee joint will be of 7 = 80 [ms] for the
COM model and of 75 = 60 [ms] for the joints model.

Sensitivity to neural delay for the knee (0.62 [m/s])

08 Sensitivity to neural delay for the knee (1.25 [m/s])
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Figure 2.4: Sensitivity of the COM feedback model for the knee for both speeds, where
the green dotted line represents the maximum of the pooled data (red) and the black lines
is the data for each subjects.

Finally, as the ability of the COM feedback model to explain the hip reactive moments
response to a pelvic perturbation was not efficient (cf. section 2.3) a sensitivity analysis
seemed unnecessary. For informative purposes, we presented the obtained sensitivity
graphs in Appendix D.1.

2.3 Results

In this section, we will evaluate the ability of the different models to assess the lower
limb joint reactive moments using the statistical tools presented previously. The results
discussed in this section will be used for the data-driven approach of Chapter 3.

2.3.1 Tracking inputs

Before presenting the results of our linear regression, we wanted to present the moment
inputs that our different models are aiming to track, to show how a disturbance leads
to moments deviation. Afschrift et al., showed that the adjustment of the ankle joint
moments, in response to a perturbation, was the result of a reactive balance control
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response.

One of the main objectives of this chapter, is to test the ability of the delayed feedback
models to reconstruct the moment deviations, that we can see in Figure 2.5. Graphically,
we can observe that the largest deviations from the unperturbed trajectory occur between
0.2 and 0.4 seconds after the end of the perturbation, for the three joints, and seem to
restore the unperturbed torques behavior just after.
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Figure 2.5: Deviation of lower limb joints moments during backward (blue) and forward
(red) perturbation of different amplitudes from their unperturbed value (black) - Ankle
(left), knee (middle) and hip (right) for a walking speed of 1.25 [m/s].

In this Figure, we can see a representation of the left stances leg joints, where the pertur-
bation has been applied at right leg toe-off (at time 0 in the Figure) during 150 [ms]. The
torques and COM inputs of the model have been normalized' by dimensionless subject
physical features. Indeed, the scaling objective was to ease the comparison between the
subjects and to allow the computation of common feedback gains over pooled data.

2.3.2 Model fit

As explained in the methodology section, the quality of the fit of the two models, is going
to be assessed by different statistical tools. As a reminder, we set the significance level
of the p-values at & = 0.05. The different results are summarized for both models and
speeds in Table 2.1 and Table 2.2.

The first goal of this chapter was to reproduce the results of Afschrift et al. for the
ankle moments. On the one hand, we had to show the ability of the delayed COM feed-
back model to model the deviations of the ankle moments. On the other hand, we wanted
to show that this adjustment were the result of a task level control for the reactive balance
and not a deviation arising from a local reflex control. By looking at the R* and RMSE
values for the ankle moment for both speeds, we obtain similar values compared to the
ones in the article. We can see that compared to the joint feedback model, the COM
feedback model strongly reconstructs the ankle moments, with values of R? above 70%.

1COM positions were scaled by l,,q., speeds by v/glinqe and torques by mgl,,q. where Iy, 4, is the COM
height during quiet standing (Imax), m the body mass of the subject and g the gravitational acceleration
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Table 2.1: Summary of RMSE and R? values of the linear regressions between the delayed
models and the reactive joint moments in perturbed walking for a walking velocity of 0.62
[m/s]. Joint moments are reported pooled over all subjects (Pooled) and for individual

subjects (Subj.).

Speed: COM feedback model Joint feedback model P-values
0.62 [m/s] R? RMSE R? RMSE p-R2 | p-RMSE

Ankle moment (pooled) 0.83 0.02 0.02 0.04

Ankle moment (subj.) 0.84 0.02 0.2 0.04 <0.01 <0.01
Knee moment (pooled) 0.61 0.01 0.47 0.01

Knee moment (subj.) 0.66 0.01 0.54 0.01 0.17 0.07
Hip moment (pooled) 0.25 0.01 0.55 0.01

Hip moment (subj.) 0.33 0.01 0.54 0.01 <0.01 0.05

Table 2.2: Summary of RMSE and R? values of the linear regressions between the delayed
models and the reactive joint moments in perturbed walking for a walking velocity of 1.25
[m/s]. Joint moments are reported pooled over all subjects (Pooled) and for individual

subjects (Subj.).

Speed: COM feedback model Joint feedback model P-values
1.25 [m/s] R? RMSE R? RMSE p-R2 | p-RMSE

Ankle moment (pooled) 0.75 0.02 0.2 0.03

Ankle moment (subj.) 0.76 0.02 0.3 0.02 <0.01 <0.01
Knee moment (pooled) 0.6 0.01 0.5 0.01

Knee moment (subj.) 0.61 0.01 0.54 0.01 0.16 0.05
Hip moment (pooled) 0.35 0.01 0.37 0.01

Hip moment (subj.) 0.38 0.01 0.40 0.01 0.55 0.2

Furthermore, the rounded RMSE values, seem equal or higher for the joint model. The
difference of goodness of the fit between the different models to reconstruct the ankle
moment are statistically significant, as the different p-values are lower than the chosen
significant level o = 0.05. Therefore, these results confirm, that there is a modulation of
the ankle moment in response to a perturbation of the pelvis and that this can be modeled
efficiently by a COM feedback model.

One of the additional discussions that we bring to the article, is the adaptation of the
analysis, to the knee. We can see that the ability of the COM model to reconstruct the
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knee moments for the pooled and for the individual subjects is lower than the one from
the ankle. Nevertheless, we obtain R* values superior to 60% for both speeds for the
COM models and values around 50% for the local joint model. However, the difference
between the efficiency of the two studied models is not significant with p-values superior
to a, except for the p-RMSE of the quicker walk. Indeed, we can see that RMSE values
seem pretty similar in every studied situation. This means that we cannot conclude a task
level control of the knee moments, even-though the R? are still slightly higher for the
center of mass model. In the next section 2.4, we will try explaining what are the reasons
behind the closeness of the responses between the different models, each underlying a
different neuromuscular behavior.

The second additional joint that we assessed was the hip. In the Table 2.1 and 2.2,
we can see that the modeled moments do not exceed the value of 55% for the uncentered
determination coefficient. Consequently, these models do not seem the most appropriates
to model the response of the hip moments to a pelvic perturbation. Even though, there
seems to be significant difference between both models for the lower speed of walking.
However, the close results obtained for the quicker speed could arise from the same
causes than the ones for the knee, this will be investigated in the following section 2.4.

A linear regression equation represents the correlation strength between the differ-
ent variables. The higher the correlation between two variables, the stronger will be the
linear relationship between them [102]. For that reason, to better evaluate our models
efficiency, we computed scatter plots (representation of correlation strength) to better
visualize how the tested model fits the experimental data (represented by a least-square
line). The different scatter plots are presented in Figure 2.6 for the ankle and in Appendix
E.1 and E.2, for the knee and the hip respectively. Indeed, the difference between both
models is most pronounced for the ankle and therefore, seemed to be the most appropriate
to present. We can see in Figure 2.6, that the data points follow nicely the least square
line for the COM model (left) unlike the local joint model (right).
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Figure 2.6: Ankle moments (pooled) as a function of the reconstructed moments by COM
model (left) and by the local joint model (right) - representation of unperturbed walking
(gray dots), forward perturbation (red dots) and backward perturbation (blue dots), speed
=0.62m/s.
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2.3.3 Gains

The last important results to evaluate are the gains, presented in Table 2.3 and 2.4, where
K, and K, stand for feedback gains relative to the inputs positions and velocities respec-
tively. Indeed, one of our goals was to see if a global gain, independent of the subject,
perturbation magnitude or direction, could give a fit as satisfactory, as a subject and
perturbation dependent gain.

For the three joints moments, we have seen in Table 2.1 and 2.2, that the quality of
reconstruction given by each models does not vary much from the pooled or individual
situation. This is an encouraging finding in regard to the expectation of common feedback
gains. To support this statement, we can see that the gain values in themselves do not
vary much either, with a maximal deviation of 0.4, in Table 2.1 and 2.2.

Table 2.3: Summary of the different feedback gains for the delayed models for a walking
velocity of 0.62 [m/s]. Joint moments are reported pooled over all subjects (Pooled) and
for individual subjects (Subj.).

Speed: COM feedback model Joint feedback model
0.62 [m/s] K, K, K, K,
Ankle gains (pooled) -0.79 -1.03 -0.18 -0.01
Ankle gains (subj.) -0.82 -1.06 -0.28 -0.01
Knee gains (pooled) -0.35 -0.43 -0.22 -0.02
Knee gains (subj.) -0.33 -0.47 -0.21 -0.02
Hip gains (pooled) 0.04 0.17 -0.07 -0.01
Hip gains (subj.) 0.04 0.17 -0.07 -0.01

Table 2.4: Summary of the different feedback gains for the delayed models for a walking
velocity of 1.25 [m/s]. Joint moments are reported pooled over all subjects (Pooled) and
for individual subjects (Subj.).

Speed: COM feedback model Joint feedback model
1.25 [m/s] K, K, K, K,

Ankle gains (pooled) -1.07 -0.61 -0.61 -0.004
Ankle gains (subj.) -1.07 -0.63 -0.65 -0.0008
Knee gains (pooled) -0.54 -0.20 -0.19 -0.03
Knee gains (subj.) -0.56 -0.2 -0.2 -0.03
Hip gains (pooled) -0.02 0.17 -0.03 -0.01
Hip gains (subj.) -0.04 0.18 -0.02 -0.01
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2.4 Discussion

In Chapter 1, we have seen that the ankle strategy was a reactive corrective balance
strategy, involving deviations of the ankle, knee, and hip flexor/extensor moments.
Afschrift et al., showed that the modulation of the ankle torque, underlay a task level
control feedback and not a local joint level one. We followed the same methodology in
order to check whether the knee and the hip joint responses to a pelvic perturbation were
also reflected by a task level delayed sensory motor feedback. In the findings presented
previously, we saw that the results were different from one joint to another. The variability
of the results for the different joints could be explained by divergent feedback mechanisms.
In this section, we tried finding explanations about the differences for each reconstructed
joint behavior within the different models and between the different joints.

2.4.1 Intra-model behavior

This part of the discussion aims at understanding the reasons for similar results between
both models while the inputs are completely different. Indeed, we observed in Table 2.1
and 2.2, that particularly for the knee, the goodness of the fits between the COM and the
joint feedback model were pretty similar. A pathway to explain this, could be the fact
that both inputs, the joints and COM kinematics, are highly correlated, leading therefore
to similar results. To do so, we used the linear correlation coefficient, R, which provides a
quantification of the degree to which two variables vary together. Moreover, we plotted
a scatter plot to have a visual support. We tested the knee moments at low speed and
the hip moments at high speed, which were the two situations where the differences
between models statistics, where not significant (cf. non-blue p-value squares in Table
2.1 and 2.2). The different results are presented in Figure 2.7.

Visually we can already see that the data points are widely spread around the least-square
line, involving a low correlation. Secondly, by looking at the R values (top left in Figure
2.7), it confirms the low correlation between the inputs, with only 1 of the situations
going beyond 50%. Therefore, we cannot conclude that a correlation between the inputs
could be at the origin of similar results between COM and joint models.

2.4.2 Sensorimotor transformation underlying reactive balance

Balance in humans demands a feedback control of the central nervous system which will
activate the necessary motor responses by integrating information from sensory inputs
[103]. However, this transformation of sensory inputs into motor commands is not well
understood yet for the control of balance during walking. The idea of Afschrift et al.
was to test whether the sensorimotor transformation control during perturbed standing
could be applied to walking some time after the perturbation onset (long latency). Indeed,
several authors showed that muscular activation, in order to control balance of perturbed
standing, was done through an estimation of the center of mass movements. By showing
the proportionality between COM kinematics and the ankle joint moment adjustment,
they showed that similar sensorimotor transformation processes underlaid ankle reactive
moment adjustments during ankle strategy. This implies a feedback control driven by
the COM kinematics, to generate the appropriate behavior for reactive balance. Through
the integration of sensory input, the central nervous system estimates COM movements
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Figure 2.7: Scatter plots of the inputs of local joint model as function of COM model
inputs. Top Figures - For the stance knee joint at low speed (0.62 [m/s]). Bottom Figures
- For the stance hip joint at high speed (1.25 [m/s]).

leading to the appropriate motor command actions. This kind of sensorimotor transfor-
mation are called task-level feedback, where the center-of-mass kinetics are the task-level
variables?. Different studies suggest that spinal central pattern generators (CPG) are
responsible for task-dependent modulation of sensory feedback during locomotion [104].

Our different results regarding the relation between the knee and hip torques with
COM kinematics during the ankle strategy, suggest a different sensorimotor transfor-
mation. Indeed, a different neuromechanical control for proximal and distal joints in
response to a perturbation could explain the variances in the results. For instance, Daley
et al., showed that a proximo-distal gradient neuromechanical control could explain the
improved stability during running [105]. Furthermore, Nataraj et al., showed that a feed-
back control, merging local joint variables and center of mass kinematics, supplied more

stability against standing perturbation than controller based only on local or task-level
feedback [106].

The similar results between the COM and the local joint models for the hip and knee
joints, could be explained by the fact that the resulting reactive moments stem from
both delayed local (joint-level feedback) and long latency reflexes (task-level feedback).

2Task-level variables can be defined as "motor variables that cannot be directly encoded or controlled
by any unique sensory input or motor output” [95]
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This would explain the similar intra-model behavior and moreover, it could also de-
scribe why the COM feedback model cannot achieve as efficient results as for the ankle
joints. This would mean that the torques deviations of the knee and the hip could be the
combination of direct stretch reflexes to come back to the unperturbed posture and of
functional reactive balance adjustment. A reason behind these different neuromuscular
behaviors between joints, could be given by the delayed muscular activation rising in a
distal-to-proximal fashion for lower limb muscles during the ankle strategy. Indeed, some
authors have shown that due to this delay, the stretch reflexes in the knee and in the hip
occurred 20 to 70 [ms] after the ankle local reflexes responses [48]. Moreover, depending
on the assessed discrete time, lower limb moment adjustment origins, following a sagittal
perturbation, can be divided in three categories according to Ferber and his team:

1. Just after the onset of the perturbation (< 70 ms): Moment deviations come from
mechanical responses due to viscoelastic changes of the surrounding tissues in
response to the disturbance.

2. 70 to 250 ms after the onset: Joints’ responses arise from mechanical and local
stretch reflexes.

3. Over 250 ms after the onset: The joints’ adjustments are a combination of mechan-
ical, local reflex and cortically-mediated neuromuscular responses.

2.5 Conclusion

The objectives of this chapter were two folded: first, to find a bio-inspired model ap-
propriate for a mid-level orthosis controller reactive balance assistance. Through the
assessments of the obtained data, we validated the fact that the delayed COM feedback
model was an appropriate model to describe and explain ankle reactive behavior in
response to a perturbation, at 250 [ms] after the onset of the perturbation. Unlike the
knee and the hip, where none of the tested model were adequate to explain these lower
limb joints moments behavior at the same discrete time. Second, both models had been
chosen to show if they could bring us more insights about the sensorimotor transforma-
tion underlying the reactive balance. Thanks to the comparison of the results of both
models, we found that the ankle and distal joints were driven by different sensorimotor
transformation at the assessed discrete time. We proposed a possible path of explanation
with the delayed distal to proximal muscular activation approach of the ankle strategy.

Therefore, by validating Afscrift et al. conclusions, we showed that the COM feed-
back model could be a potential reactive balance controller for ankle active orthoses.
Indeed, by predicting the supposed reactive balance moments that a healthy subject
should have in response to a certain perturbation, the reduced reactive balance abilities of
the wearer could be compensated by torques generated through the orthosis thanks to this
relationship. A deeper understanding of the sensorimotor transformations underlying
knee and hips joints during perturbed walking, could led to future efficient models for
the three joints.
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Limitations

A first limitation of this thesis lies in the methodology of this chapter. Indeed, we only
tested our models on one experimental data set which was already used by our pioneer
article. For a proper validation, a different data set should have been used.
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Chapter 3

Adaptation of a neuromuscular
bipedal locomotion model

In this chapter, we attempt at assessing a model-based controller via its implementation in a
2D neuromuscular locomotion model.

3.1 Introduction

In the previous chapter, we described the ability of a center-of-mass kinematic based
model, to explain reactive balance of lower limb joints in response to a perturbation,
established on experimental data. The following step is to identify if it can supplement a
pathological balance behavior in order to get closer to a healthy balance control conduct.
Unfortunately, it is not trivial to find experimental data with the targeted pathological
features following similar test protocols.

Nevertheless, a solution lies in using computational models. More and more, there
is an increasing use of in silico models to predict in vivo outcomes [107]. Indeed, accord-
ing to Mallet, D. G.: "In silico experimental modeling (...) involves combining findings from
biological literature with computer-based models of biological systems in order to conduct
investigations of hypotheses entirely in the computer laboratory" [108]. Therefore, we
could use a computational model mimicking human locomotion, based on biological facts,
inhibit its reactive balance control system and test our model-based controller on it, to
predict its effectiveness on pathological balance subjects. Therefore, we looked for in
silico models adapted to our study and found a promising reflex-based neuromuscular
model of human locomotion proposed by Professor and researcher Hartmut Geyer [109].
A big advantage of this model, is that the 2010 version, is free and available online for
academical research. In addition to that, it has been shown that this version, is not able to
provide a satisfactory human-like behavior of joint moments in response to an anterior
or posterior perturbation. Providing us a direct platform to test our reactive balance
controller on a reduced balance computational model [88][89][110].
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3.2 Geyer’s Neuromuscular Locomotion model

The main principle that Geyer’s neuromuscular model tries to simplify, is the control of an
intricate nervous network behind the legged locomotion in humans. In scientific literature,
it has been shown that the core of this complex network is a mix between the locomotor
central pattern generator (CPG) and the spinal reflexes [111]. Indeed, a locomotor CPG is a
gathering of different neurons centralised in the spinal cord of every mammalian, with the
responsibility to generate rhythmic outputs with no input of rhythmic information from
either the higher nervous levels or from peripheral sensory feedback [112]. Besides the
CPG, there are the spinal reflexes, which are going to supplement the CPG by providing
the timing of muscular activities, the choice of the motion pattern and the adjustment
of the CPG output [113][111]. The presented neuromuscular model aims at simplifying
this complex structure underlying legged mechanics to elucidate its influence on human
motor control.

3.2.1 Description

In the 2010 version, the presented neuromuscular model integrates leg mechanics in
autonomous muscular reflexes. First of all, to make the model as human like as possible
they created a 2D segmented rigid body representation with shanks, thighs and feet
for each leg and a common trunk, as we can see in the middle of Figure 3.1 (the black
segments). Moreover, we can observe that each of this body parts are linked by the ankle,
the knee and the hip joints (white circles in Figure 3.1).

L R

stance stance
reflexes reflexes
yes yes
contact? contact?

* no no *
| |
! swing swing !
I reflexes reflexes I
] [
] I
] I
I [
1 1

ball & heel ball & heel
sensors sensors

Figure 3.1: Feedback motor control representation of the neuromuscular model [111].
In order to induce locomotion, each joint is actuated and constraint by seven Hill-type
muscles (cf. section 1.4.2): the soleus, the tibialis anterior and the gastrocnemius for the

ankle, the vastus and the hamstrings for the knee and the hip flexors and the gluteus for
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the hip joint. The model underlying this segmented body is divided in two main control
systems: the left and the right, each responsible for the left or right leg respectively.
Moreover, these systems are in turn divided in two reflex-control systems dependent on
the gait phase (swing and stance) which are detected thanks to virtual ground sensors.
Geyer’s proposed an efficient simplified locomotion model driven by muscular reflexes
and with no central pattern generator.

3.2.2 Layers of the model

In order to achieve bipedal locomotion of such a model, Geyer et al., divided the system
in three main layers: the neural, the muscular and the mechanic layers. These levels
interact among each other via different relationships presented in this section in order to
reach a model that can walk on different slopes, ground levels and surfaces. For more
information, the details are broadly explained in article [111].

3.2.2.1 Neural control layer

The neural control layer is responsible for the generation of the reflexes underlying the
model. This control is based on three concepts, through which human-like leg mechanics
during walking, has been implemented. The three concepts are:

1. Generation of compliant stance behavior by the ankle and knee extensors muscles
via positive force reflexes generating muscle activity. The stimulation of the muscles
has been modeled with the following equation:

Sn(t) = Som + G Fn(t — Atyy)

Where 5,,,(t) is the stimulation of the muscle ‘m’, Sy ,, is the pre-stimulation of
muscle ‘'m’, F}, is the reflex forces, GG, is the different gains and At,, the neural
delay.

2. Balance control of the trunk via the stimulation of the gluteus and the hip flexors
by a proportional derivative signal.

3. Swing leg control to enhance cyclic motion.

These three concepts enable the model to generate a cyclic locomotion while having a
compliant leg behavior in stance and proactive balance control of the trunk. The authors
did not represent the CPG which normally actuates the muscles feed-forwardly. Indeed,
in the model, the muscle’s stimulations are produced by reflexes which switch from
stance to swing reflexes via sensors from the body mechanic’s layer.

3.2.2.2 Muscle actuation layer

Thanks to the neural control layer, muscular stimulation is generated. The muscular
actuation layer links this neural stimulation’s with the force that the corresponding
muscle is going to provide in response. The seven couple of Hill-type muscles follow an
adapted architecture of the primary Hill muscle model (cf. Figure 1.3), presented in Figure
3.2. The model is called the muscle-tendon model which represents a muscle tendon unit
(MTU). In the center of the model, we find the basic Hill muscle model linking the active
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Figure 3.2: Muscle-tendon model where CE is the contractile element, SE a series elasticity,
PE a parallel elasticity, BE a buffer elasticity and |; represent the length of the different
subparts of the model [111].

contractile element with the series elasticity, representing the MTU in standard condition.
Whenever the contractile or the series elasticity goes beyond or below a certain threshold
in length, the parallel and buffer elasticity prevent the collapsing of the CE.

Based on this architecture, the generated force of the MTU can be expressed by equation
3.1, where Fop, Fpp and Fpy are the forces of the contractile element, the parallel and
buffer elasticity respectively. Their sum results in the MTU force, F},,, of muscle ‘'m’.

F,, = Feg+ Fpp — FBE (3.1)

The relation between the neural and the muscular layer is given in the expression of
the contractile element: Fop = AF,0.fi(lcg) fo(vor), where A is the muscle activation,
which is linked by a first order differential, to the stimulation of the neural layer. The
other terms of the expression correspond to: F,,,, the maximum isometric force, f;(lox)
and f,(vcg) the force length and force velocity expressions of the CE.

3.2.2.3 Body mechanics layer

The last main layer is the body mechanism system. Herein, the different segments,
represented by rigid bodies, are connected between them through the joints. Moreover,
we have the transfer of force between the muscle tendon units and the joints. Indeed, the
motion of the skeletal system is done through the joint, as we explained in Chapter 1.
The transfer of force from the muscular to the body mechanics layer, is expressed by the
relation 3.2, where 7, is the joint torque produced by muscle ‘'m’, F;,, is the MTU force,
Tm is the lever arm and ¢ the joint angle.

Also, we can find, within this layer, the feet’s virtual contact sensors sending the trigger
to the stance or swing reflexes to the neural control layer to whether activate stance
or swing reflexes. Additionally, another link with this last layer is done through the
dependency of the reflex outputs (neural) on mechanical information (mechanics).
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3.3 Method

For the methodology of this chapter, we merged various practices from different teams,
who had already tested their reactive balance model on this simulation [88][89][110]. The
2010 version of the model was processed and adapted on Simulink (R2021a, Mathworks)
and Matlab (R2021a, Mathworks).

3.3.1 Overall strategy

The aim of this chapter is to assess the effectiveness of our model-based controller, via
a neuromuscular simulation of bipedal locomotion. Based on the results of Chapter 2,
we decided to implement the COM feedback model in a controller, to enhance reactive
balance abilities (making them closer to the ones of a healthy person) by providing an
additional torque to the ankle joint.

For that purpose, we first had to adapt the reflex-based model to retrieve the desired
inputs of the COM model equation (cf eq. 2.1).

The first inputs to retrieve, were the COM kinematics from an unperturbed reference
gait. To allow a synchronized retrieval of the data relative to the perturbed kinematics,
we decided to run a simultaneous NMM where the simulated human body would be in a
steady walking state and would provide the live necessary reference input to the COM
model. An overview of this strategy is displayed in Figure 3.3. By launching the two si-
multaneous NMM, the different simulated movements and contact will be recorded by the
virtual sensors. Afterwards, these sensory signals will be sent to the neural control layer,
which will generate muscles’ stimulation via reflexes. Additionally, COM kinematics will
be sent to the mid-level controller from the reference and perturbed bodies. A virtual
inertial sensor had to be added to the NMM body mechanism layer to measure these
additional sensory inputs. With our additional features, the deviation torque provided
by the output of the COM model supplemented the produced hill-type muscles joints’
moments which were then supplied at the ankle joint. We recorded the result of such an
implementation, in Moviel'. The blue and red rigid bodies represent the reference and
the perturbed kinematics respectively. The implementation of the perturbation and of
the controller block will be presented in the following sections. After the implementation
of the necessary inputs, the output of the simulated models had to be analyzed in order
to draw our different conclusions.

3.3.2 Perturbation block

With the aim of assessing the reactive balance control added value of our COM model, an
unexpected external perturbation had to be applied to the human-like bodies. To obtain
a more reliable comparative study base, we mimicked the disturbance from our model
fitting study, where anterior-posterior pelvic perturbations of different amplitudes were
given at right toe-off during 150 [ms]. The implemented perturbation block, in the body
mechanism layer, is reported in Appendix F.1.

Movie 1 = https://youtu.be/h1-pqdpPTeA
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Figure 3.3: Overview of the overall strategy inspired by [88] - the orange path represents
the simulated perturbed signals, the blue path represents the reference simulation and
the green path the additive torque predicted by the delayed COM feedback model.

To begin with, there is no rigid representation of the pelvis in the neuromuscular model.
Nevertheless, the anatomical position of the hip joints are located at each side of the
pelvic bone. Therefore, we decided to apply the perturbation at the interface between
the hip joints and the trunk segment of the rigid body. We evaluated the reactions of the
simulation for different force amplitudes, given by 4, 8, 12 and 16% of the body The mass
of the virtual human body, given by m = 80 [kg].

The other challenge in the implementation of this block, was the trigger of the per-
turbation exactly at right toe-off during 150 [ms]. We have seen in the description of
the NMM, that the decision to be whether in stance or swing phase, is taken based on
the contact sensors of the body mechanism layer. Therefore, we made our block trigger-
dependent by connecting it to the decisional pulse of the feet sensors. Furthermore,
the toe-off corresponding to the first step of the swing phase, the triggering decisional
pulse beginning matched exactly the start of right toe-off. By running the simulation, we
observed that the first gait cycles presented abnormal behaviors before reaching a steady
human-like walking. For that reason, we applied the perturbation after two seconds of
simulation-time not to have biased results.

3.3.3 Controller block

The second important block to implement was the COM based controller block. An
overview of the controller is given in Figure 3.4. The first step, is the gathering of the
center of mass kinematics. We already stated previously that this has been done through
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the use of inertial virtual sensors. These sensors did not provide the velocity of the COM,
therefore we had to perform a derivation. Due to the noise brought by the derivative,
we applied a filter to provide the cleanest possible signal. Afterwards, these kinematics
had to be delayed and multiplied by different feedback gains in order to generate the
reactive joint moments. Then they are added to the torques produced by the Hill muscles.
Besides the additive action between muscular and predicted moments, the implemented
controller block is showed in Appendix F.2.

_ F=A% mg
’ Hill muscular Resultant
torques  + /E\ torque Perturbation
’\/_ | force
¥ —~——
Center of mass
kinematics
Predicted
reactive joint : Neural
moments *6(t-1) delay T
Delayed center of
Feedback gains mass kinematics
A COM(t-T)
ACOM (t-1)

AT=K,ACOM(t-t)+ K, ACOM (t-1)

Figure 3.4: Overview of the controller architecture, inspired by [103].

3.3.4 Data-driven approach

Our overall strategy follows a data-driven approach by using inputs from experimental
data, to derive our controller which aims at describing reactive joint behavior during the
ankle strategy. Indeed, the choice of the studied joint and the different feedback gains
have been chosen on the basis of the experimental data set from Chapter 2.

3.3.4.1 Joint moments tracking

With the aim of supporting our joint selection for the COM model-based controller to be
simulated, we assessed the ability of Geyer’s bipedal model to track the joint moments
from Vlutters 2018 data set, during steady walking. Indeed, it is an important feature to
test if we want to have a comparative study between the simulated outputs and real results.

Before evaluating the tracking potential of the NMM, we normalized the moments by the
product between the COM height during quiet standing (1,,,.) and body weights. For the
NMM, we summed up the length of the segment parameters of the shanks and thighs
to obtain an approximation of the COM height during quiet standing?. Additionally, we

?Normalisation parameters : m = 80 [kg], g = 9.81 [ms~2] and 1, = 1 [m]
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pooled the data over three strides to obtain a representative cycle of the simulation.

Hence, for the appraisal of the joint tracking, we started plotting the different stance leg
moment outputs of the unperturbed computational model, to first assess the tracking
visually. The results are illustrated in Figure 3.5, where the NMM output is represented
in blue and the experimental data in red. The x-axis represents the percentage of gait
cycle, starting at right TO.
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Figure 3.5: Stance leg joint moments as function of the % of the gait cycle given by the

simulation (blue) and by the experimental data (red). For each joint, dorsiflexion and
flexion movements are conventionally an increase of the moment.

On the left chart, the global behavior of the ankle seems very close to the experimental one
but with a high difference of magnitude, particularly around the peak of plantar-flexion
(4 40% of the gait cycle). In the middle chart, the knee moments simulated trajectory
seem to follow less the experimental data with an accentuated extension around 40 %, in
comparison with Vlutters data. On the right chart, hip torques seem to follow nicely the
experimental data set in the swing phase (after 60 percent) but has an opposite progres-
sion for the stance phase with exacerbated extension at the beginning of the cycle. To
confirm the reliability of our plots, we compared our results with the ones given by Geyer
in his article, where he reaches a cross-correlation coefficient of R = 0.99 for the ankle
compared to human data. We confirmed the reliability of our simulated results outputs,
as our results are particularly similar to the ones in the article, as we can see in Appendix
G.1, G.2 and G.3. Moreover, Keeminck et al. implemented a similar controller with the
same human data and showed comparable differences between the computational model
and the experiments prior to any optimisation [110]. For a proper analysis between our
NMM and Vlutters data, a rigorous optimisation of the parameters of the reflex-model
would be needed.

Even if the amplitudes are different, some of the simulated moments seem to have
a close global behavior to the experimental one. In order to detect this correlation, despite
the different amplitudes, we have computed the normalized zero lag cross-correlation
indicator, denoted R. Indeed, it gives a measure of the similarity shape of two signals,
independently of their amplitude differences. The different results are presented in Table
3.1. If R = 1, the signals are the same but of different amplitudes and if R = 0, they are
not correlated at all. In table 3.1, the normalised cross-correlation and RMSE values are
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given. As the NMM has distinct reflexes for the stance and swing phase, we divided the
analysis in two phases. For our purpose, we needed the best tracking of the stance leg as
our COM model aims at reflecting the ankle strategy in this phase.

Table 3.1: Summary of normalised cross-correlation and RMSE values of the difference
between Geyer’s model and Vlutters experimental data (pooled) joint moments during
unperturbed walking for a walking velocity of 1.25 [m/s].

Ankle moment Knee moment Hip moment
Speed:
1.25 [m/s]
Stance Swing Stance Swing Stance Swing
R 0.85 0.34 0.2 0.44 0.26 0.76
RMSE 0.07 0.005 0.04 0.02 0.06 0.015

These different values show us that the ankle torques are really closely correlated to the
experimental data beside its amplitude (with R = 0.85), whereas the knee and the hip
show less agreement in stance (R = 0.2 an R = 0.26 respectively). On the contrary, RMSE
values seem higher for the ankle than the ones for the knee and the hip. This difference
is due to the fact that R gives a measure of the similarities in shape between two signals,
whereas RMSE measures how different signals are, dependent on their amplitude. As we
are working on pooled data, the significance of these tests differences has not be assessed.

The tracking ability of the computational model, to reflect our used experimental data
had the second purpose to support, in addition to chapter 2 conclusions, which joint was
going to be assessed throughout the controller in the simulation. Based on the strong
cross-correlation for the ankle compared to the other joints and with relatively small
RMSE differences within these last ones, we decided to study the ankle reactive control
in response to a pelvic perturbation supported by the different conclusions drawn in
Chapter 2.

3.3.4.2 Phase-dependent gains

The second important methodological layer where the experimental data is going to step,
is directly in the controller block. Indeed, the feedback gains, relative to the position
and velocity of the COM, are directly provided by the model fitting of the experimental
data, as illustrated in Figure 3.6 via the pink path. In the article studied in Chapter 2,
Afschrift and his team, showed a phase and walking speed-dependency of the feedback
gains in the delayed COM feedback model[82]. In this respect, we decided to test only
one speed of walking, supported by the fact that Geyer’s model of 2010 demands a tuning
of the parameters to change the velocity of locomotion of the human-like 2D simulation.
Indeed, the standard walking speed of the neuromuscular model being 1.3 [ms™!], we
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Figure 3.6: Feedback gains integrated via a data-driven approach.

hypothesized that the variances with the experimental data of 1.25 [ms~!] could be
neglected.

With regards to the phase-dependency, we followed the conclusions made by Afschrift et
al., where they stated that the results’ quality was very slightly affected, whether a con-
stant gain was used to describe the ankle strategy or not. With an average decrease of 0.08
of R? for the goodness of the fit for the ankle joints, we hypothesized that this deflection
could be neglected and use constant gains® throughout the entire simulations[32].

3.3.5 Comparative study

As previously stated, the direct comparative study with the experimental data being
compromised, we mainly assessed our controller via the NMM itself. Indeed, even if
the simulation does not track efficiently the studied experimental data of Chapter 2,
Geyer showed that the ankle torque behavior produced by the NMM matched quasi
unequivocally the trajectory of the joint produced during a human steady state walking.
Therefore, we will assess the ability of the NMM to generate a human-like response to a

3K, = —1.07 and K, = —0.61 for the feedback constant gain values relative to the position and the
velocity respectively. These values where taken from Table 2.4.
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perturbation via a general graphical comparison and evaluate, the need and contribution,
of a reactive balance ankle controller.

3.4 Results

In this section, we will merge our results with the ones obtained experimentally graphi-
cally, in order to assess the reactive balance response of the NMM and the contribution
of our delayed COM feedback controller on it. For the rest of the thesis, we presented
the plantar-flexion as a decrease of the torque whereas the dorsi-flexion as an increase
(different conventions that the ones presented in Geyer’s results).

3.4.1 Model response to a pelvic perturbation

First, we assessed the response of the NMM to different pelvic perturbation amplitudes
to confirm the lack of reactive balance control adjustment of the ankle, as showed by
various authors [88][89][110]. The different computational results have been plotted on
the left side in Figure 3.7, whereas the human responses are presented on the right side.
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Figure 3.7: Left - Computational model ankle joints in response to various pelvic pertur-
bation magnitudes. Right - Human ankle joints in response to various pelvic perturbation
magnitudes.

Visually, we can confirm a lack in the simulated model attempt to provide human-like
ankle adjustment, in response to pelvic perturbation. Indeed, during a backward per-
turbation (blue), the ankle should respond with an initial dorsiflexion followed by a
pronounced drop, to finally get back to an unperturbed behavior, as we can see on human
experimental data. Moreover, the chart shows that during a forward perturbation (red),
a plantarflexion shortage, compared to the unperturbed trajectory, should be observed
before restoring to its initial state. While for the simulated ankle moments, the curve
presents an opposite accentuated plantarflexion in response to backward perturbations.
However, it presents the weaker plantarflexion in response to a forward perturbation.
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Different authors tried to follow a data driven approach by re-optimizing the reflex-
model parameters, by removing the forward rigid body dynamics and injecting real
experimental data in order to evaluate if this lack of human-like behavior was due to the
neuromuscular model control in itself or to the rigid body dynamics. Brug et al., showed
that even with re-optimized parameters, the simulation model was unable to generate
human-like ankle moments in response to pelvic perturbation translating a gap in the
neuromuscular model regarding reactive balance responses [110].

Geyer’s neuromuscular model uses local reflex signals for the muscular activation of the
forward rigid body. The absence of a central pattern generator, responsible for task-level
modulation, could be the reason behind the NMM disability to reach human like pattern,
in response to AP alterations. Moreover, we confirmed in Chapter 2, that ankle moments
adjustment sensorimotor transformation at 250 [ms], after the onset of perturbation were
rising from task-level variables. Therefore, the addition of a layer of control underlying
CPG principles, to the reflex-based model, is justified.

3.4.2 Contribution of the controller

3.4.3 Experimental perturbation amplitude

In order to assess the potential added value of an additional COM delayed feedback
controller in the neuromuscular model, where the ankle adjustment during the ankle
strategy is inhibited, we used zero lag cross-correlation indicators. Indeed, as we did not
optimise the original reflex parameters of the model, the amplitude differences would
bias our results. To do so, we pooled our data for backward and forward perturbation and
simulated the different statistical features with the additional COM control in Table 3.2.
First, we can see that the values are very close between the original and the adapted NMM.
Indeed, without an optimisation of the NMM parameters and data driven inputs, the added
reactive torque relative to the behavior of a rigid body responses. Besides the closeness of
the results, statistical tools show an infinitesimal enhancement tendency of the adapted
NMM to produce more human-like ankle responses after a sagittal perturbation, compared
to the original NMM.

3.4.4 Extreme perturbation amplitudes

The results above show us that the the bio-mechanical parameters fitted for humans
can not be directly used to fit the behavior of a rigid body, in response to a perturba-
tion. To allow the assessment of the controller itself, we should use the neuromuscular
model as a controller in itself where the inputs, would not be rigid body movements and
contacts, but real human movements that would be directly sent to the body sensors of
the neuromuscular model, as proposed by Keemink it [88]. This drawback prevented
us from assessing efficiently our controller, as the produced inputs by the rigid body
in response to a perturbation are not comparable with the ones produced by a real human.

Nevertheless, for more insights, we tried to fit the COM feedback model on the rigid
body moments data, by tuning the different gains to see if this model could prevent a fall
of the virtual body. First, we looked at which percentage of the body weight, a fall of the
rigid body could be induced. By trial an error, we found that a magnitude of 38% would
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Table 3.2: Summary of normalised cross-correlations and RMSE values of the difference
between Geyer’s original and adapted model, and Vlutters experimental data (pooled)
joint moments for backward and forward perturbation for a walking velocity of 1.25

[m/s].

Speed: Original model Adapted model
1.25 [m/s]
Backward Forward Backward Forward
R 0.90 0.85 0.91 0.85
RMSE 0.0579 0.0546 0.0578 0.0545

lead to a fall of the virtual body. Secondly, we tested different values of gains but none of
them seemed to prevent the fall through the COM model.

3.5 Discussion

In this section we will present the different insights that our study has shown compared
to other authors and shows the interesting properties that a neuromuscular model could
add to active prosthetic and orthotic (P/O) devices.

3.5.1 Reflex-based neuromuscular model with additional COM
feedback

Thanks to our research we found that for the assessment of our controller, via a neuro-
muscular model, an optimization and a change of the rigid body movements was needed
in order to reach global human-like behavior. Moreover, other authors found that an
optimization of the parameters and a change of movement inputs alone, was not sufficient
to mimic a human like behavior in response to an alteration. The neuromuscular model
lacked of a process to provide reactive balance reactions. A solution could lie in COM
feedback model.

After the discovery of Afschrift and his team, that ankle moments could be predicted by
the center of mass kinematics, they also tested its efficiency on Geyer’s neuromuscular
model of 2010 [89]. Contrary to our study, Afschrift et al, anticipated the mismatches
between the rigid body and the COM model parameters, by using a data-driven approach
with inverse kinematics as inputs of the NMM and an optimization of the reflex parame-
ters to reach responses in agreement with experimental data. Moreover, they tested an
experimental data sets where the subjects were perturbed by treadmill belts accelerations.
Thanks to an additional optimisation of the feedback gains and to the implementation of
their delayed COM model, they showed an improvement in the human-like outputs of the
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computation model where the graphical goodness of the fit, towards experimental data,
was enhanced. These encouraging results, ensure our hypothesis that our results would
have been similar to the article with this data driven approach. Moreover, it strengthens
the hypothesis that additional CPG complexes would fill the voids of the reflex-based
NMM. Dzeladini et al., already showed that adding a CPG to the computational model,
brought a control of locomotion speed [116].

With our work we wanted to generalize Afschrift et al. conclusions, by testing a different
perturbation. Indeed, we used the pooled gains from Chapter 2, to test if the possibility
to have two common gains (relative to the position and the velocity) could be a plausible
future outcome independent on the sagittal perturbation type. However, future works
of the authors aim at testing the robustness of the COM model against different sagittal
perturbations. Moreover, we wanted to show that the relationship relating the COM to
the ankle (cf. eq 2.1) could directly predict reactive behavior, as Afschrift et al. tested the
equation relating the COM and to the muscle activities.

3.5.2 P/O devices

Through this chapter, we have seen that using Geyer’s neuromuscular model by itself; is
not the most appropriate tool to assess a controller due to its rigid body inputs. More and
more, such neuromuscular models are incorporated as controllers (cf. section 1.4.2) for
active prosthetic and orthotic (P/O) devices. Indeed, in predefined trajectories controllers?,
neuromuscular model could contribute broadly. By enhancing the neuromuscular re-
sponses to reach the most human-like behavior in various events (i.e. different grounds,
perturbations, etc.), the controller will be able to provide different control outputs assis-
tance for a broader range of environment, without needing various experimental records.
Therefore, making the NMM more robust against different situation, would be a key to
enhance actual P/O assistive devices. Consequently, neuromuscular models of bipedal
locomotion aid understanding underlying neural processes during locomotion and are
tools that could be easily adaptable to orthoses controllers.

3.6 Conclusion

In this chapter, we tried assessing the ability of our COM model based controller to
bring reactive balance assistance in an inhibited balance NMM. Unfortunately, the non
data-driven approach regarding the inputs of the simulations and the non optimization
of the reflex-based parameters, led us to biased results preventing us to have an effective
evaluation of our COM model.

Thanks to additional scientific literature researches, we still believe that the COM delayed
feedback model could be a potential orthosis controller for the ankle. Moreover, Geyer’s
neuromuscular model disability to provide human-like reactive balance control in sagittal
plane, could be explained by the lack of a central pattern generator. Muscular reflexes
seem to be insufficient for such a control.

4Under a predefined gait trajectory control mechanism, the desired joint trajectory is pre-recorded from a
healthy person (...) and then replayed on an exoskeleton. To improve usability and flexibility of the controller,
the desired joint trajectory is usually parameterized according to different postures. [79]
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Limitations

This second part of the study, comes with some strong limitations. Indeed, we did not
anticipate the behavior of the NMM without optimisation of its reflex parameters and
without the data driven inputs.

First, the fact that the inputs are the rigid body movements, lead to a biased analy-
sis of the outputs for our study. Indeed, the bio-mechanical interactions parameters of
such a body differ from the ones of a real human body. To cope with this default, data
driven inputs should be provided to the NMM by removing the rigid body dynamics.

Second, in order to ensure that the data-driven inputs generate human-like outputs
comparable with experimental data, an optimisation of the reflex parameters of the NMM
is needed. By minimizing the differences between the comparative experimental set re-
sults and the computational model values for the different parameters of the reflex model,
a more subject-like behavior can be obtained. It seems that most of the authors working
with Geyer’s neuromuscular model used the covariance matrix adaptation evolution
strategy (CMAES) for this optimisation. The simulation time of such an optimisation can
rise from 15h to 20h. Therefore, we tested some basic Matlab integrated optimisation
tools, but they did not lead to any reliable results.
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Conclusion and perspectives

To conclude this thesis, we will expose the most relevant conclusions we made all over the
realisation of this study. Moreover we will present potential perspectives towards which the
project could evolve.

General conclusions

Throughout this thesis we proposed a potential mid-level ankle joint orthosis controller
for reactive balance purposes. Thanks to a model fitting on experimental data, we
confirmed the efficiency of the model at a discrete time instance. Unfortunately, the
assessment of the model-based controller via a neuromuscular reflex-based simulation
did not lead to any significant progress.

In the first chapter, we began with an overview of important concepts about balance con-
trol, in order to better understand the underlying systems that a bio-inspired controller
could use as inspiration. Thanks to this global approach, we learnt that balance control
was a neural problem and therefore that inputs involved in the neuronal system should
be considered for our purpose.

In the second chapter, the main objective was to find and assess, a bio-inspired model
able to fit reactive balance experimental data. Based on the conclusions of the first
chapter, we found two bio-inspired models, the COM feedback model and the local joint
feedback model, that could have the ability to respond to our needs. Throughout linear
least-squares regression, results at discrete time instances were evaluated in order to
assess the different fits of the studied models. By using different statistical tools, we
reproduced scientific literature conclusions, by presenting encouraging results, for the
COM feedback model relative to the ankle joints, in response to anterior/posterior sagittal
perturbation at two different speeds. The results for the knee and the hip joints, were
significantly different, enabling us to state some hypothesis on plausible sensorimotor
transformation underlying reactive balance of lower limb joints.

In the last chapter, we attempt at assessing a COM feedback delayed model-based con-
troller, via a neuromuscular reflex-based simulation. To do so, we added some additional
blocks to the computational model (perturbation and controller blocks), in order to have
a platform with similar conditions than the ones tested experimentally. Due to a lack of
anticipation, optimisations and input constraints restricted us in the global assessment of
our controller and did not gave us any significant new insights. Thanks to this chapter,
we learnt that Geyer’s neuromuscular model was more appropriate as a controller than
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as a simulation platform, due to the rigid body dynamics driving the bipedal locomotion
model. Nevertheless, different scientific articles, where Geyer’s model was used as a
controller, proved that there was a dysfunction in the neuromuscular model relative to
its reaction toward sagittal anterior/posterior perturbations. Moreover, encouraging find-
ings show that the addition of CPG derived controls, enhances the reduced human-like
reactive balance response of the reflex-model.

Perspectives

These different drawn conclusions, encourages the possibility to have a delayed COM
feedback model-based controller as a potential candidate for future rehabilitation ap-
plications, as active orthosis. To have an idea of such implementation, we proposed a
feasible controller architecture in Figure 3.8. For the different feedback gains, common
gains for all the wearers could be used, as the reconstruction ability is not significantly
decreased, as proved in chapter 2. A broader range of sagittal perturbations should be
taken into account, to provide an assistance for the largest possible scope. The second
needed inputs are the reference center-of-mass kinematics. An approach to be considered,
could lie in the incorporation of a data driven neuromuscular model which would ensure
a follow up, of a reference trajectory, in a synchronized fashion with the locomotion
rhythms of the orthosis wearer. For the altered trajectory, direct measures from sensors
would be more adequate. Nevertheless, the COM kinematics follow up is not the easiest
kinematic to measure out of laboratory environments. Therefore, an alternative to 3D
motion analysis or to force platforms have to be found. Some authors proposed COM
estimations throughout portable sensors in order to cope with this drawback [117].

Neuromuscular
model
human data
<—
Contact
sensors
output
Reference
kinematics
Feedback
gains . ] Reactive torque
Mid-level controller J >
rF 3
Kinematics

Figure 3.8: Potential controller external architecture.
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Currently, an active hip orthosis is developed at UCLouvain and could be used for
future mid-level balance assistive controllers implementations. A better understanding
of the sensorimotor transformations underlying the knee and the hip joints responses,
would open the path towards orthoses providing reactive balance assistance through the
three lower limb joint, in a human like manner.
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Appendix A

Lower limb joints

e = GRF

e = Joint MOment

«——» = Muscle Contraction
e = Joint Center

Figure A.1: Motion of hip and knee joint according to muscles contraction[23].



Figure A.2: Prominent muscles for lower limb joints. The muscle groups are hip abductors
(HAB), hip adductors (HAD), hip flexors (HFL), glutei (GLU), hamstrings (HAM), rectus
femoris (REF), vastus (VAS), biceps femoris short head (BFSH), gastrocnemius (GAS),
soleus (SOL), and tibialis anterior (TIA). [17].
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Appendix B

Gait cycle tasks

Weight
acceptance

S-ingle limb
support

Swing limb
advancement

Figure B.1: Gait cycle tasks [22].
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Appendix C

Lower limb assistive controllers’
classification
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Figure C.1: Simplified diagram [78].
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Appendix D

Sensitivity to the neural delay

Sensitivity to neural delay for the hip (0.62 [m/s])
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Figure D.1: Sensitivity the COM feedback model for the hip, where the green dotted line
represents the maximum of the pooled data (red) and the black lines is the data for each
subjects.



Appendix E

Visual representation of models fits at
discrete time instance
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Figure E.1: Reactive knee moments as a function of the reconstructed moment by the
COM model (left) and by the local joint model (right) - gray dots represent the unper-

turbed walking, the red dots the forward perturbation and the blue dots the backward
perturbation.
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Figure E.2: Reactive hip moments as a function of reconstructed moments by the COM
model (left) and by the local joint model (right) - gray dots represent the unperturbed
walking, the red dots the forward perturbation and the blue dots the backward perturba-

tion.

VII

0.04



-arenbs an[q oy} ur 198511} SUIMS [eInau 1) pue arenbs usa13 a1y} ur pajussardar apnjrjdure uoneqrniiad 9y} YIm d0[q UOTIRqIN}IdJ ' 9INSL]

| 80104 [BUIBIXT JHOJUO YIIMG

s1abby Bumg

uoneinp uonedqinuad Z=<! |
. (1)
4 X< <4 L Il —

+ . apnydwe uoneqinuad

<l

A AN

Juiof diH Y

<o

[epour uor0wWod0] [epadiq s I19431) 0} SI0[q PAPPV

J xrpuaddy

VIII



“uewINy [eN}IIA 9} JO SSBW JO I9JUD Y} SISUIS YOIYM SIOSUIS [eI}IUT [} 39S
Ued 9M ‘)Y 1Y "NOD 29U19)a1 aY) yjed an[q 3y} pue ssew Jo I9juad paqiniiad a3 sjuasardar yred s8uero oy} a1aym 20[q IS[[01U0D) "] 2INSI]

Had aaeauaq paisiid

uonsod
L+SZ00°0 ped woa
A s n
SNONUIUOD = HUiMUIS-54
. LAejag |einaN -l/- a 4]
J W WOOR Elep
H\Il annenuaq pausali4 JOSUSS [BIUa|U|
% wonsod
g 152000 | o woo (3mys
] L
SNONURUOD) LuuoD

L euep 1 =yep
e (e

Kejaq |eunapn

dy
81 NDD

2 _ =
\ NOD BN -
AA / __Cxll uDiNSed jal Wod F/- « B




Appendix G

Comparison between model,

experimental and our data outputs
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Figure G.1: At the right side of the chart, the torques for the ankle have a maximum
plantarflexion of 0.16 for our results (blue) and the ones from the article (bottom left).
The conventions are different than the ones used in the thesis. At the left side of the chart,
we represented Vlutters experimental data (red) output and the human set with which
Geyer’s compared his model (bottom right). The dotted lines represent the separation

between swing and stance phase.
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Figure G.2: At the right side of the chart, we can see quasi similar shape behaviors

between our results (blue) and the ones from the article (bottom left) for the knee joint.

At the left side of the chart, we represented Vlutters experimental data (red) output and
the human set with which Geyer’s compared his model (bottom right). The dotted lines
represent the separation between swing and stance phase.
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Figure G.3: At the right side of the chart, we can see quasi similar shape behaviors
between our results (blue) and the ones from the article (bottom left) for the hip joint.
At the left side of the chart, we represented Vlutters experimental data (red) output and
the human set with which Geyer’s compared his model (bottom right). The dotted lines

represent the separation between swing and stance phase.
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