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Zusammenfassung:
Menschen bewegen sich seit Jahrtausenden auf der Erde, jedoch haben wir immer noch nicht genau
verstanden wie sie dabei Balance halten. Sie meistern Balanceaufgaben entweder indem sie Ausgleichs-
bewegungen durchführen oder erlernen eine spezifische, stabile Bewegung. In dieser Arbeit analysieren
wir statische und dynamische Balance basierend auf Ganzkörperbewegungserfassung. Wir haben dazu
einen Test für Statische Balance entwickelt und Balancieren auf der Slackline sowie den Seiltänzergang
(Tandem Walk) als Balanceaufgabe verwendet. In zwei Studien haben wir Bewegungsdaten von über
60 Teilnehmern erfasst.

In der ersten Studie haben wir Balancieren auf der Slackline analysiert mit dem Ziel Balance Indicatoren
und Messvariablen für Slackline Expertise zu entwickeln. Wir haben dazu Anfänger, die noch nie
auf einer Slackline balanciert haben und professionelle Slackliner verglichen. Alle Teilnehmer haben
ebenfalls den Statischen Balance Test absolviert. Hier zeigten Slackline Profis durchgehend sehr
gute Balance, wohingegen die Anfängergruppe stark variierte. Dementsprechend wurde die Anfänger
Gruppe in balanceerfahren und balanceunerfahren geteilt. Basierend auf über 300 Aufnahmen von
20 Teilnehmern haben wir 30 Balance Indikatoren definiert und ausgewertet. Wir konnten zeigen,
dass man normalisierter Drehimpuls und Schwerpunktbeschleunigung verwenden kann um Stabilität
und die schwere von Ausgleichsbewegungen zu quantifizieren. Des weiteren fanden wir eindeutige
Unterschiede in der Körperhaltung und Bewegungsstrategie. Diese ermöglichen trainierten Slacklinern
eine aufrechten Köperposition zu halten. Sie zeigten bessere Bewegungskoordination, geringere
Beschleunigung am Standfuß durch die Slackline und angepasste Nachgiebigkeit im Standbein.

In der Balancestudie des "Schizophrenia and the Moving Body" Projekts von Lily Martin haben wir
die Balancefähigkeiten einer Experimentalgruppe, bestehend aus Menschen mit Schizophrenie und
einer gesunden Kontrollgruppe verglichen. Alle Teilnehmer haben den Statischen Balance Test und
zweimal den Seiltänzergang, einmal mit offenen und einmal mit geschlossenen Augen, durchgeführt.
Anwendung der Balance Indikatoren hat gezeigt, dass die Experimentalgruppe Defizite in statischer
und dynamischer Balance hat. Während dem Seiltänzergang zeigten sie signifikant höhere Werte für
normalisierten Drehimpuls und Schwerpunktsbeschleunigung und benötigten mehr Ausfallschritte
um Balance zu halten. Ein Vergleich der Balancestrategien beider Gruppen zeigt, dass ein Teil der
Kontrollgruppe die Balanceaufgabe durch Armbewegung erfolgreich meistert, wohingegen Teilnehmer
aus der Experimentalgruppe ausschließlich Ausgleichsschritte nutzen und kaum Armeinsatz zeigen.

In einer Zusammenfassung der beiden Studien haben wir Bewegungsdaten aller Teilnehmer ver-
glichen. Dabei zeigte sich, dass wir seitliche Center of Pressure Schwingungsdistanz und vor-zurück
Schwingungsgeschwindigkeit als geeignete Parameter zur Quantifizierung von statischen Balance-
fähigkeiten verwenden können. Anschließend haben wir den Seiltänzergang zum Laufen auf der
Slackline mithilfe der Balanceindikatoren verglichen. Erfahrene Slackliner sind in der Lage viele
Indikatoren auf Werte, wie wir sie beim einfacheren Seiltänzergang finden, zu reduzieren. Lediglich
normalisierter Drehimpuls in der Frontalebene und seitliche Schwerpunktbeschleunigung sind erhöht.
Die Slackline spezifische Bewegungsstrategie findet sich bei keinem der anderen Teilnehmer.

Im letzten Teil dieser Arbeit haben wir einen Kontaktsensor für die Slackline entwickelt mit dem man
zuverlässig die Interaktion zwischen dem Probanden und der Slackline messen kann. Auf diesen Daten
basierend habenwir ein Kontaktmodell entworfen und damit innerhalb eines Optimalsteuerungsproblems
einen Sprung auf der Slackline rekonstruiert.
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Abstract:
Humans have walked the earth for more than 200,000 years, yet it is not fully understood how this is
achieved in stable and robust manner. In this work we analyzed human balancing during static and
dynamic balance tasks based on motion capture data. A balancing task requires the subject to either
constantly perform recovery movements or to learn an inherently stable and robust motion specific to
the task. We designed a static balance test and analyzed dynamic balance during slackline balancing
and the tandem walk test. We gathered data from over 60 participants in two studies.

In the first study, we analyzed slackline balancing with the goal to define balance performance indicators
and measures for slackline expertise. We compared beginners that had never balanced on a slackline
before to professional slackline athletes. All participants also performed the static balance test. We
found that trained slackliners balance very well in the static balance test, whereas the beginner group
showed a larger variance in the time they managed to balance. Therefore, we divided the beginner
group into balance-experienced and balance-inexperienced according to this test. Based on over 300
balancing trials on the slackline of 20 participants we defined and evaluated over 30 balance metrics.
Normalized angular momentum and Center of Mass acceleration allow us to quantify stability and
amount of recovery movements. Posture and movement was similar for the beginner groups, whereas
professional slackliners have adapted a different pose and strategy that allows them to consistently
maintain a horizontal head orientation and upright posture. We found that their hand movement is more
coordinated, their stance foot less accelerated by the slackline and their stance leg more compliant.

In the balance study of the "Schizophrenia and the Moving Body" project by Lily Martin, we compared
the balance capabilities of an experimental group consisting of persons with schizophrenia to a healthy
control group. Participants performed the static balance test and twice the tandem walk, once with eyes
open and once with eyes closed. Applying the balance indicators showed deficits in static and dynamic
balance of the experimental group when compared to the control group. They had significantely larger
values for normalized angular momentum and Center of Mass acceleration and took significantly more
recovery steps to maintain balance. When analyzing the strategy employed by the two groups, we found
that the control group successfully used their arms to balance and place correct steps, whereas the
experimental group mainly relied on recovery steps and did not involve the arms.

We combined and analyzed data from all participants of both studies. For static balance we found
that sideways Center of Pressure sway distance and front-back sway velocity are the most suitable
parameters to quantify balance capabilities. We then compared flat ground tandem walking to slackline
walking based on the balance performance indicators. Professional slackline athletes are able to reduce
many performance indicators to the values regular tandem walking. The only show larger normalized
angular momentum in the frontal plane and increased sideways Center of Mass acceleration, which are
both a direct consequence of the instability introduced by the slackline. Further, we found that their
pose and movement strategy is specific to slackline balancing and not used by other participants neither
in tandem walking nor slackline walking of beginners.

In the last part of this thesis we prototyped a pressure sensor for the slackline and showed that we
can reliably measure Center of Pressure data during slackline balancing. Based on the findings we
developed a specific contact interaction model. We used this contact model inside an optimal control
problem formulation to perform a fully dynamic reconstruction of slackline jumping.
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Overview and Organization

Balance describes the general ability to control posture independently of constraints imposed by
the environment or the type of movement. While the term balance is often used in the context of
difficult situations, such as tightrope walking or riding a unicycle, balance is inherent to any kind of
locomotion and summarizes stability, robustness against perturbations and the ability to perform
task specific recovery motions. Humans are able to learn nearly impossible balance tasks efficiently
and with few mistakes. It is yet to be fully understood how humans maintain balance.

Schizophrenia is a serious psychiatric disorder with an estimated 20 million cases globally [1].
It affects a persons thoughts, feelings and behaviors. Positive symptoms include hallucinations,
delusion and hostility [2]. Even though effective treatment exists for positive symptoms, there is
still no treatment for negative symptoms, which make up a lot of the burden of the people. Negative
symptoms of schizophrenia are, for example, social withdrawal, decreased emotional expression and
lack of spontaneity [3]. They also seem to be connected to movement and it has been shown that
movement therapy is able to reduce negative symptoms significantly [4]. The connection between
schizophrenia, movement and balance in particular, is subject of current research and this thesis.

Objectives

The thesis was carried out at the Heidelberg Center for Motion Research (HCMR) [5] with funding
by the Carl Zeiss Foundation under supervision of Prof. Katja Mombaur and Prof. Thomas Fuchs.
The overall objective was to investigate balance in different subject groups during standing, tandem
walking and slackline balancing. We based this work on state-of-the-art motion capture equipment
including marker and IMU-based motion capture, force plate measurements and pressure-sensitive
insoles. The data was evaluated using subject specific rigid multi-body modeling, inverse kinematic
fitting and optimal control.

Slackline balancing was investigated using different methodologies: first, we proposed and
evaluated stability metrics and parameters to define slackline expertise based on a motion capture
study including balance experienced slackline athletes and balance inexperienced beginners. Second,
we prototyped a pressure and force sensor in collaboration with the Heidelberg Innovation Lab [6]
and measured the contact interaction between the athlete and the slackline. Third, we developed
a contact model based on the sensor measurement and employed it inside an optimal control
framework to perform a dynamic reconstruction of slackline balancing and jumping.
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Motion capture assessment of persons with schizophrenia was done in collaboration with Lily
Martin within the research project "Schizophrenia and the Moving Body" [7]. This further included
the Center for Psychosocial Medicine and was supervised by Prof. Thomas Fuchs. The objective
was to assist data recording, to revise the lab protocol and to define suitable balance tasks. We
analyzed the balance data using the stability metrics developed for slackline balancing and defined
more task specific parameters.

Contributions

Contributions presented in this PhD thesis can be grouped into theoretical study design for balance
assessment, implementation and automation of the respective evaluation pipelines and more in-depth
analysis of slackline balancing.

Study design and data collection

The work of this thesis included planning and realization of two motion capture studies and data
collection of more than 70 participants in total. The first study aims to evaluate human balancing
on the slackline by comparing balance-inexperienced beginners, sportive balance-experienced
beginners and professional slackline athletes. This included evaluation of the available measurement
equipment in a pre-study, and recruitment and assessment of 20 subjects from the Heidelberg region.
The motion capture study of the "Schizophrenia and the Moving Body" project was designed and
planned by Lily Martin and revised in collaboration [7]. It included the assessment of than 50
participants recruited by Lily Martin. We collected movement data of persons with schizophrenia
and a control group. Among other tasks, we recorded static balancing and the tandem walk balance
test to obtain a comprehensive picture that can also be related to the slackline study.

Implementation of a motion analysis pipeline for balance tasks

We implemented and automated an analysis pipeline for static balancing on force plates and dynamic
balance during tandem walking and slackline balancing. Force plate data was evaluated using more
than 20 balance metrics following the state of the literature. Motion capture data was evaluated
based on a subject-specific rigid body model and inverse kinematics fitting. We defined and
computed more than 30 performance indicators for dynamic balance capabilities and compared
groups statistically. We further formulated hypotheses related to schizophrenia and investigated the
data accordingly.

Slackline Contact Measurements and Modeling

We measured the interaction between the subject and the slackline using sensor insoles and a
pressure sensor that was mounted on the slackline. We evaluated the agreement of the two methods
and compared both devices against state-of-the-art force plates on level ground. Based on the
measurements, we developed a slackline specific contact model that describes the interaction
between the contact foot and the slackline.
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Optimization-based Whole-body Dynamic Analysis of Slackline Jumping

We collected motion capture data of challenging slackline jumping with rotations around the vertical
axis. Based on the contact model derived from the sensor measurement we formulated an optimal
control problem that allows us to compute a dynamic reconstruction of the jumping motion.

Outline and Organization of the Thesis

The thesis is divided into four parts: introduction and motivation, methodology of human movement
analysis, balance analysis studies and more detailed technical and computational analysis of slackline
motions.

Introduction

We explain balance and stability in human movement in Chapter 1 and schizophrenia and how it
affects human movement in Chapter 2. In Chapter 3 we introduce the motion capture equipment
available. In a pre-study we compared a marker based system to an IMU-based system for the two
walking tasks we aim to analyze.

Methodology, Modeling and Evaluation

The evaluation pipeline for the motion capture data is explained in Chapter 4 and 5. We present
general and subject specific rigid body modeling as well as kinematics and dynamics computations
and how movement can be reconstructed employing the rigid body models and motion capture
data. Two reconstruction algorithms are presented and the specific advantages and disadvantages
elaborated.

Motion Capture Studies

In Chapter 6 we introduce several balance performance indicators for static balance and discuss how
we can use them to evaluate stability in static balance. The Slackline study with the study protocol,
evaluation and all results is presented in Chapter 7. We evaluate single leg balancing and walking
separately. In Chapter 8 we present the evaluation of the balance tasks of the study "Schizophrenia
and the Moving Body". An overview and comparison of both studies is done Chapter 9.

Slackline Contact Model and Optimization Based Analysis

The interaction between the subject and the slackline is measured in Chapter 10 and a slackline
specific contact model is designed. A dynamic analysis of challenging slackline jumping, using
said contact model is performed in Chapter 11.
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Introduction and Motivation
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1 Balance and Stability in Human Movement

Humans have walked the earth for more than 200,000 years, yet it is not fully understood how this
is achieved [8]. Stability, robustness and perturbation recovery play an important role in several
research fields. Engineers build walking robots [9–11], biologists investigate the interaction between
senses related to balance [12], doctors and psychologists research the impact of different diseases
and aging on balance capabilities [13, 14] and biomechanists constantly analyze new motions and
wonder why humans do not fall [15, 16].

In this work, we follow the terminology of Mombaur and Vallery [17] and define stability as the
inherent property of a motion to persist under small perturbations. We consider a movement as
stable and a subject as stable and in balance if the motion is performed as intended and there are no
visible interruptions needed to regain posture. The robustness of a movement quantifies how large
the perturbations can become before a recovery movement is required. A balancing task requires
the subject to either constantly perform recovery movements or to learn an inherently stable and
robust motion specific to the task.

1.1 Sensing of Movement in Humans

The perception of balance, movement and spatial orientation is mainly based on three sensory
systems: the vestibular system, the visual system and proprioception [18, 19]. Information from at
least two of the systems is required to maintain stability. Humans are still able to stand upright
with eyes closed or to walk on stilts where proprioception is limited. In the Romberg Test [20]
participants are required to maintain balance with eyes closed. If they show large postural sway or
fall, it is concluded, that their proprioception or vestibular system is impaired. Alcohol or substance
abuse leads to fall due to incorrect visual information and disturbed vestibular sensing [21].

Vestibular System

The vestibular system is located in the inner ear and consists of 5 organs [22]. The three semicircular
canals, which detect rotational movement in three directions and the utricle and saccule which
detect linear movement in vertical and horizontal direction. Inertia effects when moving the head
cause fluid movement in the semicircular canals. The inner walls of the vestibular organs are
populated by sensory hair cells that are able to sense the direction of this fluid flow inside the
canals. Bending of the hair leads to opening or closing of transduction channels for potassium
causing the connected synapse to fire. The vestibular system is closely linked to the visual system
by the Vestibulo-Ocular Reflex (VOR) that coordinates eye movement. The synaptic signals from
the hair cells in the semicircular canals are directly exciting the eye muscles in order to stabilize
retinal images during head rotation. Other reflexes let us maintain a horizontal head position or
even activate leg and trunk muscles to maintain an upright posture and balance. Their pathways,
and in what way the vestibular system is involved, are far from understood.
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1 Balance and Stability in Human Movement

Visual

Visual perception can be divided into focal and ambient vision [23]. Focal vision involving the
central part of the retina allows for motion perception and object recognition. Ambient or peripheral
vision recognizes general movement in the scene and is dominant in perception of self-motion
and postural control [24]. In case of redundant or contradictory information, the visual input is
considered more important than the information from proprioception and the vestibular system [25].

Proprioception

Proprioception describes the sensation of body position and movement [26]. Although visual
observation and tactile sensing can give a sense of the current body posture, proprioception is
mainly based on mechanosensory neurons located within muscles, tendons and joints. Neurons
on the muscle spindel fire when the muscle changes in length. The golgi tendon organs recognize
the tendon load and encode the muscle force. Joint receptors realize when joints reach a certain
threshold, often functioning as limit detectors. The most important function of proprioception is to
stabilize human posture and protect the body from joint overloading or unhealthy configurations.
One example is reflex-based control of agonist and antagonist muscles to protect the muscle from
excessive force or from moving the joint beyond the limit. In locomotion proprioception, feedback
allows for adjustment of timing and amplitude of muscle activity and robustness of the motor output.

1.2 Mechanical Stability Criteria

In classical mechanics one can formulate various criteria to stabilize a mechanical system against
gravitational pull. In the following section we present balance criteria found in the literature for
stability in locomotion.

Support Polygon

Many criteria are developed around the concept of the support polygon. It describes the smallest
convex area on the ground that includes all contact points between the subject and the floor. When
standing on one foot, it is exactly the foot area, when standing on both feet it includes the area of
both feet and the area between them.

Static Stability

Static stability is given when the ground projection of the Center of Mass (CoM) is located inside
the support polygon and has relatively small velocity or zero velocity [27]. It is the reason why
static objects, like tables, do not tilt. Humans are able to stand in statically stable state. We are also
able to explain stability in certain animal and robotic locomotion. A 6-legged robot, for example
can always maintain three legs on the ground in alternating mode, the so-called tripod gait. With
this gait, the CoM ground projection is always inside the support polygon. The distance between
the CoM ground projection to the edge of the support polygon is used as a measure of how stable a
subject is during tasks [28]. Advanced locomotion is usually not statically stable. Humans shift
their CoM way beyond their feet area and support area during regular walking. The concept of the
support polygon becomes invalid for running as there are phases without ground contact.
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Center of Pressure and Zero Moment Point

The pressure distribution along the sole of the foot can be summarized in one vector by integrating
over the area, the Ground Reaction Forces (GRF). The position of the GRF is the CoP and the
length represents the total force. During walking, the CoP moves from the heel to the front of the
foot and then again to the heel of the other foot when taking a step. It is always inside the support
polygon. In humanoid robotics Vukobratovic introduced the Zero Moment Point (ZMP) [29]. The
ZMP is the point on the floor in which the sum of the torques produced by gravity and inertial
forces about the horizontal axis is zero. This point coincides with the CoP for non sliding contacts
and when it is located inside the support polygon. It enabled quasi dynamic gait for humanoid
robots [30]. The resulting gait, however, does not appear very human-like and robots tend to walk
with very bent knees, almost in a half squatting position. The limitations of this stability concept
are reached when the ZMP is located outside the support polygon. The CoP remains at the edge
and the subject inevitably starts to rotate about that point. ZMP based robot control therefore aims
to maintain the ZMP well inside the support polygon. For situations where the ZMP is close to the
edge, one can not predict if a subject is still stable [31]. It is a momentary analysis and not able to
tell weather there will be a fall or a stabilization. Situations with a slipping or moving contact, such
as skiing or skate boarding are also beyond the model assumptions.

Capture Point

The Capture Point (CP) [32] or Extrapolated Center of Mass (xCoM) [33] is the point where a
simple bipedal model could step to come to a full stop. It provides possible foot placement during
recovery movements in unbalanced situations. For higher velocities a larger number of steps
can be required. Engelsberger et al. [34] showed that it is possible to generate locomotion by
always stepping slightly short of the CP. Experimental evidence for this was found for example by
McAndrew-Young et al. [35]. Lugade et al. [36] found that elderly participants step closer to the
CP, suggesting different stability margins during gait. For more complex multi body systems the
CP can be extended to a larger capture region when taking the angular momentum and inertia into
account and when allowing for all possible motions of the system.

Virtual Pivot Point

The Virtual Pivot Point (VPP) was defined by Maus et al. [37] and can be found in bipedal walking
of humans and chickens. When tracing the direction of the GRF over the gait cycle they found, that
the force vectors coincide in one point above the CoM. This results in a self-stabilizing effect on
the mechanical system, given that a hanging pendulum is inherently stable. It is suggested that the
VPP can be used to make predictions on human balance [38].

Angular Momentum

The angular momentum about the CoM, often referred to as centroidal momentum, is considered an
important quantity of stability. Despite the constant cyclic movement of the feet in the sagital plane
during walking or running, there should not be any other sources of angular momentum during
locomotion, as the goal is to maintain an upright posture. Arms and legs move with a phase shift of
180° and cancel out the resulting overall angular momentum around the vertical axis.
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There is no intrinsic way to counteract rotations of the upper body in the frontal plane during
gait. Any large value of angular momentum in this plane clearly indicates recovery movements and
instability. Therefore minimization of angular momentum is often used as objective function to
generate stable locomotion [39].

Zero Rate of Change of Angular Momentum

The point of Zero Rate of Change of Angular Momentum (ZRAM) was introduced by Goswami
et al. [40]. It is the point where the GRF would need to act to achieve a zero change in angular
momentum. It can be computed by following the direction of the GRF vector from the CoM position
until it intersects with the contact plane. Always stepping on this point would result in a constant
angular momentum. In context of minimization of the angular momentum around the CoM during
locomotion it is often considered as a stability criterion.

Definition of Stability and Orbital Stability in the Sense of Lyapunov

The stability criteria presented so far are limited by the assumption that the contact with the
environment is fixed and that the criteria has to be fulfilled at every instance of the movement.
Stability in the sense of Lyapunov is a more general approach that considers the movement trajectory
or movement cycle, in case of a repeating motion. It analyzes the effect of a perturbation on
the continuation of the movement. A solution of a non-autonomous, explicitly time-dependent
system x(t) is stable if small perturbations of the trajectory result in perturbed trajectories that
always stay in a finite neighborhood of the original trajectory [41, 42]. A solution is called asymp-
totically stable if the perturbed trajectory converges back towards the unperturbed solution for t →∞.

For a non time-dependent system, e.g. a cyclic motion, orbital stability and orbital asymptotic
stability can be defined. They follow the same definition, except that time and phase shifts (orbital
shifts) of the motion may occur. The system is still considered stable. In the case of walking, for
example, a perturbation may lead to an early or delayed step and the subsequent movement cycle
continues as originally intended. This definition of stability has successfully been applied to create
passive-dynamic robots without sensors or motors that can walk down slopes, or more dynamic
robots with few motors and sensors that provide feedback [43].

In any case a, very accurate model that includes all feedback and control loops as well as
environment interaction is required to compute the system’s reaction to a perturbation. While this is
possible for smaller mechanical systems, computational effort becomes too high for systems with
many Degrees of Freedom (DoF) [44, 45].
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1.3 Assessment of Balance

1.3.1 Clinical Balance Assessment

Humans apply different strategies to maintain balance depending on the amount of perturbation
[46, 47]. For static stance, small perturbations are stabilized employing the so-called ankle strategy
using the ankle joints. With larger perturbations the knee (knee-strategy) and hip (hip-strategy)
joints become involved. The role of the arms is often neglected for static stance [48]. If the
perturbation is significantly larger, a recovery step is taken and specific arm movement becomes
important [49].

Clinical assessment and training of balance is manifold. Many tests try to evaluate if the subject
is stable during a movement and what balance strategies are applied. Balance performance is an
important measure of locomotion training in rehabilitation, for example, after stroke or sports injury
[50, 51] . In aging studies balance performance is discussed as an indicator for risk of falling.
The level of frailty and required assistance is often defined using standardized clinical balance
assessment [52, 53]. The effect of a certain condition on human balance is part of ongoing research.
Results of these balance tests have been related to stroke [50, 51], to aging [54], to sports [55]
and to schizophrenia [56, 57]. In their review, Ruhe et al. [58] compared over 100 studies, that
connected lower back pain and CoP sway. Qiu et al. tried to distinguish between age, fear of falling
and fall history based on CoP measurements [59].

The evaluation of balance tasks can be divided into instrumented and non-instrumented (visual)
analysis. Instrumented tests can be based on CoP measurements or sensors attached to a balance
platform. Visual analysis can be a subjective impression or a point rating scale. Sometimes simply
the time a person was able to maintain balance or whether the task was performed successfully is
used as a measure for balance performance. The following tasks are established in the literature to
assess balance in different situations.

Balance Error Scoring System

This test was developed by the sports medicine research laboratory at the University of North
Carolina [60]. It consists of three standing tasks that are performed with eyes closed for 20 s, once
on regular surface and on a deformable foam block. The subject stands with in parallel stance,
single leg stance on the non dominant leg and tandem stance with the feet in line and the dominant
leg in front. For all tasks, the participant is asked to maintain the hands at the hips. The tasks are
evaluated based on the amount of occurring recovery movements. Each of the following movements
is counted as one error point: removing the hands from the pelvis, opening the eyes, taking a step,
large hip tilt (abduction), lifting of a foot and leaving the balance position for longer than 20 s. The
score per task is limited to 10 points. Norm data of different age groups is available in the literature
[61]. A significant drop in balance performance is found for elderly older than 50 years and in
athletes after concussion.
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Functional Reach Test

In the functional reach test, the participant is asked to stand upright and reach out in front as far as
possible without loosing balance or rotating the upper body around the vertical axis. A modified
version of this test can also be performed whilst sitting. The test aims to define stability limits in
elderly and Parkinson patients. Duncan et al. [62] found prediction validity for falling in male
participants above the age of 70. Norm values exist for Parkinson patients in the early stages [63].

Star Excursion Balance Test

Similar to the functional reach test, the Star Excursion Balance test relies on reaching movements,
in this case, with the foot. The participant stands on one foot with hands at the pelvis. Around the
stance foot, there are eight positions/directions marked on a circle in 45° steps. The subject has
to reach with the free leg as far as possible in each of the directions without touching the floor or
taking the hands off the pelvis. The test is mainly used with younger participants after injury of the
knee or lower extremities to evaluate the recovery process.

Berg Scale

The Berg Scale was one of the first standardized test to assess balance capabilities in elderly during
static positions and sit-to-stand and stand-to-sit movements [54]. It consists of 14 tasks, including
standing with eyes open and closed, reaching, getting up and sitting down on different chairs and
performing rotations around the vertical axis. A score is assigned to each task on a scale from 0-4.
Norm values are published for elderly [64] and Parkinson patients [65].

Get-up & Go and Timed Get-up & Go

The Get-up and Go test aims to evaluate balance in elderly and persons with impaired balance
capabilities in every day life situations [66]. During the task the subject has to stand up from a
chair, walk 3 m, turn around, walk back and sit down again. This is evaluated on a scale from 0-5.
To overcome the subjectivity of this rating, the Timed Get-up and Go test was introduced [67]. A
person that does not need assistance in every day life should be able to perform the test in under 10 s
while persons depending on help might need 30 s and longer. This can be also be used to evaluate
the effectiveness of support equipment like walkers, rollators or exoskeletons.

Balance Test - Rehabilitation (GGT-Reha)

This balance test is split into static balance, dynamic balance and static balance under constrained
conditions and mainly designed for participants with neurological diseases in rehabilitation and
physiotherapy [68]. The static tests include the same tasks as the Balance Error Scoring System,
with eyes open and closed on flat ground and on a deformable surface. The dynamic part includes
different walking tasks such as walking forward, backward and sideways, walking on a line with
freely chosen step length, and the tandem walk. All tasks are evaluated on a 0-4 scale.
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Tandem Walk (Seiltänzergang)

During the tandem walk, the subject has to place one foot directly in front of the other one with the
heel and toes in contact. The tandem walk is a widely applied test of dynamic stability and is similar
to walking on a line or on a balance beam in gymnastics. A successful tandem walk test requires a
certain distance or number of steps without additional sideways stepping or falling. It is used as
part of the field sobriety test by the police to determine if somebody is intoxicated with alcohol
or other drugs [69]. Neurologist use it to diagnose ataxia or the posterior vermal split syndrome
[70, 71]. Lark et al. [72] found differences in balance for elderly subjects using the tandem walk.
Cohen et al. [73] suggested it as a fast screening method for peripheral neuropathy.

Balance Evaluation System Test

This test includes 36 different situations that are grouped into six sub assessments: Biomechanical
Constraints, Stability Limits/Verticality, Anticipatory Postural Adjustments, Postural Responses,
Sensory Orientation and Stability in Gait [74]. Many of the tasks have been borrowed from existing
clinical tests, already mentioned above, like the functional reach test or the timed up and go test.
Each task is rated on a scale from 0-3.

Instrumented Assessment

Instrumented balance testing, visual feedback and gamification have gained relevance in balance
analysis and training in the past years. Force plates are commonly used by many studies and record
the CoP position during static balance tasks to evaluate additional data next to the balance scores
[75]. Instrumented treadmills can also record the CoP during walking and running [76]. In fall
prevention, treadmills can introduce sudden changes in gait velocity or sideways disturbances [77].
Balance platforms, such as the Wii balance board, allow and record the tilt of the stance foot. They
have been used to investigate balance after stroke [78, 79].
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Limitations

There are clear limitations to non-instrumented balance tests that rely on a subjective balance
score. The result of the test clearly depends on the scientist. For comparability and consistent
evaluation, the rating should be done by more than one person and by the same persons for all
trials throughout one study. Comparing results between studies can be difficult, since there is only
few norm databases, which again are composed of many studies including different subjective ratings.

Furthermore, a uniform understanding of the task by all participants is required, to avoid bias
towards certain perturbation recovery actions. If instructions between studies are different, some
subjects might tend to use their hands to keep balance, while others maintain them on the pelvis and
take a step instead. Depending on the test, the rating for these two actions might be different. In
most tests, the tasks are performed only once, leading to only a small sample for each participant. A
person might fail 9 out of 10 times and still end up succeeding in the test.

On the other hand, all tests aim to capture the current state of balance capabilities and try to avoid
learning effects throughout the assessment. The trade-off between learning the task and recording
a larger number of trials for each participants limits conclusive data acquisition. Moreover, most
clinical tests are designed for elderly or rehabilitation. They aim to find balance deficits or track
progress towards expected balance capabilities. Rarely do they value, or even measure, especially
good balancing skills. If participants manage to perform all tasks flawlessly, no further insight can
be obtained from visual evaluation. Instrumented assessment allows for a more objective and in
depth view. A wider range of data can be recorded and numeric results allow comparison on a
broader spectrum.

Collection of CoP data is well established, however, the duration of the recording is a matter of
discussion. Depending on the study one finds analysis of a few seconds up until several minutes [80].
Evaluation of the data is not standardized either. In their review Yamamoto et al. [81] suggested 73
parameters that can be computed from the data. For most of the parameters it is not clear whether
they are related to good or bad balance. Many studies only discuss the difference between groups
with respect to the parameters without further generalization.

Another limitation is the conclusion that can be derived from balance assessment in context of
neurological diseases. As introduced earlier, there are at least three senses involved in balance.
Fitness, mental focus during the task, age and level of task specific balance training play an important
role to the outcome. It is reasonable to find relationships between balance capabilities and a given
disease that influence human sensing; however, stating a diagnosis based on a balance test result
seems ambiguous. When analyzing especially good balance capabilities there are also limitations.
Balance training can be very task specific. Many sports require and train balance in fast movements
that can not be reproduced in a standard balance test. Also, the generalization to static balance and
the task that can be measured is different for every sport [55, 82, 83]. How static balance can be
used as a predictor for balance performance in a balance sport that has not been performed by the
subject yet is rarely investigated.
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1.3.2 Balance Tasks in this Work

We base the analysis of balance on three task of increasing difficulty: a static balance test, the
tandem walk test and slackline balancing.

Static Balance Test

The static balance assessment is based on the clinical rehabilitation test (GGT-Reha) and we decided
on the following three balance tasks: parallel stance, single leg stance and tandem stance. Each
one will be performed with eyes open and eyes closed and with the hands remaining at the pelvis.
Single leg stance and tandem stance and tandem stance are performed twice, once for each leg. The
test should take no longer than 10 min and leave enough time for other data acquisition. We record
movement data for visual evaluation and CoP data.

Tandem Walk

For dynamic balance we chose the tandem walk test. Participants perform the tandem walk twice,
once with eyes open and once with eyes closed. The task is well established in the literature, however
a more in-depth analysis using the proposed methodology of this work is yet to be done [84, 85].

Slackline Balancing

Slackline balancing is a sport where the athlete tries to maintain balance on an elastic ribbon band
that is mounted between two anchor points as can be seen in Figure 1.1. Walking on a slackline is
very similar to the tandem walk, but unlike on flat surface the slackline can swing both sideways and
vertically, which increases the difficulty of maintaining an upright position. The restoring forces
always point towards the straight line defined by the two anchor points [86, 87]. As can be seen in
Figure 1.1, the subject stands well above the anchor points, thus the VPP is below the CoM and
does not provide stabilization, but makes the system intrinsically unstable.

The length of slacklines ranges between a couple meters for beginners up to a few hundred meters
in case of the Guinness World Record [88]. They are used for posture and strength training in
rehabilitation, as recreational sport in parks, to assist balance training in other sports or as so-called
high lines in context of extreme sports. The training effects on posture, neuromuscular performance
and other balance tasks has been well studied [89, 90] . Keller et al. found improved postural
control and reduced h-reflexes [91]. These reflexes are responsible for the shaking knee movement
a beginner experiences when trying to stand on a long slackline for the first time.

Different to the static balance test, where several evaluations are established in the literature, little
research can be found on to the question how to evaluate slackline balance performance. Kodama et
al. [92] compared one beginner and one expert and found differences in hand coordination and less
knee and CoM variability. Serrien at al. [93, 94] employed self-organizing maps to analyze and
compared kinematic motion capture before and after a 6 weeks training intervention. They found
that the balance coordination pattern changed significantly by means of increased range of motion
and decreased velocity in joints.
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Figure 1.1: Slackline balancing.

1.4 Research Questions

What criteria can we use to evaluate balance based on motion capture data?

Mechanical balance performance indicators that evaluate tandem walking and slackline balancing
based on motion capture data have yet to be established in the literature. We aim to find balance
metrics that are able to measure slackline balance expertise and aim to apply them also to tandem
walking.

What biomechanical implications do these balance metrics have?

Balance can be evaluated from different viewpoints. First, we can analyze how well the balance
task is fulfilled by a subject. This can be succeeding or falling, but also measures of balance
control. One can imagine that someone balancing calmly has better stability and better adjusted
recovery movements than somebody with wild arm motions, even when they manage to balance for
the same amount of time. Second, they can hint towards a certain skill that allows the subject to
perform the task. This can be, for example, faster reactions or better movement coordination. A
balance-experienced participant might do small recovery movements early compared to a beginner
that performs large movements shortly before a fall is inevitable. Third, the balance metric can
represent the difficulty of the task itself, independent of skill level. This can, for example, be some
sort of variability. Regular walking repeats the same movement, whereas walking on a slackline
might require different step length or timing for every step.
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Can we measure the training level of balance?

Subjects vary in their static balance skills. It is assumed, that this correlates with the amount and
type of sport they perform on a daily basis. Thompson et al. [55] found differences in balance
performance between soccer athletes and non-athletes. Bressel et al. [82] found differences in static
and dynamic balance skills between soccer, gymnastic and basketball athletes. A slackline specific
literature review by Donath et al. [95] found that slackline training has a large effect on dynamic
balance and only a small effect on static balance. Based on these findings, we want to use the static
balance test to differentiate between "balance-experienced" and "balance-inexperienced" and find a
measure for the balance training level. We also want to investigate if experienced slackline athletes
outperform the beginner group in the static balance test.

How do static balance and balancing on a slackline relate?

The effect of slackline training on other static and dynamic balance tasks has been well studied
[90, 95]. It was found that slackline training over a longer time period has only a small effect on
the result of a static balance test. However, predictors that enable us to foresee if a subject will be
good at slackline balancing are yet to be found. We hypothesize that, if we split the beginner group,
that has never done slackline balancing, according to the results of the balance test, we will find
significant differences in their slackline performance. We expect to find a high correlation between
the static balance test and the time a beginner subject is able to balance on the slackline during the
first balancing session. If this is the case, we can deepen our analysis of slackline balance strategies
and compare three groups: balance inexperienced beginners, balance experienced beginners and
professionals.

How does removing the visual input effect the different groups during static balance?

Keeping balance with eyes closed is more difficult, since the visual feedback is not available and the
subject has to rely on proprioception and the vestibular system [20]. Teng et al. [56] showed that
patients with diagnosed schizophrenia have difficulties to maintain balance in conflicting sensory
conditions. Thompson et al. [55] showed that sportive athletes succeed at a higher rate in the eyes
closed condition. The Romberg test [20] attributes better proprioception to persons that pass the
balance test with eyes closed. Correlation between the eyes closed static balance test and slackline
balance performance would indicate that better proprioception is beneficial.
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Schizophrenia is a chronic and severe mental disorder that affects about 20 million people worldwide
[1]. Distortions in thinking, emotions, perception, language and behavior are characteristic for the
disease [3]. Persons with schizophrenia are 2-3 times more likely to die earlier than the general
population. The average potential life loss is estimated at approximately 28 years in the US [96, 97].

2.1 Symptoms and Assessment

Symptoms of schizophrenia are manifold [98]. Following the ICD-10 classification [99], persons
with schizophrenia often experience hallucinations, such as hearing voices or seeing things that
are not there. They suffer from delusions and can be fixed in false beliefs or suspicions. They
exhibit abnormal behavior such as wandering aimlessly, mumbling or laughing to themselves.
Speech and use of language can be disorganized and incoherent. Emotions might be disturbed,
leading to apathy and disconnection between expressed emotions and body language or facial
expressions. Motor control can be abnormal, leading to repetitivemovement, restlessness or stiffness.

In general, symptoms can be grouped into positive and negative symptoms. Positive symptoms
are additional experiences or behavioral patterns that are not present in healthy subjects. Negative
symptoms represent reduction and impairment compared to healthy subjects.

2.1.1 Positive and Negative Syndrome Scale

The PANSS introduced by Kay et al. [2] aims to standardize the assessment of symptoms in
schizophrenia. The scale contains 30 items rated from 1 to 7 representing, absent, minimal, mild,
moderate, moderate-severe, severe or extreme symptoms. Items are grouped into positive scale,
negative scale and the general psychopathology scale. The positive scale contains the positive
symptoms delusion, conceptual disorganization, hallucinatory behavior, excitement, grandiosity,
suspiciousness and hostility.

The negative scale includes the following negative symptoms: blunt affect, emotional withdrawal,
poor rapport, passive-apathetic social withdrawal, difficulty in abstract thinking, lack of spontaneity
and flow of conversation and stereotyped thinking. The general scale contains somatic concern,
anxiety, guilt feelings, tension, mannerism and posturing, depression, motor retardation, uncooper-
ativeness, unusual thought content, disorientation, poor attention, lack of judgment and insight,
disturbance of volition, poor impulse control, preoccupation and active social avoidance.
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2.1.2 Motor Control - Neurological Soft Signs

The Heidelberg Scale of Neurological Soft Signs (NSS) was developed by Schröder et al. [100].
It consists of 16 tasks that aim to reliably quantify minor neurological abnormalities. They are
grouped into the following five subscores: Motor Coordination, Sensory Integration, Complex
Motor Tasks, Right/Left and Spatial Orientation and Hard Signs. Each task is evaluated on a scale
from 0 - 3, with score 0 representing no abnormalities and 1 to 3 representing a (large) difference
from the desired task execution.

Buchanan and Heinrichts [101] found higher scores in persons with schizophrenia than in
non-psychiatric controls supporting the hypothesis that also motor control is affected by the disease.
Fritze et al. [102] investigated if NSS is modulated by current antipsychotic dosage and found no
significant effect. Hirjak et al. [103] investigated the connection between NSS and multimodal
imaging. Their overview of current research suggests that NSS are related to structural and
functional changes in the thalamo-cortical network and basal ganglia.

2.2 Research on Causes and Treatments

The exact causes of schizophrenia are yet to be understood. The biopsychosocial model looks
at the interaction between biology, social environment and psychology as the main factors for
health and disease development [104]. Current research states that genetics play a key role.
The heritability is estimated to be 79 % [105]. While the general population has a lifetime risk
of approximately 0.33 % to 0.75 % to suffer from schizophrenia, it was found that first degree
relatives of somebody with schizophrenia have a 6.9 % risk to develop the disease [106, 107].
Concordance rate in identical twins of affected people is between 33 % and 40 %. For dizygotic
twins it is around 7 % [105, 108]. Furthermore, schizophrenia has been linked to differences in
brain development [109] and changes in level of the neurotransmitters dopamine and serotonin [110].

Many studies used functional brain imaging to detect differences in brain growth and abnormalities
in certain brain areas and tried to link them to schizophrenia [111–113]. From the social perspective,
stress and drug abuse can trigger schizophrenia in a person that are already at risk [114]. Treatment
focuses on the use of antipsychotics against positive symptoms. They block dopamine and serotonin
receptors in the brain, however, side effects are common and treatment response heterogeneous [115].

Effects on negative symptoms are mixed and finding an effective drug treating negative symptoms
reliably is ongoing research [116, 117]. More recent approaches try to analyze the whole body and
do not treat schizophrenia solely as a brain disease [4, 118].
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2.2.1 The Embodiment Approach: Schizophrenia as Disembodiment

The embodiment approach understands schizophrenia as a disturbance of the embodied self, so-
called disembodiment [119]. The relation between the self of a person and their body is disrupted
and the sense of self is weak or lost (depersonalization), resulting in a feeling of disconnection
between self and body. Implicit and automatic body functioning is not taken for granted and
emotions are not represented in body language [120]. The other way around, the understanding of
sensory input coming from the body may be insufficient and the resulting motor control that relies on
feedback is impaired. Everyday actions and body movements become fragmented. Disconnection
to the own body results in disconnection to society and impaired sense of others.

Due to the disturbed self perception, understanding emotions of others becomes increasingly
challenging and response to the social environment becomes arbitrary. Embodied Therapies, such
as dance and movement therapy or body psychotherapy, target movement and body experience in
order to change emotion and behavior and have shown success in reducing negative symptoms
[4, 121].

2.2.2 The research project "Schizophrenia and the Moving Body"

The "Schizophrenia and the Moving Body Project" [7] by Lily Martin and supervised by Prof. Dr.
Dr. Thomas Fuchs, aims to find schizophrenia-specific movement markers in gait, balance and
specific coordination tasks, aspiring to find experimental support of the embodiment approach. The
project included phenomenological interviews, clinical assessment at the center for psychological
medicine as well as motion data recording at HCMR.

The following tasks were recorded: regular walking, a static balance test, tandem walking with
eyes open and eyes closed and a star jump. Thanks to fruitful collaboration in subject recruitment
and data assessment between Lily Martin and the author of this thesis, a part of the data resulting
from the project could be analyzed in the course of this thesis. These are the measurements of the
static balance test and the tandem walk of persons with schizophrenia and healthy controls.

Persons with schizophrenia (Experimental Group)

All patients participated in an Examination of Self-Experience (EASE) interview [122] and as-
sessment of NSS [100] as well as PANSS [2] and Extrapyramidal symptoms (EPS) (side effects of
medication). Further, extended demographic data was collected. Participants were recruited by
Lily Martin from the Center for Psychosocial Medicine in Heidelberg based on the following criteria:
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Inclusion:

- Ability to consent

- Age between 18 and 60 years old

- Diagnosis of a schizophrenia spectrum

disorder (ICD 10 F20-29)

- Stable medication for at least 2 weeks prior
to assessment

Exclusion:

- Phase of acute psychosis (ICD 10 F23)

- Catonic type of schizophrenia (ICD 10
20.2)

- History of brain trauma, neurological dis-
eases or heavy fractures

- Visible Tremor

- Visual disabilities

- Alcohol or substance abuse

- IQ < 70

- SAS score above 4 (Parkinsonoid)

- Language barriers

Healthy Comparison Subjects (Control Group)

Healthy control subjects were recruited from the Heidelberg region. Clinical assessment only
included NSS and demographic data. Control group participants had to fulfill the following
requirements:
Inclusion:

- Ability to consent

- Age between 18 and 60 years old

- Matched Body Mass Index (BMI) to the
patient group

Exclusion:

- History of psychosis, schizophrenia or de-
pression

- History of psychosis or schizophrenia in
first degree relatives

- History of brain trauma, neurological dis-
eases or heavy fractures

- Visible Tremor

- Visual disabilities

- Alcohol or substance abuse

- IQ < 70

- Language barriers
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2.3 Research Questions

2.3 Research Questions

Based on the motion capture recordings of the static balance test and the tandem walk we aim to
investigate the following hypothesis by comparing the healthy control group to the experimental
group consisting of persons with schizophrenia.

Static Balance:
We want to confirm the literature, by showing that persons with schizophrenia show static balance
deficits [56, 57]. We expect them to fail the static balance test at a higher rate and balance for a
shorter time. We aim to find differences in CoP sway parameters when comparing successful trials.
This can be related to balance impairment.

Visual Condition During Static Stance
We expect loss of visual information to have a larger effect on the experimental group. The control
group may be able to balance with eyes closed whereas the experimental group is expected to fall
more often. Change in CoP sway parameters is expected to be larger for the experimental group.

Dynamic Balance
Jeon et al. [70], showed that persons with schizophrenia fail the tandem walk at a higher rate by
means of successful steps, distance without falling and walking speed. We expect to find differences
for balance metrics found in slackline balancing that show that the experimental group has balance
deficits even for successful tandem walk tests.

Visual Condition During Tandem Walk
We expect loss of visual information to have a larger effect on the experimental group. The control
group may be able to pass the tandem walk test with eyes closed whereas the experimental group is
expected to fail the test more often.

Balance Strategy and Adaptability
Good balance capabilities imply the correct choice of strategy for a given balance task. We
hypothesize that the experimental group does not adjust their balance strategy to the eyes closed
task. We expect to find a larger change of behavior in the control group.

Connection between Symptom load and Movement Parameters
Weare able to quantify symptoms using PANSS andmedication usingOlanzapine Equivalents (OPZ).
We hypothesize that there are connections between different balance parameters, the mediaction
and the PANSS score.
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Human Movement Analysis
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3 Measuring Human Motion

The assessment of human movement is manifold. We can collect kinematic data such as joint angles
or segment positions [123, 124], measure muscle activation by means of EMG data [125], and
record interaction forces using force plates. Eye-tracking systems are able to capture the subjects’
gaze [126] and pressure sensitive insoles can measure the pressure distribution inside the shoes.
Out of the many options available, we decided to base this work on kinematic data and force plate
measurements to record the CoP position during balancing tasks.

The two motion capture systems available at HCMR for this work were: the marker-based system
Qualisys [123] with the Qualisys Track Manager software (QTM, Version 2018.1) and the Inertial
Measurement Unit (IMU) based system Xsens [124] with the MVN Analyze 2019 software. We
describe and compare the two systems in the following sections. In the last section, we present two
options for measuring GRF (Section 3.4).

3.1 Marker-based Motion Capture - Qualisys

Marker-based motion capture systems employ multiple cameras that record the position of markers
placed on the object of interest. They can be divided into active and passive systems, depending
on the kind of markers they use. Active markers are usually LED’s that actively send out light.
Each marker emits a different frequency and can therefore be uniquely recognized by the cameras.
Passive, retro-reflective, markers reflect the light of a flash that is part of the cameras. They do
not rely on a power supply, are cheaper and their placement more versatile. On the downside, they
need to be identified (labeled) either by an algorithm or manually by the user, since they are not
distinguishable for the cameras. In either case, each marker has to be observed by at least two
cameras for a 3D position reconstruction. The volume were the fields of view of the cameras overlap
and a marker recording is possible is called the capture volume.

Figure 3.1: The motion capture equipment. The retro-reflective markers are shown at the left, one of the
Qualisys Oqus 510 cameras in the middle and the calibration kit at the right.
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3 Measuring Human Motion

Figure 3.2: The three video mods of the Qualisys Oqus 500 cameras: regular gray scale video is shown at
the right. The infrared intensity as a heat map is shown in the middle. Markers can be seen as
red dots that reflect the light well. In marker mode (right), a binary and circularity filter are
applied. The number of recognized markers is shown at the lower right.

In this work, we used the Qualisys motion capture system together with passive markers. All
recordings were done with 8 Oqus 500+ cameras and 14 mm spherical markers. The position of
each camera is determined during a calibration procedure. Hereby, four markers on a rectangular
frame are placed in the center of the capture volume to define the coordinate system. Two markers
of known distance are then moved around the capture volume until all cameras record a sufficient
number of frames with all six calibration markers visible.

The exact position and orientation of each camera is reconstructed from the calibration data.
Figure 3.1 shows the retro-reflective markers, a Qualisys Qqus 510 camera with the infrared flash,
and the calibration kit. Each cameras has three different video modes: regular video, infrared
intensity and marker mode. They are shown in Figure 3.2. The Oqus 500 cameras are able to record
the infrared intensity at a frequency of 150 Hz and with a resolution of 4 mega pixel. For marker
recognition, the intensity image is converted into binary format applying a threshold. Afterwards a
circularity filter is applied. A minimum number of connected pixels is required for the circular area
to be a considered as a marker.

Figure 3.3 shows how the 3d position of each marker in space is estimated from the 2d images. The
quality of the calibration and exact knowledge on the camera position is crucial to the reconstruction
accuracy. Based on a good calibration, QTM (Qualisys Track Manager), the software of Qualisys,
is able to reconstruct the marker position with sub-millimeter accuracy.
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3.1 Marker-based Motion Capture - Qualisys
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Figure 3.3: Each marker needs to be recognized by at least to cameras to reconstruct the 3d position in space.
Knowledge of the exact camera position relative to the capture volumes coordinate system is
crucial for an accurate measurement.

There are several ways to infer human kinematics from marker position measurements. In this
work we used three different approaches, which are described in more detail in the respective
sections.
• Direct computation of position and orientation of an individual segment from marker data for
each frame (Section 3.3)
• Estimation of the whole body pose and all joint angles for each recorded frame individually
(Section 5.1)
• Optimization of the whole motion as one large scale optimization problem (Section 5.2)

In each case the exact placement of markers depends on the type of evaluation planned. Each
situation, subject and movement has influence on the so-called marker set and might require
a different, individualized solution. Their development is task specific and ongoing research
[127–129]. For this work an existing marker set was modified to better capture slackline balancing
(Section 3.1.1).

3.1.1 Marker Set

All subjects were equipped with 49 retro-reflective markers following the marker set by Leardini et
al. [128]. Markers are placed on prominent points, so-called bone or skeletal landmarks, directly
on the skin of the subject. The goal of the marker set as a whole is to represent the subjects
biomechanical model and enable us to record and reconstruct the movement of the underlying
skeleton. Bone landmarks are chosen for different criteria: First, they should be reliably palpable
for all subjects and be located directly under the skin. Muscle tissue or subcutaneous fat on top of
the bones can cause movement artifacts that compromise the measurement.
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3 Measuring Human Motion

Second, they should allow us to estimate the biomechanic model properties of the subject by
means of joint center positions or segment lengths. Locations at the distal or proximal end of a bone
or what later will be modeled as a segment are preferable. The same bone landmarks were used for
all subjects. The marker set consists of 45 dynamic and 6 static markers. Figure 3.4 and 3.5 show
the marker placement of all markers on the subject and the according bone landmarks. Names and
descriptions are taken from the Color Atlas of Skeletal Landmark Definitions by Serge van Sint
Jan [130]. Right-side markers are shown in green, left-side markers in blue and central markers in
orange. Static markers are yellow and are only recorded during the static trial, before the actual
measurement. 29 markers are located on the upper body. These are seven markers on each arm,
four on the pelvis, six on the spine and two on the thorax. Three markers are placed on the head.

  

R_HEAD L_HEAD

L_IASR_IAS

SXS

SJN

SGL

Marker Name Bone Landmark

L/R Head Above the Ear

SGL Skull Glabella

SJN Sternum Jugular Notch

SXS Sternum Xiphisternal Joint

IAS Ilium Anterior Superior Iliac Spine

Figure 3.4: The front of the upper body part of the marker set.

For slackline balancing, the original marker set from Leardini et al. [128] was extended by two
markers on the medial Epicondyle of the Humerus for better upper arm orientation and shoulder
angle tracking. For a stretched elbow the four markers SAE, HUM, HLE and USP can all be in a
straight line. In this case additional tracking information is necessary as the lower and upper arm
rotation become interchangeable. They are shown in red. These markers were not used for the
tandem walk experiments as they would fall off during natural walking and often be occluded.

22 markers are located on the lower body. Six markers at the foot and ankle, four markers at the
knee and one marker at the thigh. Four of these are static makers that are placed on the medial
side of the legs to estimate the knee and ankle distance and joint centers. Two static markers are
placed centrally on the feet to estimate the sagital rotation axis. They are removed after the static
trial recording since they hinder free movement during walking, are often occluded and tend to fall
off. The foot static markers are redundant in the evaluation and very close to the FM1 markers.
They are removed to improve the automatic marker detection.
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3.1 Marker-based Motion Capture - Qualisys

  

L_SAE R_SAE

LV1

LV3

LV5

L_IPS R_IPS
L_RSP R_RSP

L_HUM

L_HLE

L_USP

L_HME

MAI

TV2

CV7

R_HUM

R_HLE

R_USP

R_HME

L_HM2 R_HM2

Marker Name Bone Landmark

CV7 7th Cervical Vertebra

TV2 2nd Thoracic Vertebra

MAI 8th Thoracic Vertebra

LV1/3/5 1st , 3rd , 5th LumbarVertebra

IPS Ilium Posterior Superior Iliac Spine

SAE Scapula Acromial Edge

HUM Humerus - Tracking Marker

HLE Humerus Lateral Epicondyle

HME Humerus Medial Epicondyle

USP Ulna Styloid Process

RSP Radius Styloid Process

HM2 Hand 2nd Metacarpus Medial

  

R_FTC
L_FTC

R_FLE

R_FAX

R_TTC

R_FAL

R_FM5

R_FM1 L_FM1

L_FM5

L_FAL

R_TTC

R_FAX

L_FLER_FME

L_FME

R_TAM
L_FCC

L_FM2R_FM2

L_TAM

R_FCC

Marker Name Bone Landmark

FTC Femur Greater Trochanter

FLE Femur Lateral Epicondyle

FME Femur Medial Epicondyle

FAX Fibula Apex of Styloid Process

TTC Tibia Tibial Tuberosity

FAL Fibula Apex of the Lateral Malleolus

TAM Tibia Apex of the Medial Malleolus

FCC Foot Calcaneus

FM1 Foot Head of 1st Metatarsal Bone

FM2 Foot Head of 2nd Metatarsal Bone

FM5 Foot Head of 5th Metatarsal Bone

Figure 3.5: Top: The back part of the marker set. Bottom: All leg markers
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3 Measuring Human Motion

3.2 IMU-based Motion Capture - Xsens

Inertial Measurement Unit

An IMU is able to measure angular velocity and linear acceleration in 3D space. By integrating
these measurements over time one can compute the position and orientation of the sensors as
described in Figure 3.6. Each integration leads to an unknown integration constant. Physically
speaking, these are the initial orientation, the initial velocity and the initial position of the sensor.
They have to be determined by a calibration beforehand. As the measurement values are prone to
noise, the error of the position and orientation estimate grows over time. This is known as IMU
sensor drift. Modern sensors and algorithms correct this drift by applying various filters and taking
additional sensor measurements, like magnetic field or air pressure, into account.

  

Angular 
velocity Orientation 

Global
Acceleration

Local
Acceleration Velocity Position

Gravity
Correction

Figure 3.6: IMU’s measure angular velocity and linear acceleration (orange). By integrating the measurement
values over time, the orientation and position of the sensor can be computed. The initial position,
orientation and velocity have to be calibrated beforehand.

Figure 3.7: The Xsens model. 17 IMU sensors are placed on the different segments (orange). Segment
dimensions have to be measured beforehand.
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3.2 IMU-based Motion Capture - Xsens

Xsens
The Xsens motion capture system is based on three components: the IMU’s sensors, a biomechanical
model of the subject and a contact model of the interaction with the external world [131]. The
sensor data comes from up to 18 IMU’s. 17 of them are placed on the different segments of the
subject and one IMU can be used to track an additional object. Each IMU contains a 3d gyroscopes,
a 3d accelerometers and a 3d magnetometers. They perform measurements at a sampling rate of
1 kHz. The data is already processed on the sensor before being transmitted to the receiving station
at a rate of 60 Hz. Figure 3.7 shows a sensor, the Xsens Avinda receiving station and the placement
of the sensors as orange boxes on the subject.

Biomechanical Model
The biomechanical model of the subject consists of 23 segments connected via rotational joints.
The dimensions of the model are determined by body measurements of the subject. They are listed
in Table 3.1. The sensor data is mapped to the according segments of the model and the kinematic
restrictions taken into consideration. All joints can only rotate and segments have to stay connected
at all times.

Body Measurement Description

Body Height Subject height

Foot Length Length of the feet

Arm Span Distance between middle fingers in T-pose

Ankle Height Ground to distal tip of lateral malleolus

Hip Height Ground to bony prominence of greater trochanter

Hip Width Right to left anterior superior iliac spine

Knee Height Ground to lateral epicondyle on the femor

Shoulder Width Right to left acromial edge

Shoulder Height Ground to C7 spinal process

Extra Sole Height Additional thickness of soles, if wearing shoes

Table 3.1: The biomechanical model of Xsens is based on various body measurements of the subject. These
have to be measured before the measurement or can be estimated from the subject’s height.
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3 Measuring Human Motion

Contact Model - Scenarios
The third part of the Xsens motion capture software is the contact model. Since there is no
possibility to determine the absolute position of the subject in space using only IMU sensors, Xsens
has developed an interaction model with the external environment to estimate which segment is in
contact. Each segment has several points, that can establish contacts.

A contact is fixed with respect to the environment and does not move, hence the whole model
is fixed in space. This counteracts the linear part of the IMU sensor drift. The segment is still
able to rotate around this contact point. Multiple segments can be in contact, but only one point
per segment. The user can choose between four scenarios.1 Each scenario represents a different
heuristic on where contacts can occur.
• Single Level: All contacts are at the same height, namely floor level.
• Multi Level: Contact height may vary, e.g. when climbing stairs.
• No Level: The subject will remain fixed in space, e.g. when walking on a treadmill. The
pelvis segment will remain at a preset height.
• Soft Floor: Feet will slightly decrease in height, during the time between the feet contacting
the ground and leaving it, e.g. grass, or soft carpet.

The scenario can be changed after the recording and the data can be reprocessed under the new
constraints. As indicated above, each IMU needs to be calibrated, since they can not measure the
initial position, orientation and velocity. The calibration procedure of Xsens works as follows: The
subject assumes a standing, neutral pose (N-pose). Both arms have to be aligned with the upper
body with thumbs facing forward. After this pose is held for about 5 s, the subject is required to
walk forward for approximately 5 m, turn around and walk back to the start.

According to Xsens this performs a mapping of the magnetic field to further reduce drift [132].
The N-pose is crucial for the motion reconstruction quality, since deviations from this pose will be
present as offset in all measurement data. The system needs to be re-calibrated in case one of the
sensor positions changes. All computations are done by MVN Analyze software in a black-box
fashion. User-defined evaluation of the sensor data is limited to the choice of the scenario and to
defining and editing contact points.

1A fifth scenario was added after the completion of this research in MVN Analyze 2019.3.
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3.3 Pre-Study System Comparison

Table 3.2 summarizes the advantages and disadvantages of the two systems. Crucial differences are
highlighted in yellow and green, with green being the preferred choice. They require similar effort
in subject preparation time. With Xsens, the subject can wear a comfortable sports outfit and shoes,
while the markers of Qualisys are placed directly on the skin. This requires either tight fitting shirts
and pants or, preferably, no T-shirt.

The two main differences in data acquisition are the calibration and the capture volume. The
capture volume of Qualisys needs to be calibrated once, before the measurement and is limited in
space. Xsens, on the other hand, can be used without restrictions, but needs to be calibrated by
the subjects themselves. "Creating a good calibration is of utmost importance in order to ensure
accurate results" [132]. This might be hard to achieve for a first-time user and has to be repeated
after a certain measurement time.

The resulting data of the two systems is fundamentally different. Qualisys results in 3d positions
of markers at a high accuracy and frequency. All evaluation is left to the user and additional
software. This requires further, specific knowledge, but also allows for customization. Correct
marker placement is key to reliable and comparable measurements. Xsens does everything for the
user in a black-box fashion. The full motion of a biomechanical model is reconstructed including
all kinematics. However, the result depends on accurate body measurements, a good calibration and
the chosen scenario. Reprocessing the recorded data in another scenario changes the result.

Qualisys Xsens

Preparation Time 20 - 30 Minutes 15 Minutes

Marker/Sensor Placement Directly on the skin On top of regular cloth

Calibration Done once beforehand Done by the subject, multiple times

Measurement Time no limit 3hrs Battery

Capture Volume restricted unrestricted

Measurement Results Marker positions Reconstructed, processed kinemat-
ics

Accuracy of Measurement Millimeters Centimeters / few Degrees

Sources of Error Correct Marker Placement Correct Body Dimensions, Proper
N-Pose during Calibration, Results
vary with Scenario

Table 3.2: Comparison of the two motion capture systems. Important differences are highlighted with the
preferred option in green.
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3 Measuring Human Motion

In the following pre-study we wanted to investigate the usability of Xsens for slackline balancing.
The results of this study have been published in [133]. Xsens would allow us to perform outdoor
measurements with larger slackline setups. There is no matching reconstruction scenario for the
case of slackline balancing. Xsens assumes fixed contact points in all scenarios. This is not the
case on the slackline as the feet are able to move in vertical and sideways direction. We equipped
one subject with both motion capture systems as shown in Figure 3.8. We used all 17 sensors as
shown in Figure 3.7 and placed the markers according to Section 3.1.1.

Figure 3.8: The subject with markers and Xsens IMU sensors. Markers were placed according to the marker
set in Section 3.1.1. IMU sensor placement follows the Xsens Manual [132].

Both systems were physically synchronized using a trigger signal to start both measurements
at the same time. We recorded single leg balancing with both legs and walking up and down the
slackline. The same measurements were taken for standing and tandem walking on a regular surface.
We reconstructed absolute position ®x and orientation R of hands, feet, pelvis and the head with
respect to the lab frame. We used a subject-specific model of each segment as described in Section
4.1 and fitted it to the marker data as described in Section 5.1. For Xsens, the data was repro-
cessed in the single andmulti level scenario to investigate which scenario is more suitable for the task.
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3.3 Pre-Study System Comparison

The Qualisys marker data was processed as described in Section 5.1. Measurements were cut to
the time on the actual task. Coordinate systems were aligned using affine transformations between
the two coordinate systems and maximization of correlation. Temporal offsets due to reaction time
of the software were corrected. For positions we computed the norm of the 3d position vector
difference. For orientations the rotation matrix of one system was multiplied with the transposed of
the other system. We convert this matrix into a vector of three Euler angles and take the norm of
this vector as orientation deviation. In case both systems measure the same orientation this results
in the unity matrix. All Euler angles would then be zero.

Results were converted into cm and °. Table 3.3 shows the mean position and rotation deviation
for all measurements. The left value is for the single level, the right for the multi level reprocessing
option. The results for each segment are shown in the top two groups and the summary for the
four conditions at the bottom. Deviations are similar for standing on the slackline and the level
ground conditions. This level of accuracy is also reported in the literature [134]. Slackline walking,
however shows larger deviations.

Feet Hands

Slackline ®x [cm] R [°] ®x [cm] R [°]

Standing 3.9 / 3.8 5.8 / 5.5 8.8 / 8.7 8.7 / 8.7

Walking 10.1 / 10.6 8.7 / 8.5 14.1 / 14.0 10.6 / 10.6

Ground

Standing 4.1 / 4.6 6.1 / 6.4 11.6 / 11.8 13.9 / 14.4

Walking 6.0 / 6.6 5.6 / 5.6 9.5 / 9.8 8.2 / 8.3

Head Pelvis

Slackline ®x [cm] R [°] ®x [cm] R [°]

Standing 3.3 / 3.3 3.0 / 2.9 2.9 / 2.2 3.9 / 3.5

Walking 10.2 / 10.9 3.9 / 4.1 10.2 / 10.7 3.8 / 4.2

Ground

Standing 5.0 / 4.7 2.8 / 2.0 2.6 / 2.4 3.5 / 2.9

Walking 6.5 / 7.2 3.4 / 3.2 6.2 / 6.8 4.6 / 4.5

Standing Walking

®x [cm] R [°] ®x [cm] R [°]

Slackline 4.7 / 4.5 5.4 / 5.2 11.2 / 11.6 6.8 / 6.9

Ground 5.8 / 5.8 6.6 / 6.4 7.1 / 7.6 5.5 / 5.4

Table 3.3: The table shows the measurement difference for position ®x and orientation R between Qualisys
and Xsens for the different segments and a summary of the four cases. The data was reprocessed
in the single level (left) and the multi level scenario (right).
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3 Measuring Human Motion

During all experiments of this work, contact forces will only act on the feet. A precise
reconstruction of the foot position is crucial to many parts of the evaluation. We later want to
analyze the foot acceleration due to the slackline or the CoM projection into the foot frame. Figure
3.9 shows the height of the foot contact during walking. On the left we see walking on a slackline
and on the right on flat ground. Slacklines lower towards the middle and are higher at the anchor
points. The red position, measured with the marker system, reflects this geometry, while the two
reconstructions of Xsens (green and blue) both fix a certain height for the contact to happen. For
level ground walking this is not an issue and all three curves coincide nicely.

Slackline Walking Level Ground Walking

Figure 3.9: The plot shows the height of the foot during walking on a slackline (left) and on flat ground
(right). In both cases, Xsens reconstructs the contact at the same level and the slope of the
slackline is not resolved.

We look at the contact foot in more detail in Figure 3.10, this time for single leg balancing.
Again, we plotted the slackline case on the left and the regular floor on the right. The upper row
shows the sideways and the lower row the vertical direction. Both systems correctly resolve flat
ground standing. Form the marker measurement, we see that the slackline allows movement in
both directions in the range of 4 cm. Vertical movement is rhythmical with a constant frequency,
whereas sideways movement happens at multiple frequencies with different amplitudes. Xsens is
not able to reproduce any of the sideways movement and the foot is locked to the contact. This is
better for the vertical direction where Xsens is able to measure the movement, but not to its full
extent. The resolved amplitude of the oscillation is approximately 50 %.
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Slackline Single Leg Balancing Single Leg Standing

Figure 3.10: Foot position for standing on a slackline (left) and on flat ground (right). Xsens is not able to
capture the full amplitude in the up and down direction (lower left plot) and does not reconstruct
any sideways movement (upper left plot). For standing on flat ground the contact position is
more accurate.

Further we analyzed the foot placement during tandem walking. The task requires the feet to
be placed precisely in front of one another. We later intend to evaluate the stepping precision as
a measure of balance capabilities and therefore need an accurate measurement. The result for a
forward and backward tandem walk is shown in Figure 3.11. We plotted the horizontal position of
the same foot during the task and see that the Xsens reconstruction drifts over time. In walking
direction x, we find differences in step length with a accumulated error of ≈ 10 cm after 10 s and 5
steps. In sideways direction, the Qualisys measurement shows that the foot was placed on the y axis
of the lab coordinate system as required by the task. The Xsens measurement, again, shows a drift
of 6 cm after 15 s and 7 steps.
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3 Measuring Human Motion

Level Ground Tandem Walk Foot Position

Figure 3.11: The plot shows the horizontal foot position on flat ground (right) during tandem walking. In
both cases, the Xsens reconstruction shows drift in the contact position with respect to the
marker based system.

Summarizing, we opted for marker-based motion capturing for all our studies for the following
reasons:
• Xsens does not measure the slackline movement correctly.
• The contact model is not designed for moving contacts - no valid scenario.
• Xsens’ accuracy highly depends on the calibration.
• The calibration has to be done (multiple times) by the subject.
• Achieved accuracy was not sufficient for precise evaluation.
• Accurate marker positions allow for customized evaluation that is not bound to a black-box
reconstruction algorithm
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3.4 Force and Pressure Measurements

3.4 Force and Pressure Measurements

3.4.1 Force Plates

Interaction forces with the environment are fundamental to understanding human locomotion [27].
The measurement of ground reaction forces is part of many gait analysis protocols and enables
us to compute joint torques or asses stability parameters [55, 135]. At the time being, there were
two commercial systems available: two Bertec FP4060*08*2000 force plates [136] and Moticon
Pressure Insoles [137]. Prototyping a system that measures the pressure distribution during slackline
balancing was part also of this work and is further described in Chapter 10. Figure 3.12 shows a
schematic of a force plate. One force sensor is located in each corner of the measuring area. They
measure the force in all three directions. From the sensor data the position p, the total force F and
the moment M are computed as described in Bertec patent description [136] and Equation 3.1.
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Figure 3.12: Schematic of a force plate. The position p, the total force F and the moment M can be
computed from the individual data with the formulae at the bottom.
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3 Measuring Human Motion

3.4.2 Pressure-Sensitive Insoles

Pressure-sensitive insoles measure the entire pressure distribution at the foot. Moticon (Moticon
GmbH, Munich, Germany) insoles consist of 13 individual sensors that cover approximately 50 %
of the sole area [138]. The sensor layout is shown at the left of Figure 3.13. Each sensor measures
the local pressure in N/m2. The pressure distribution of the whole foot area is estimated by a
black-box algorithm and the total force computed as integral over the area. The CoP ®p is computed
directly from the sensor measurements [27]:

p =
1∑
n vi

n∑
i=0

vi ∗ si (3.2)

where si is the sensor position, vi is the pressure measurement of sensor i. The resulting CoP
position has good agreement with force plate measurements, however the computed GRF show
deviations of up to 30 % [138]. The area in which the CoP can be measured is also restricted by the
sensor layout. If the whole pressure is measured by one sensor, the CoP would be located at the
middle of the sensor. Standing on the edge of the shoe, for example, can not be measured accurately.

Figure 3.13: Moticon Pressure Soles. The sensor layout is shown at the left. Each sensor measures the local
pressure. An example measurement with the CoP position is shown in the middle and a pair of
the Insole3 model at the right.
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4 Modeling of Human Movement

We analyze human movement and motion capture data based on rigid body models. Such a model
consists of several bodies that are connected by joints, resulting in a kinematic tree. A generic
model of a human is shown in Figure 4.1. It consists of 16 bodies, 15 joints and is based on the
anthropomorphic data by de Leva [139]. Each joint has specific ways it allows the child body to
move with respect to the parent body, so-called DoF. In this work, we use rotational and translational
joints with up to 3 DoF.

The pelvis body is the first body of the model and "attached" to the lab frame via a so-called
floating base, which allows to model translational and rotational movement in 3D space. The arms,
the legs and the trunk consist of three rigid bodies each. Head and neck are modeled as a single
body. Each body is described by the following quantities: dimensions, mass, inertia and the relative
CoM position. These quantities are subject-specific and will be derived based on literature from the
static marker recording as follows.

  

Body Parent Joint Name

Pelvis Lab Frame Floating Base

Middle Trunk Pelvis Lumbar Spine

Upper Trunk Middle Trunk Thorax Spine

Head Upper Trunk Neck

Upper Arm Upper Trunk Shoulder

Fore Arm Upper Arm Elbow

Hand Fore Arm Wrist

Thigh Pelvis Hip

Shank Thigh Knee

Foot Shanke Ankle

Figure 4.1: Left: A generic rigid body model of a human. Joints are visualized in red. Right: Table with the
kinematic tree of the model.
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4 Modeling of Human Movement

4.1 Subject Specific Modeling

Segments
In context of modeling human subjects, we now refer to all bodies, that represent parts of the body
as Segments. The length of each segment and the joint center locations are estimated from the
static trial recording and the measured subject height based on the work by Leardini et al.[128],
Cappozzo et al. [129] and Rab et al. [127]. Table 4.1 shows the proximal and distal landmarks of
each segment. Since there are no markers at the very end of the feet and hands, the segment length
is estimated with a scaling factor from the distance between the proximal and the most distal marker.
We use a factor of 2 for the hands and a factor of 1.2 for the feet.

Body / Segment Name Proximal Marker / Landmark Distal Marker / Landmark

Pelvis Hip Joint Center LV5

Middle Trunk LV5 MAI

Upper Trunk MAI CV7

Head CV7 Subject Height

Upper Arm Shoulder Joint Center HLE

Fore Arm HLE USP

Hand USP 2 * HM2

Thigh Hip Joint Center FLE

Shank FLE FAL

Foot FCC 1.2 * FM1

Table 4.1: Definition of segment lengths following Leardini et al.[128], Cappozzo et al. [129] and Rab et al.
[127]. The table shows the proximal and distal landmarks for each segment. Hands are scaled by
a factor of 2 and feet are scaled by factor of 1.2, since no markers are placed at the very end of the
segment.

Joint Center Locations
All segments are connected via rotational joints. The positions of the joint centers are defined as
described in Table 4.2. The floating base is located at the Pelvis segment between the hip joint
centers. We see that many joints are directly located at the midpoint between two markers. These are
the wrists, elbows, knees and ankles following the definitions by Leardini et al.[128] and Cappozzo
et al. [129]. The spinal joints are located on top of the midpoint between the two posterior iliac
markers and on top of each other at the height of the LV5, MAI and CV7 markers. The hip joints
are estimated following the pelvis model by Bell et al. [140]. Shoulder joints follow the definition
by Rab et al. [127]. Code snippets for segment length and joint center location computation from
the static trial can be found in the Appendix A.4.
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4.1 Subject Specific Modeling

Joint Name Horizontal Location [X-Y Plane] Vertical Location [Z-Direction]

Floating Base Midpoint between Hip Joint Centers

Lumbar Spine Midpoint between IPS and IAS LV5

Thorax Spine Midpoint between IPS and IAS MAI

Neck Midpoint between IPS and IAS CV7

Shoulder SAE 0.17* SAE Distance below SAE

Elbow Midpoint between HLE and HME

Wrist Midpoint between RSP and USP

Hip Midpoint between IPS and IAS +- 0.36
* IAS Distance

0.3 * IAS Distance below IAS

Knee Midpoint between FLE and FME

Ankle Midpoint between FAL and TAM

Table 4.2: Definition of joint center locations in the horizontal plane and vertical direction.

  

3

2

3

3

1

3

2
2

X

Z

Y

Joint Degrees of Freedom

3D Floating Base TX, TY, TZ, RX, RY, RZ

Lumbar Spine RY, RZ

Thorax Spine RX, RY

Neck RX, RY, RZ

Shoulder RX, RY, RZ

Elbow RY, RZ

Wrist Fixed

Hip RX, RY, RZ

Knee RY

Ankle RX, RY, RZ

Figure 4.2: The model with the location of the joints, the number DoF and the coordinate system. The table
shows the rotation axes of each joint and order of rotation.
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4 Modeling of Human Movement

Degrees of Freedom (DoF)
Figure 4.2 shows the model with the number of DoF per joint and their locations. The table shows
all rotation axes of each joint (RX, RY, RZ) following the coordinate system of the model: the
X-axis points along the sagital plane to the front, the Y-axis perpendicular in the other horizontal
direction and the Z-axis in the vertical direction. Neck, shoulder, hip and ankle joints are modeled
as spherical joints with 3 DoF. Lumbar, thorax and elbow joint have 2 DoF each and the knee joints
only have one rotational axis. A 6 DoF floating base with three translational DoF is attached to
the Pelvis segment. It allows for translational movement in all three direction (TX, TY, TZ) and
rotation around all axes.

Dynamic Segment Properties
The dynamic properties of each segment are taken from Pablo de Leva’s Adjustments to Zatsiorsky-
Seluyanov’s segment inertia parameters [139]. These are the CoM position relative to the segment
length, the radius of gyration and the relative segment mass. The absolute CoM position is computed
using the subject-specific segment length. The mass is linearly scaled with the length of the segment.
The total mass of the model is adjusted to the measured mass of the subject. From the segment
length l, mass m and radii of gyration ri, the segments inertia I is computed using

Iii = m ∗ (ri ∗ l)2 for i = [x, y, z] (4.1)

Evaluation of the static trial and subject-specific modeling was automatized and implemented in
Python and results in a Lua-model. The final model and the static trial are shown in Figure 4.3.
Joint center locations are shown in white. Virtual markers are placed on the model.

Figure 4.3: The static marker recording and the subject-specific model. Joint centers are shown in white.
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4.2 Kinematics and Dynamics

4.2 Kinematics and Dynamics

Kinematics

The state of a rigid body system with ndof DoF is described using generalized coordinates q,
generalized velocities Ûq and generalized accelerations Üq [141]. Kinematics describe the relation
between the model state and the position r , velocity Ûr and acceleration Ür of body i in lab space. We
define forward kinematics as:

(r, Ûr, Ür)i = FK(q, Ûq, Üq, i) (4.2)

Computation of forward kinematics is well defined and there always exists a unique solutions. This
is different for inverse kinematic, where different joint configurations can lead to the same body
position:

(q, Ûq, Üq) = IK(r, Ûr, Ür)i (4.3)

The reconstruction of the human movement from marker measurements is a typical inverse
kinematics problem and will be discussed in more detail in Chapter 5.

Dynamics

The dynamics describe the relation between the state of the rigid body system and all forces that
can act on the system. Inverse dynamics computes the joint torques τ for a known state:

τ = ID(q, Ûq, Üq) (4.4)

Forward dynamics computes the joint acceleration for know position, velocity and torque:

Üq = FD(q, Ûq, τ) (4.5)

The dynamics of a rigid body system can be described by the following equation [142]:

H(q) Üq + C(q, Ûq) = τ (4.6)

where the matrix H(q) ∈ Rndo f ×ndo f is the generalized inertia matrix that is constructed from the
current joint angles of the model, the inertia and the CoM positions of each segment. C(q, Ûq) ∈
Rndo f is the generalized bias force (e.g. gravity or the Coriolis force) and τ are the generalized
forces applied at the joints. This equation holds when the model is in the air where no contacts to
the environment exist and no external forces are applied. The rigid body model is not subject to an
external constraint.

Forced-based Contact Modeling

In this formulation we consider the contact as an external force acting on the rigid body system.
This is, for example, the case when standing on a slackline. The contact interaction consists of
contact forces F and contact torques M at a contact point p. For simplicity we summarize the
external forces in Fext = [M,F]. We can compute the generalized forces τc resulting from an
external force using:

τc = G(q, p)T
[
M
F

]
= G(q, p)TFext (4.7)
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4 Modeling of Human Movement

where G(q, p) is the 6D Jacobian for a point on a body that when multiplied with Ûq gives a 6-D
vector that has the global angular velocity as the first three entries and the global linear velocity as
the last three entries. With external contact forces Equation 4.6 becomes:

H(q) Üq + C(q, Ûq) = τ +
∑

contacts

τc (4.8)

Constraint-based Contact Modeling

When a contact is established, the model is fixed in space with respect to the environment and
constraint by a given contact point. In this formulation we assume a stationary, non-slipping, contact
meaning that the position of the contact point is fixed in space. An additional constraint to Equation
4.6 is necessary:

H(q) Üq + C(q, Ûq) = τ + G(q)Tλ (4.9)
g(q) = 0 (4.10)

(4.11)

where g(q) is a function that computes the distance of the contact point to its desired position.
G(q) = ∂

∂t g(q) is the contact Jacobian and λ is the contact force. By differentiating the position
constraints twice we find:

G(q) Üq + ÛG(q) Ûq = γ(q, Ûq) = 0 (4.12)
Combining Equation 4.9 and 4.12 allows us to write the dynamics equations as a linear system:[

H(q) G(q)T
G(q) 0

] [
Üq
−λ

]
=

[
τ − C(q, Ûq)
−γ(q, Ûq)

]
(4.13)

In case of non redundant constraints g(q) this system is solvable for Üq and λ. To ensure that
Equation 4.9 and Equation 4.13 are equivalent, the invariants of the constraints need to be fulfilled
at the beginning of the contact:

g(q) = 0 (4.14)
G(q) Ûq = 0 (4.15)

In other words, the contact position needs to be reached by the system before Equation 4.13 is
applied. The contact velocity needs to be zero, since the resulting contact acceleration will be zero.

Impacts

The transition from a system without contacts to a system with a contact that is fixed with respect to
the environment produces a discontinuity in the generalized velocity variables from Ûq− before the
collision to Ûq+ after the collision. This change can be computed using:[

H(q) G(q, p)T
G(q, p) 0

] [
Ûq+
−Λ

]
=

[
H(q) Ûq−

−eG(q, p) Ûq−
]

(4.16)

where Λ is the contact impulse. The upper part of Equation 4.16 describes the change of momentum
of the system due to the collision. In the lower part the variable e describes the corresponding
velocity of the contact after the contact is established. We assume a perfect inelastic collision and a
fixed contact, which means e = 0.
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4.2 Kinematics and Dynamics

Implementation

For all computations we used the Rigid Body Dynamics Library (RBDL) [142]. Forward
kinematic functions are called CalcBodyToBaseCoordinates, CalcBodyWorldOrientation,
CalcPointVelocity and CalcPointAcceleration. Forward dynamics is implemented under
theForwardDynamics function. The contact Jacobian is computed using theCalcPointJacobian6D
function. The exact recursive implementation is described in [141].
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5 Reconstruction of Motion

There are several ways to reconstruct the underlying motion from marker motion capture data. Some
kinematic data can directly be computed from the markers. The position of a segment, for example,
can be defined as the mean of the markers attached to it. Joint angles can be computed from three
markers, if the central marker coincides with the joint axes. The two approaches used in this work
are based on the subject-specific rigid body model. Inverse kinematics computes the joint angles
for a given frame of the measurement. Optimal control allows us to compute the whole joint angle
trajectory for an entire motion.

5.1 Inverse Kinematic Reconstruction

With the kinematic model of the subject at hand, we want to reconstruct the pose for a given marker
measurement. The computation of joint angles can be formulated as a least-squares optimization
problem:

min
q

nm∑
i=1
‖mi(q) − m∗i ‖

2 (5.1)

where mi(q) is the position of the virtual marker i on the model given the joint angles q. The
measured reference position of the marker is denoted with m∗i . Both are given in the lab coordinate
system. The optimization takes all nm markers into account. As derived in Section 3.1.1 these are
45 for slackline measurements and 43 for the walking trials. The software tool Puppeteer by Martin
Felis [143] employs an iterative Levenberg-Marquardt algorithm [144] to solve Equation 5.1. It
defines the total error as the vector of all position differences:

e(q) =



m1x(q) − m∗1x
m1y(q) − m∗1y
m1z(q) − m∗1z
m2x(q) − m∗2x

...

mnmz(q) − m∗nmz


(5.2)

In each iteration of the algorithm it computes the change in joint angles Ûq that reduces the residual
vector e. With J being the matrix of all point Jacobians stacked, we define

r ≡ e − J Ûq (5.3)

and minimize r2. Regarding the fact that rotational joints have the same configuration after a
rotation about 2π or 360°, we see that the system is highly redundant and that there are multiple
solutions to this equation. Further, there are redundant configurations, already for a single three
DoF joint that lead to the same orientation.
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5 Reconstruction of Motion

A unique solution is not always guaranteed when computing joint angles for a specific orientation.
Another issue are singularities, where the Jacobian matrix does not have full rank. This happens
when two rotational axis of a kinematic chain are in a parallel configuration and rotation of either
would result in the same movement in task space. To introduce numerical robustness towards
redundancies and singularities, a damping factor is added and the square of the joint velocity is
minimized as well. We are looking for the minimum change in angles that leads to a solution.
Summarizing, the cost function of the optimization is the following:

E(q) =
1
2
rT r +

λ

2
ÛqT Ûq (5.4)

where λ is the damping factor. We compute the derivative of Equation (5.4) with respect to Ûq and
set it to zero:

∂E( Ûq)
∂ Ûq =

∂

∂ Ûq

[
1
2
(e − J Ûq)T (e − J Ûq) + λ

2
ÛqT Ûq

]
= −JT e + (JT J + λE) Ûq
!
= 0

(5.5)

where E is an identity matrix of the same size as JT J . Solving for Ûq leads to:

Ûq = (JT J + λE)−1JT e (5.6)

Additionally to the standard Levenberg-Marquardt algorithm, Sugihara proposed to add another
weighting matrix proportional to e to improve the convergence rate and add more robustness against
singularities [145]:

Wj j =
1
2
(JT e)2j for j = 1 . . . 3nm (5.7)

Therefore, the update rule from step k to k + 1 is:

qk+1 = qk + (J(qk)
T J(qk) + λE +W (qk))

−1J(qk)
T e(qk) (5.8)

For each iteration, the Jacobian and residual vector are computed from the joint angles of the
previous iteration. In Puppeteer the damping factor λ = 10−3. The computation has two convergence
criteria and one stopping criterion. Convergence is achieved if the desired position is reached
(‖e‖ < 10−6) or if the step size per iteration is smaller than 10−6. This is the case when the model
can not perfectly reproduce all marker positions. The algorithm then converges to the closest
possible solution. In any case, the number of iterations is limited. We set the parameter of Puppeteer
for the maximum number of iterations to maxitter = 1000.
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5.1 Inverse Kinematic Reconstruction

There are several points to keep in mind when analyzing motion capture data based on inverse
kinematics fitting.
• An initial guess q0 is required. The solution strongly depends on q0.
• Convergence to local minima is possible due to the step size criterion and damping factor.
• Each frame is evaluated individually.
The computed joint configuration of the previous frame can be used to initialize the algorithm

for the next frame, however, jumps in joint angles might still occur when initializing with a local
minimum solution. Results from all frames are combined into the joint angle trajectory of the whole
motion.

A common procedure is to apply filtering to smoothen the result and to account for the frame-by-
frame based evaluation [146]. We applied a 5th-order Butterworth filter with a cutoff frequency
of 9 Hz. There is no common agreement on the filter frequency. Winter suggests 6 Hz [27] for
walking motions, but higher frequencies should be used for faster movements. Joint velocities and
accelerations were computed using numerical differentiation. The resulting data represents the
measured kinematics and is widely used for motion analysis [147]. The analysis method does not
depend on the length of the marker recording or number of frames.

Further analysis beyond kinematic data requires additional measurements, such as interaction
forces and a dynamic model of the subject like the one describes in Chapter 4. The overall CoM
position, for example, depends on the mass and individual CoM position of each segment. The
evaluation of angular momentum requires the individual segment inertia. The computation of
joint torques requires knowledge of all external forces acting on the subject. In any case, there are
various sources for error. Joint angles are derived on a frame-by-frame basis, the model is only an
estimation of the actual mass distribution of the subject, and joint velocities and accelerations are
derived through numeric differentiation.

All these factors combined can lead to physical inconsistencies. Nonetheless, we can perform a
meaningful analysis, based on this approach. It is used in Chapter 7 and 8. An example, where a
higher accuracy is required and the shortcomings are obvious, is in context of a slackline jumping
motion in Chapter 11.
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5.2 Optimal Control Based Motion Analysis

In the following section we describe how we can employ optimal control to reconstruct human
movement from marker motion capture data. The key difference to the approach in Section 5.1 is
that the optimization is carried out simultaneously over the whole motion and not just for single
frames. The solution of the Optimal Control Problem (OCP) is therefore time consistent.

Additionally, the OCP framework allows us to formulate constraints that have to be respected by
the resulting motion. These can be Newton’s Equations of Motion (EoM), external contacts and
physical limitations such as joint limits. In the following least-squares cost function we minimize
the distance between the positions mi of the virtual markers on the model and the nm recorded
marker trajectories m∗i over the time t ∈ [0,T] of the motion. In the following we present a multi
phase OCP formulation with nph phases:

min
x,u,p

nph−1∑
i=0

∫ ti

ti−1

nm−1∑
i=0
‖mi(q(t)) − m∗i (t)‖

2dt (5.9a)

subject to:

Ûx(t) = fi(t, x(t), u(t), p) (5.9b)
x(t+i+1) = hi(x(t−i+1), p) (5.9c)

g(t, x(t), u(t), p) ≥ 0 (5.9d)
req(x(0), . . . , x(t f ), p) = 0 (5.9e)

r ineq(x(0), . . . , x(t f ), p) ≥ 0 (5.9f)

The system is modeled with time dependent states x(t) and free parameters p that are fixed in time.
The goal of the optimization is to find controls u(t) such that the objective function is minimized.
For human movement reconstruction, we define the state vector x = [q, Ûq] as the joint angles and
joint velocities. To implement a forward dynamics simulation we define the control vector as the
acting joint torques τ.

The right hand side Ûx(·) = f (·) is an Ordinary Differential Eqautions (ODE) that depend on
the states, parameters and controls. We reformulate the EoM derived in Section 4.2 as first order
differential equations and define the right hand side as Ûx = [ Ûq, FD(x, u)], using the Forward
Dynamics of the rigid body system. An OCP can be formulated with different phases, where each
phase is subject to a different right hand side function. Multiple phases are necessary in the case
that the motion includes contacts that are established or released.

The function h hereby describes the state change between consecutive phases. This can be the
impact dynamics described in Equation 4.16. A physical contact can be implemented as a set of
constraints, such that the position of a given segment is reached at the end of a phase. During the
contact phase, the contact forces are modeled as inequality constraints. A ground contact force, for
example, can only act unidirectionally and therefore contact forces need to be larger than zero.
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5.2 Optimal Control Based Motion Analysis

Limitations on the joint angle, velocity, accelerations and torques can be formulated as boundary
constraints r(·). A more general multi phase OCP objective function can be found, for example, in
[148] and looks as follows:

min
x,u,p,T

nph−1∑
i=0

∫ ti

ti−1

φLi (t, x(t), u(t), p)dt +
nph−1∑
i=0

φMi (ti, x(ti), p) (5.10)

Here, we distinguish between Lagrange and Mayer-type objective functions. The Lagrange function
is integrated along a time horizon, while the Mayer function is evaluated at one point in time.
Additionally, the time T of the motion can also be a free optimization parameter. The table below
describes all variables of the OCP and their use in human movement reconstruction.

Variable Description Possible use for Movement Reconstruction

x States of the System Joint angles, velocities, acceleration

u Controls Joint Torques

p Parameters Optimize for Model Parameters

φL Lagrange-Type Objective Function Tracking of Marker Position, Regularization

φM Mayer-Type Objective Function Minimize Movement Time

i Phase Index Different Contacts

nph The number of phases Implementation of different Dynamics

ti The time of each phase t ∈ [0,T] Optimize Movement Timing

t+i Beginning time of phase i

t−i End time of phase i

fi System Dynamics (State Derivative) Implement Equations of Motion

hi Transition function between Phases Formulate Impact Dynamics

g Path Constraints Limit Joint Angles, Velocities, Torques

r Point Constraints Constraint Contact Points and Forces

There are three ways for solving nonlinear OCP in the literature: dynamic programming, indirect
methods and direct methods. In this work we used the software package MUSCOD-II [149, 150]
which uses the direct multiple shooting method developed by Bock et al. [151]. This approach
discretizes the states and controls with respect to time. The result is a large but structured Nonlinear
Program (NLP) which is solved by the Sequential Quadratic Programming (SQP) method.
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5 Reconstruction of Motion

Control Discretization

Each phase i is divided into mi subintervals:

Ii, j := [ti, j, ti, j+1], j ∈ {0, 1, . . . ,m1 − 1} (5.11)

with intermediate time points ti, j . The controls ui are defined by a piecewise approximation û on
this grid.

ûi(t) := ϕi, j(t, ρi, j), t ∈ Ii, j, j = 0, 1, . . . ,mi − 1 (5.12)

with the basis function ϕ(·) of the approximation. In MUSCOD-II, they can be constant, linear,
linear continuous or cubic. Continuity can be enforced either overall or only during each phase.
The number of parameters ρi, j depends on the type of function. Piecewise constant approximation
requires one parameter per multiple shooting interval, linear approximation two and so on. Higher
polynomials are possible but mainly increase the problem complexity.

State Discretization

For simplicity, we assume the same discretization for the states and controls. Theoretically, this
is not required, however it is implemented this way in MUSCOD-II. For each interval the states
are handled as Initial Value Problem (IVP). This approach is also know as multiple shooting. We
define the initial value of phase i and multiple-shooting interval j as x(ti, j) = Xi, j and parameterize
the states as:

Ûx = fi(t, x, ϕ(t, ρi, j)) (5.13)

The IVP is solved for all shooting intervals simultaneously. To obtain a continuous solution,
continuity conditions are enforced at all shooting nodes.

x(ti, j+1,Xi, j, ρi, j) − Xi, j+1 = 0 for j = 0, 1, . . . ,mi − 1 (5.14)

that ensure that the end point of each multiple shooting interval is equal to the starting point of the
next.

Resulting Discretized Optimal Control Problem

The continuous path constraints of Equation 5.9d are evaluated on each shooting node.

g(Xi, j, ρi, j, p) ≥ 0 for j = 0, 1, . . . ,mi − 1 (5.15)

For constant and linear approximation of the controls, their boundaries are also respected between
the shooting nodes, however, upper and lower bounds of the states might be violated between
shooting nodes. Therefore one has to chose the multiple shooting intervals close enough to avoid
this. To simplify the notation, we define the vector y with all discretized multiple shooting variables:

y := (Xi, j, ρi, j, p) (5.16)

and formulate the discretized objective function F(y).
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5.2 Optimal Control Based Motion Analysis

All equality constraints, including the continuity constraints from Equation 5.14 are formulated
as G(y) and all inequality constraints as R(y). The discretized optimal control problem can then be
written as a finite high dimensional NLP.

min
y

F(y) (5.17a)

subject to:

G(y) = 0 (5.17b)
R(y) ≥ 0 (5.17c)

Sequential Quadratic Programming (SQP)
In MUSCOD-II this problem is solved using SQP. Starting from an initial guess y0 the SQP
algorithm iterates

yk+1 = yk + αk∆yk (5.18)

with a step direction∆yk and step length αk . αk is adjusted according to various line search strategies.
In each iteration k the the SQP algorithm solves a Quadratic Programming (QP) subproblem to find
∆yk .

min
∆yk ∈Ω

∇F(yk)∆yk +
1
2
∆yTk Hk∆yk (5.19a)

subject to:

G(yk) + ∇yG(yk)T∆yk = 0 (5.19b)
R(yk) + ∇yR(yk)T∆yk ≥ 0 (5.19c)

where ∇yG(yk) and ∇yR(yk) are the Jacobians and Hk is the approximated Hessian of the Lagrange
function. Using an exact Hessian matrix can become computationally expensive and is therefore
avoided. A bounded trust region Ω ∈ Rn has to be specified to have a well defined QP. In
unconstrained cases, the SQP method corresponds to Newton’s method for finding a point where
the gradient vanishes. Under constraints, the method is equivalent to applying Newton’s method to
the Karush-Kuhn-Tucker (KKT), first order optimality conditions of the problem.
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5.3 Comparison of the two Methods

Table 5.1 summarizes the two proposed approaches and highlights the crucial differences. Inverse
kinematics can be applied to any kind of marker measurement provided a kinematic model. In this
work we analyze large movement data sets based on this method in Chapter 7, 8 and 9. Optimal
control requires a problem specific formulation that describes the different phases of the motion
and their dynamics. It allows us to compute time consistent physical quantities such as the joint
torques and interaction forces. The OCP-based analysis is computation-heavy and limited to a few
seconds of motion due to numeric complexity. We used the OCP approach in Chapter 11 to analyze
slackline jumping. In this context we compared the two methods and their results.

Inverse Kinematics Optimal Control

Formulation General Problem Specific

Approach Frame-by-Frame Whole Motion Optimization

Computation Time Approximately 10 fps Possibly days

Motion Length Indefinitely Few seconds per optimization problem

Kinematics Unconstrained least squares fit Kinematic constraints

Model-based evaluation Inconsistent Newton’s Equations of Motion

External Forces × Part of problem formulation

Time Consistent × X

Table 5.1: Comparison of the two motion reconstruction approaches. Important differences are highlighted
with the preferred option in green. We see the advantages of the OCP formulation. On the
downside, it requires a specific formulation for each motion, loads of computation time and can
not be applied to longer recordings in a single optimization.
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Part III

Analysis of Static and Dynamic Balance
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6 Static Balance Test

In this chapter we present the protocol of the static balance test and the different ways to evaluate
the data. The test is performed by all participants of both studies following the same protocol. We
discuss the following questions:

• What parameters are there in the literature to evaluate static balancing?

• How do these parameters relate to balance?

• Are the parameters correlated or do they contain new information?

We want to use the results of this literature review to compare static balance of all participants.
In the slackline study we intend to divide the beginner group into a balance-experienced and a
balance-inexperienced subgroup. In the "Schizophrenia and the Moving Body" study we compare
static balance capabilities of persons with schizophrenia and a control group to analyze if balance is
impaired.

  
Experimental

Slackline
Athletes

Balance
 Inexperienced

Balance 
Experienced

Control

Balance TrainingImpaired Balance

Static Balance Test

Parallel Stance Single Leg Stance Tandem Stance

Figure 6.1: Overview of the Static Balance Test. All participants perform the three different tasks, once with
eyes open and once with eyes closed and for both leg configurations. We want to investigate the
effect of balance training and schizophrenia on static balance.
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6 Static Balance Test

6.1 Balance Test Protocol

The static balance test consists of five individual tasks as visualized in Figure 6.1. The following
balance situations were performed in sequence:

• Parallel Stance: Standing on both feet, with the feet close together.

• Single Leg Stance: Standing on one foot. One trial for each foot.

• Tandem Stance: Standing with the feet aligned. The heel of one foot is in touch with the
toes of the other. One trial for each foot in front.

Subjects performed parallel stance once, the tandem once for each leg in front and single leg
stance once on each leg. The total time for each task was 1 min. After 30 s participants were
instructed to close their eyes and balance for another 30 s. They were instructed to maintain their
hands on the pelvis and remain in the pose for as long as possible.

A step or arm movement should only occur to prevent severe falling. In case of a fall during
the eyes open situation, subjects were asked to reassume the pose and continue balancing. If they
fell after closing their eyes we continued with the next task. A 30 s break was given between each
balancing task. For single leg balancing and the tandem stance, the (leading) foot for the first trial
was chosen at random and switched for the second trial.

We used Bertec FP4060*08*2000 force plates and recorded the GRF and CoP position at a rate
of 900 Hz as described in Section 3.4. Tape marks were placed on the force plates to ensure the
correct alignment and positioning of the feet. The Anterior-Posterior (AP) direction was aligned
with the X axis of the lab coordinate system and the Medial-Lateral (ML) direction with the Y axis.

Subjects started outside the force plate, walked into the position at their own speed and placed the
hands on the pelvis when they were stable. The recording was then started. After 60 s participants
were instructed to step off the force plate and the recording was stopped.
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6.2 Visual Evaluation

6.2 Visual Evaluation

Evaluation of static balancing can be either done based on visual observations or by analysis of
force plate data [75, 152]. Table 6.1 lists possible outcomes of static balancing and a scoring system,
similar to what Berg et al. [54] or Ribeiro et al. [153] suggest. However, simply applying this
rating has several pitfalls and requires a uniform understanding of the task by all participants. For
example, when giving the instructions to stay in balance for as long as possible, some participants
might still use their hands early and thus manage well (Score: 2), while others keep their hands at
the pelvis and step off the force plate close to the end of the trial (Score: 5).

Following up on this thought, we find that the scoring does not see a difference between failing
at the beginning or at the end of the trial. Hence, only the following two visual evaluations were
considered as they are coherent with the given instructions: success vs. fall and, in case, that a
subject failed, the time in balance.

Outcome / Recovery Movement Balance Score

Stable throughout the task 0

Sliding movement of the stance foot 1

Arms were taken off the pelvis 2

One Step after which balance was regained 3

Multiple steps 4

Stepping off the force plate 5

Table 6.1: Possible outcomes of a balance task and respective balance scores as it is suggested and used in
the literature [140].

Success Rate

This is a binomial metric answering the question whether the subject succeeded to maintain balance
for the full duration of the balance task. Everything other than a balance score of 0 according to
Table 6.1 is considered a fall. This interpretation should be also clear to every participant. The
main goal is to maintain balance without falling or performing a recovery movement.

Time in Balance

We record the time, when the subject failed to maintain balance and performed a recovery movement.
This gives more insight in the actual balance capabilities of the group, as the metric is able to
differentiate between trials that fail at the very beginning and those that fail close to the end. Again,
it should be made clear to all participants that they have to maintain balance for as long as possible
and we treat every balance recovery movement in a uniform way by stopping the balance time.
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6 Static Balance Test

6.3 Center of Pressure Sway Analysis

Since visual evaluation is not able to analyze successful trials in more detail, we rely on force plate
data to do so. The analysis of CoP sway as a measure for balance performance is widely used in the
literature. So-called stabilometric parameters aim to summarize the CoP trajectory into a single
value. These are then used for statistical group comparison. There is a great number of different
parameters in the literature.

Prieto et al. [154] proposed and evaluated more than 20 stabilometric parameters in 1996. 20
years later, Yamamoto et al. [81] used 73 parameters in their analysis. In many cases it is not
obvious how the parameters are related to good or bad balance, as discussed by Raymakers et al.
[75].

CoP Trajectory Conventions:

The force plate measurement consists of N data points with X and Y coordinates of the CoP. They
represent the AP and ML direction in the lab coordinate system. We transformed the measurement
from the lab frame O into the local frame by subtracting the trajectory mean from all data points
and define:

AP[n] = APO[n] − AP (6.1)

ML[n] = MLO[n] − ML (6.2)

Additionally, Resultant Distance (RD) is defined as the absolute 2D distance from the mean:

RD[n] =
√

AP[n]2 + ML[n]2 (6.3)

Further evaluation is based on these three trajectories, the number of measurement points N and the
total time of the measurement T . In the following we present the proposed parameters by Prieto
et al. [154] and discuss which ones are reasonable. They can be divided into distance, area and
frequency measures.

Distance Measures

All proposed distance measures are summarized in Table 6.2. They are the Mean Absolute
Distance (MDIST) , the Standard Deviation of the Trajectory (RDIST), the Total Excursion (TOTEX)
and the Mean Velocity (MVEL). MDIST and RDIST are very similar and highly correlated
parameters [154]. We added the RATIO parameter to relate AP and ML distance measures. We
assume that good balance control keeps the CoM close to the center, resulting in low sway distance
values. The same is true for TOTEX and MVEL. Good balance control should result in a low
velocity and a small excursion path. The only difference between MVEL and TOTEX is the
normalization to the time of the measurement. The range does only depend on two points of the
trajectory and is highly sensitive to a single balance movement.
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6.3 Center of Pressure Sway Analysis

Name Description Variable [X] Formula

MDIST Mean Absolute
Distance

ML, AP, RD 1/N
∑
|X |

RDIST Root Mean Square
Distance

ML, AP, RD
√

1/N
∑

X2

RATIO Ratio between AP and
ML RDIST

RDISTML/RDISTAP

TOTEX Total Excursion
∑N−1

n=1 [(AP[n + 1] − AP[n])2 + (ML[n +

1] −ML[n])2]
1
2

TOTEX
(AP/ML)

AP/ ML Excursion ML, AP
∑N−1

n=1 |(X[n + 1] − X[n])|

MVEL Mean Velocity ML, AP, RD TOTE XML,AP/T

Range Total Range ML, AP, RD Max(X) − Min(X)

Table 6.2: CoP distance measures that summarize the CoP trajectory in a single parameter.

Area Measures

Area measures try to estimate the area that encloses 95% of the CoP path. This can be either done
by a circle or an ellipse. A larger sway area is interpreted as worse balance control. The circular
area Area − CC is defined as:

Area − CC = π ∗ (MDIST + 1.645 ∗ sRD) (6.4)

sRD =
√

RDIST2 − MDIST2

using the standard deviation of the resultant distance sRD . The ellipse Area − CE is computed
with the standard deviation sML/AP and the covariance cMLAP between the AP and ML direction:

Area − CE = 6 ∗ π ∗ (s2
APs2

ML − c2
MLAP)

1
2 (6.5)

This elliptic area estimation should be more accurate since there are two fitting parameters instead
of only one in the circle case. The area parameters are obviously highly correlated to the RDIST
values. It is expected that the analysis is more conclusive when look at the RDIST values for ML
and AP direction individually, rather than looking at their squared product.

Hybrid Measures

Hybrid measures are defined by putting many of the before mentioned parameters into relation to
each other. The sway area Area-SW can be interpreted as the product of MVEL and MDIST:

Area − SW =
1

2T

N−1∑
n=1
[(AP[n + 1] − AP[n])2 + (ML[n + 1] − ML[n])2]

1
2 (6.6)

We expect good balance control to result in lower velocity and close distance to the center and
therefore a small value for the sway area.
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6 Static Balance Test

The Mean Frequency (MFREQ) is defined as the ratio between the mean velocity and the mean
distance. It is the frequency at which the CoP trajectory would oscillate if it was perfectly harmonic.

MFREQ =
MVE L

2πMDIST
(6.7)

Again, this can be defined for the ML, AP and RD trajectory. Since we assume small velocity and
small distance values it is unclear if a small or large value for the mean frequency is to be expected
or if this actually could be constant.

The Fractal Dimension (FD) compares the area against the excursion path. In other words, how
much of the area is covered by the trajectory. Again, the area can either be defined using the
diameter of a circle or of an ellipse.

FD = log(N)/log(Nd/TOTE X) with (6.8)
dFD−CC = 2(MDIST + 1.645sRD) or (6.9)

dFD−CE = 24 ∗ (s2
APs2

ML − c2
MLAP)

1
2 (6.10)

Frequency Measures

Frequency measures analyze the power spectrum of the CoP trajectories when performing a fast
Fourier transform [155, 156]. We considered the parameters presented in Table 6.3. The relation of
these frequency measures to balance is not clear, however they are computed and compared in many
scenarios in the literature [157, 158].

Name Description Variable

Power Integrated Area of the Power Spectrum ML, AP, RD

50% Frequency Median frequency below which 50 % of the power is found ML, AP, RD

95% Frequency Frequency below which 95 % of the power is found ML, AP, RD

CoP Frequency Weighted Mean of the AP and ML 50% Frequency by Power

Table 6.3: CoP frequency measures.

Normalization to Body Factors

Chiari et al. [159] investigated the correlation of these parameters with respect to body factors such
as height, weight, stance angle and foot size. They found correlation between distance parameters
and subject height. Looking at the inverted pendulum model [80, 160] in Figure 6.2 and Equation
6.11, we see that the CoP position is in first order equivalent to the CoM ground projection. The
angle ϕ relates the height of the CoM to the CoP. Movement of the CoM during the balance
task results in the CoP trajectory that is visualized in the support polygon. We conclude, that
normalization of CoP data by subject height is plausible when assuming that balance control is also
related to tilt by means of the angle ϕ.
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6.4 Choice of Parameters for CoP sway analysis
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Figure 6.2: The inverted pendulummodel. The CoP is in first order equivalent to the CoM ground projection.

6.4 Choice of Parameters for CoP sway analysis

All parameters presented above are based on the same two trajectories. We therefore expect many of
them to convey redundant information. In the following we decide which ones to use for the group
comparison and which ones to dismiss. We used all measurements that were obtained during the
two motion capture studies and evaluated data from 66 participants and more than 400 successful
balance tasks of 30 s each.

Figure 6.3 shows four correlation plots between the different measures. We used Pearson’s
correlation r [161]. The top row compares distance and frequency measures for AP (left) and ML
direction (right). Clustering of two groups is evident, the first group being all distance measures
and the second group being most of the frequency measures. The only exception is the Power
metric, which, though being a frequency measure, is highly correlated with the distance metrics.
MVEL is highly correlated with distance measures and and less correlated with frequency measures.
The same findings hold for the RD trajectory in the lower left plot. Additionally, area measures
correlate with distance measures and FD correlates with frequency measures. The Ratio metric is
not correlated to any other measure.

The lower right plot shows significant correlation between AP and ML distance measures and
little correlation between frequency measures. However, correlation is not as high as for parameters
computed from the same trajectory. We therefore conclude that additional information can be
found by analyzing AP and ML trajectories separately and that focusing on one direction is not
sufficient. In conclusion, we decide to evaluate the following parameters: RDIST, MVEL, RATIO
and MFREQ. From another perspective we can say that RDIST summarizes amplitude of the
trajectory, MVEL the amplitude of the derivative and MFREQ the ratio between the two. We
evaluated them for the AP and ML trajectory individually and discard the RD trajectory.
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6 Static Balance Test

Correlation Plots between CoP Stability Measures
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Figure 6.3: Correlation between stability metrics for all measured static balance tests in this work. The
top row compares distance measures and frequency measures. The left bottom plot compares
metrics based on the RD trajectory. At the bottom right we see the correlation between that AP
and ML measures.

Figure 6.4 shows four example trajectories as they were measured during the studies. All
measurements last 30 s. Parameters that we plan to evaluate are computed for the respective
measurement. We want to illustrate how the parameters represent and summarize the visible
features of the trajectories. The RDIST bounding box is shown in yellow. The upper row shows
measurements with similar MFREQ, however there are significant differences in RDIST andMVEL.
The lower left plot shows a low MFREQ due to low MVEL. The trajectory is comparably short. In
the lower right plot, a measurement with a low RATIO parameter is shown. The CoP trajectory
mainly moves in ML direction and only shows half the RDIST in AP direction.
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6.4 Choice of Parameters for CoP sway analysis

Sample Measurements to demonstrate CoP parameters
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Figure 6.4: Sample measurements and evaluation. Four measurements are plotted and the proposed
parameters evaluated. Extreme cases were chosen to visualize how geometric properties are
translated into values. The yellow box represents the sway distance (RDIST) in both directions.
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7 The Slackline Study

In the Slackline Study we analyze and compare slackline balancing of subjects with different
experience levels. Participants were chosen from different ends of the performance spectrum. They
were either practicing slackline balancing regularly or had no experience at all. Those without
balance experience were further divide according to their experience in balance related tasks.
We recruited one group that did practice balance and coordination related sports such as yoga or
wingtsun and another group that was either less sportive or doing strength related sport. However, we
did not base the grouping on this criteria but had all subjects perform the static balance test to deter-
mine their static balancing skills. The test was evaluated bymeans of success rate and time in balance.

We recorded a total of 6 professional slackliners and 14 beginners. Six participants were female,
14 were male. Age was between 18 and 32 years. Weight was 72 ± 11 kg, height 1.76 ± 0.09 m
and BMI 23 ± 2 kg/m2. We describe the data acquisition protocol in Section 7.1. The evaluation
and results of the balance test are described in Section 1.3.2. We define and propose performance
indicators for slackline balancing in Section 7.3. We first analyze successful slackline balancing for
single leg balancing and walking in Section 7.4. In Section 7.6 we evaluate the time shortly before
falling. A preliminary study with fewer participants and a subset of the suggested performance
indicators has been published in [133].

  

Slackline Study

Foto: Florian Freundt

Tasks:
All participants performed 
the static balance test on 
flat ground and balancing 
on the slackline.
We recorded single leg 
standing, tandem stance 
and walking on the 
slackline. 

Slackline
Athletes

N = 6

Balance
 Inexperienced

N = 8

Balance 
Experienced

N = 6

Balance Training

Research Questions: 
We define performance 
indicators and measures for 
slackline expertise to 
compare the different skill 
levels. Further we investigate 
the effect of balance training.

Figure 7.1: Overview of the Slackline Study
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7 The Slackline Study

7.1 Protocol

The study protocol can be divided into three parts: the preparation of the subject, the balance test
and the slackline balancing. The slackline motion capture experiments were approved by the ethics
committee of the Faculty of Behavioral and Cultural Studies of Heidelberg University according to
the Helsinki Declaration (AZ Mom 2016 1/2-A1, 2016 with amendment 2019). Written informed
consent was obtained from all subjects before the measurements.

Figure 7.2: The setup of the Slackline Study and a motion capture recording with the coordinate system.

Subject Preparation

All subjects were prepared with the marker set described in Section 3.1.1. The height and weight
was measured and a static trial recorded. Afterwards the static markers were removed.

Balance Test

The balance test was instructed and recorded following the protocol in Section 6.1.

Slackline Balancing

After the balance test, slackline balancing was recorded. The slackline was installed using the
Gibbon Slackrack 300 (ID Sports GmbH, Gibbon Slacklines, Stuttgart, Germany) as shown in
Figure 7.2. The slackline was 3 m in length, 5 cm in width and mounted 31 cm above the ground.
The motions were recorded using the marker-based motion capture system Qualisys introduced in
Section 3.1 consisting of 8 Oqus 500 cameras at a frame rate of 150 Hz.
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7.1 Protocol

The following three tasks were recorded:

• Single Leg Balancing: Balancing on one foot in the middle of the slackline, left and right
foot interchanging

• Tandem Stance Balancing: Balancing on both feet in the middle of the slackline, leading
foot interchanging

• Walking: Beginning at one end of the slackline and walking to the other end. Then walking
backwards to the start, going back and forth.

Subjects were ask to perform the task and maintain balance for as long as possible. After falling, the
same task was repeated after a short break. For single leg balancing the stance leg was alternated
after each trial. Up to 10 trials were recorded for each task and then switched to the next task. A
5 min break was given after each task was performed once and then the whole protocol was repeated
a second time.

Figure 7.3: The Gibbon Slack Rack 300.
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7 The Slackline Study

7.2 Static Balance Test, Subject Grouping and Overview

In this section we briefly describe the results of the balance test and the subject grouping that we
derived. We aim to find a simple metric that represents static balance capabilities and allows us
to divide the 14 beginner subjects into two subgroups. Further analysis of force plate data and
comparison with the participants of the "Schizophrenia and the Moving Body" study is shown in
Chapter 9. For now, all balance trials are evaluated by means of success rate and time in balance as
defined in Section 1.3.2.

Figure 7.4 shows histograms of the time in balance for professional slackliners at the top and
for beginners at the bottom. The summed time of all 5 tasks and the eyes open and eyes closed
scenario is shown at the left. A maximum of 300 s could be achieved. The right four plots show the
summed time in balance for single leg balancing and tandem stance with eyes open and eyes closed.
Beginners and professional slackliners show similar distributions for tandem stance and single leg
stance with eyes open. Differences between the groups are found for single leg stance with eyes
closed. Only one subject of the professional group fell two times, but ≈ 50 % of the beginners failed
to maintain balance. This difference is also visible in the total time. Following the data, we define a
threshold of 260 s to divide the beginners into six balance-experienced (sportive) beginners and
eight balance-inexperienced beginners.
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Figure 7.4: Histogram of time in balance during the static balance test for all participants of the slackline
study. Professionals are shown at the top, beginners at the bottom. A threshold of 260 s of total
balance time was chosen to divide the beginner group at the bottom. Inexperienced beginners
are shown in light green, balance-experienced beginners in blue.
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7.2 Static Balance Test, Subject Grouping and Overview

Figure 7.5 shows the average time in balance on the slackline for single leg balancing and walking
plotted against the times in balance during the static balance test. We see large correlation (r > 0.6)
for the total time and the single leg case with eyes closed for both slackline tasks. This supports the
hypothesis, that the static balance for single leg standing with eyes closed can be a predictor for
slackline balance performance. There is no correlation to tandem stance balancing.
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Figure 7.5: Scatter plot of balance time on the slackline and during the balance test for all beginner subjects.
Spearman’s rank correlation is given.

For evaluation of the slackline balance recordings, we trimmed the measurements to the time the
subject was on the slackline. Since we wanted to prevent any bias from the getting up movement,
the first 2 s were trimmed off the measurement. We refer to a cut recording as one trial. In the
first part of the analysis we compared stable balancing and analyzed only trials that are longer
than 8 s. Additionally, we removed the falling down part from the motion by cutting the last 2 s.
Table 7.1 shows an overview of participants per group, number of recorded trials and trials that
qualified for evaluation. Counts vary due to different number of participants per group and skill level.

For all groups, we find that single leg balancing shows the highest success rate and tandem stance
is most difficult task. Beginner struggle to walk and to perform the tandem stance leading to a
low percentage of trials that we can evaluate (23 % for walking and 13 % for the tandem stance).
Professionals balanced for longer time and therefore showed fatigue, leading to fewer trials that
were recorded per participant.
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7 The Slackline Study

In the following we only evaluate single leg balancing and walking and follow the pipeline
described above (see 7.3). Further, we analyze the falling off part of the motion separately using
only the last 2 s of each trial in Section 7.6.

Group N Single Leg % Walking % Tandem
Stance

%

Beginners 8 96 / 160 60 33 / 148 23 17 / 132 13

Sportive 6 76 / 85 90 56 / 83 67 35 / 70 50

Professional 6 43 / 43 100 34 / 36 94 24/ 30 80

Table 7.1: Overview of study participants. The number of evaluated and recorded trials is shown for standing
and walking on the slackline.

For each subject we created a subject-specific rigid body model as described in Section 4.1. This
model was fitted to all recorded marker data following the inverse kinematic method described
in Section 5.1. The resulting joint angle trajectories were filtered using a 5th-order Butterworth
low-pass filter with cut-off frequency of 9 Hz. Joint velocities and accelerations were computed
using finite central differences. We computed all performance indicators that are suggested and
discussed in the next section. Groups are compared by means a Wilcoxon Rank-Sum Test [162] and
Cohen’s-d [163]:

d =
µ1 − µ2

s
(7.1)

s =

√
(n1 − 1)s2

1 + (n2 − 1)s2
2

n1 + n2 − 2
(7.2)

where µ1/2 are the means, n1/2 are the number of trials and s1/2 are standard deviations. It normalizes
the group difference by pooled standard deviation. Sawilowsky et al. [164] suggest consider d = 0.2
as small effect, d = 0.5 as medium effect and d > 0.8 as large effect. We evaluate single leg
balancing and walking separately.
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7.3 Evaluation and Performance Indicators

7.3 Evaluation and Performance Indicators

In the following we propose kinematic performance indicators for slackline balancing and discuss
how they relate to balance control. Most performance indicators can be computed for standing and
walking. Additional analysis that requires a stance and a swing leg is only well defined for single
leg balancing when there is no double support phase.

Time

For slackline balancing, the time a person is able to maintain
balance is a arguably the most evident performance indicator.
The table on the right gives an idea of the expected times
for the different skill levels. Experts are able to balance
for more then 2 min. Talented beginners are expected to
balance up to 1 min by the end of the first training session.

Skill Level Time [s]

Expert > 120

Advanced 60 - 120

Intermediate 40 - 60

Beginner 8 - 20

Trial excluded < 8

Trials with less than 8 s are excluded from further analysis, as random and uncontrolled behavior
should be excluded. The correlation between other metrics and the time in balance will also be
evaluated.

Center of Mass Dynamics

The CoM position c of a N-body system with the total mass M can be computed via forward
kinematics. For each body i we compute the CoM positions ci and use the body masses mi in a
weighted sum:

c =
1
M

N∑
i

cimi (7.3)

accordingly, the CoM velocity Ûc and CoM acceleration Üc can be computed from the velocity of the
body CoM Ûci and acceleration Üci

Ûc = 1
M

N∑
i

Ûcimi (7.4)

Üc = 1
M

N∑
i

Ücimi (7.5)

The CoM is constantly accelerated by the changing external contact forces of the slackline. The
subject, however, needs to maintain the CoM right above the slackline to prevent falling.
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7 The Slackline Study

We suggest the following performance indicators related to the CoM dynamics:

• Standard deviation of CoM acceleration
The mean CoM acceleration is zero for stable balancing, hence, a lower standard deviation
represents less overall acceleration. We analyze movement perpendicular to the slackline,
along the slackline and in vertical direction separately. During the walking tasks, less standard
deviation of CoM acceleration, results in a smoother walking motion. Overall we claim that
this resembles better balance control.

• Standard deviation of CoM support polygon projection
Static balance requires the CoM ground projection to be within the support polygon. A larger
distance to the edges of the support polygon throughout a movement is associated with better
stability. Similar to the RDIST metric (Table 6.2) we can compute the standard deviation of
the CoM position in the support polygon as performance indicator.

• Mean of CoM velocity during walking
Experts should be able to walk at a higher velocity when compared to beginners.

Angular Momentum and Normalized Angular Momentum

The total angular momentum of a rigid body system about it’s CoM is computed by:

L =
N∑
i

((ci − c) × mi Ûci + I iωi) (7.6)

where I i is the moment of inertia and ωi the angular velocity of body i. The resulting values are
proportional to the total mass and dimensions of the rigid body system. We normalize the angular
momentum to find the average angular velocity or normalized angular momentum as suggested by
Essen [165].

ω(t) = I (q(t))−1L(q(t), Ûq(t)) (7.7)

where I (q) is the total inertia of the rigid body system for a given joint configuration that is
calculated from all bodies using the parallel axis theorem [27, 166]:

I =
N∑
i

(
RiI iR

T
i + mi ∗ (|ci − c |2 ∗ 1 − (ci − c) ∗ (ci − c)T )

)
(7.8)

with Ri being the orientation of body i. In terms of balance performance indicators, the normalized
angular momentum tells us how fast the subject is rotating around the specific axis. For stable
balancing, the angular momentum is zero, and therefore we can use the standard deviation to
quantify how much rotational movement is present during a given motion.
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7.3 Evaluation and Performance Indicators

We can analyze the three different directions separately, as it is visualized in Figure 7.6:

• Frontal Plane (Vertical Plane perpendicular to the slackline):
We expect the main balancing movement in this plane, as it is the main instability introduced
by the slackline. Larger values represent more and greater recovery movement.

• Sagital Plane (Vertical Plane along the slackline):
We assume that experienced subjects are able to maintain an upright position and do not
rotate in the sagital plane. This should be the case for single leg balancing and walking.

• Coronal Plane (Around the vertical axis):
Similarly to the sagital plane, we expect experts to maintain an upper body orientation
perpendicular to the slackline. Turning parallel to the slackline increases the difficulty
dramatically and is therefore not desired. As discussed in Chapter 1, we find reduction of
angular momentum around the vertical axis as a prerequisite for stable running.

Figure 7.6: Illustration of CoM movement (orange) and average angular velocity (blue) in the different
directions.
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7 The Slackline Study

Kinetic Energy

The kinematic energy of a rigid body i is computed from the CoM velocity and angular velocity:

Ei =
1
2

mi Ûc
2
i + I iω

2
i (7.9)

Summing over all bodies results in the energy of the whole rigid body system. This quantifies
the overall movement by combining CoM velocity and rotational angular velocity. However, this
quantity is proportional to the total subject mass. We therefore propose the normalized kinematic
energy:

Enorm =
1
M

N∑
i

Ei (7.10)

For single leg balancing we expect to find higher kinetic energy for beginner subjects as they are
expected to perform more movement to maintain balance. We compute the mean of the kinetic
energy over one trial as performance indicator.

Balance Energy Ratio

For slackline walking, we define the balance energy ratio that measures how much of the kinetic
energy is due to translation and how much is used to maintain balance. We define the normalized
translational kinetic energy by means of the CoM velocity squared at each point of the trajectory:

Etrans(t) ≡
1
2
Ûc(t)2 (7.11)

Unlike the famous Equation derived in [167] and similar to Equation 7.10, we do not take the
subject mass into account and obtain a normalized value. We define the balance energy ratio as the
fraction of the kinetic energy that is not in translational movement:

Rbalance ≡ 1 −
Etrans

Enorm
(7.12)

For standing tasks this value is ideally to one. For walking tasks we expect professional slackline
athletes to walk more efficiently by means of a lower balance energy ratio. We compute the ration
for every instance of the trial and take the mean as a performance measure.

Movement Coordination

We expect controlled and well coordinated hand movement as a sign of good balance control.
Kodama et al. [92] showed difference in hand movement when comparing one beginner to one
experienced slackline athlete. For each subject we compute the absolute velocity for both hands,
and in the case of single leg balancing, for the swing foot. We assume that professional slackliners
move both hands consistently at the same time, whereas beginners might use only one hand at a
time. For single leg balancing, the swing foot might also be synchronized to the hand movement.
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7.3 Evaluation and Performance Indicators

We compute the rolling window Pearson correlation between the two values, similar to algorithms
developed by Tschacher et al. [168] or Choeng et al. [169]. We take a small subset of the whole
trajectory of a given window length and compute the "local" Pearson correlation [161]. The window
is then shifted by one data point and the correlation computed for the new subset. This is done
for the entire trajectory. The performance indicator for movement coordination is defined as the
mean of all correlation values. Since the window size, is somewhat arbitrary, we evaluate short
term movements of 0.2 s and longer periods of 1 s.

A sample evaluation comparing two recordings from this study is shown in Figure 7.7. Well
coordinated hand movement is shown in the left column and arbitrary movement in the right column.
Hand velocities are plotted in the top row. We see overlapping trajectories at the left, as it is expected
for good coordination, and independent hand movement at the right. The rolling window correlation
for a 1 s window is plotted in the middle row and for a 0.2 s window in the bottom row. The mean
values that we intend to use as performance indicator, are plotted for both measurements in red.
The intended relationship between the mean value and the similarity of hand velocity trajectories
can be observed.
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Figure 7.7: Hand velocities are shown at the top for well and badly coordinated movement. The rolling
window correlation is plotted for a 1 s window in the middle row and for a 0.2 s in the bottom row.
The intended relationship between the mean value and the similarity of hand velocity trajectories
can be observed.
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7 The Slackline Study

Mean Pose

We can analyze each joint angle trajectory individually. We define the mean pose as the mean
positions of all joints over the motion. For slackline balancing the shoulder and elbow angles are
of great interest. Consistent behavior of the expert group could reveal strategies that then can be
communicated to beginners.

Utilized Range of Motion - Variation of Joint Angle

We define the utilized range of motion as the standard deviation of the joint angle trajectory. This
can give us insights in which joints are mainly used for the balance task and which joints do not
contribute. Serrien et al. [93] found significant changes in movement patterns when comparing
beginners before and after a 6 weeks slackline training. For the arms and swing leg we expect a
larger active range of motion in professional slackliners. They should be able to maintain balance
while moving their swing leg in different directions. We expect them to exploit the whole range of
motion of the shoulders. Beginners might only be stable in some poses and fall when it comes to
more difficult situations.

Stance Foot vs CoM Acceleration and Variation of Knee Angle

The foot contact with the slackline is able to swing sideways and vertically. Paoletti et al. [86]
suggest a spring like behavior of the contact forces, where the restoring force changes with the
deflection of the slackline. Hence, the contact forces of the slackline are constantly changing and
the stance foot of the subject is being accelerated. We expect experts to be able to control these
contact forces and therefore reduce their stance foot acceleration. Additionally, they might be able
to decouple the external forces on the foot from the upper body. In this case, they could also show
similar accelerations at the contact foot but smaller CoM acceleration. Variation in the knee angle
can be a sign of stance leg compliance in vertical direction.
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7.3 Evaluation and Performance Indicators

Evaluation Pipeline

Summarizing the whole evaluation pipeline we followed these steps:

• Recording:
Kinematic data and the static trial are recorded following the protocol of the study.

• Modeling and Kinematic Fitting:
The subject-specific model is created from the static trial. This is fully automated in Python
using the c3d package from the Embodied Cognition Lab (UT, Austin, USA) [170]. Joint
angle trajectories are computed based on the inverse kinematics algorithm described in
Chapter 5 using Puppeteer [143].

• Computation of raw Performance Indicator Trajectory:
Before we can summarize the physical quantity into a single value, we need to compute the
entire trajectory. All performance indicators were computed using the RBDL by Martin Felis
[142]. The library already supports the computation of CoM dynamics, Angular Momentum
and the ZMP position. We implemented functions that compute the inertia for a given joint
position and the normalized angular momentum.

• Summary and Statistics:
We summarize the trajectories using Python and the Pandas package [171]. Statistics are
computed using Pingouin [172] and figures created using Seaborn [173].

Code snippets for inertia and normalized angular momentum computation using RBDL and
computation of hand coordination can be found in Appendix A.4.
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7 The Slackline Study

7.4 Single Leg Balancing

In this Section we compare successful balance trials of at least 8 s for single leg balancing.

7.4.1 Time and Overview

Figure 7.8 shows the time for all trials recorded. We see a clear progression between the groups.
On average, beginners managed 16 ± 9 s, sportive beginners 46 ± 19 s and professionals 71 ± 25 s.1
The longest trials were 73 s, 133 s and 190 s, respectively. Overall, the short slackline setup was
beginner friendly and all subjects managed to perform several valid trials. Experts had to adjust to
the unusual short slackline and the static standing task, since they are used to longer setups and
more challenging movements.

Beginner Sportive Professional
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d = -1.90

0

25

50

75

100

125

150

175

Time [s]

Figure 7.8: Boxplot of time in balance for single leg slackline balancing for the three subject groups. Boxes
contain the inner 50 % of the data and the median is shown. Whiskers are maximum 1.5 times
the inner quartile range but end at the last data point which lays inside. Cohen’s-d is given for
comparison. All values are plotted in the color following the time, as visualized in the color bar.

1The boxplot shows the median and inner quartile range.
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7.4 Single Leg Balancing

7.4.2 Movement and Strategy

We analyze movement and strategy by comparing the average posture and angular velocity around
the three directions. We then analyze shoulder and elbow movement in the frontal plane in more
detail and compare the overall hand and feet coordination.

Posture and Utilized Joints

Figure 7.9 shows the mean posture for all groups. Leg and upper body configuration are similar, as
it is expected, since all trials were cut to stable balancing and the stance leg alternated. Differences
are visible for head orientation and arm angles. Exact values and trends with respect to balance
time are plotted in Figure 7.10. Head orientation is shown at the top, elbow angle in the middle and
frontal shoulder angle at the bottom. We plotted the mean of both arms.

Professionals show consistent, balance time independent behavior, while both beginner groups
vary between trials and between subjects. For head orientation we find that beginners and sportive
beginners look down at the end of the slackline, while professional slackline athletes look straight
ahead. All professionals assume a similar head orientation of about −5° with respect to the
horizontal plane. Beginner subjects vary between 0° and −50°. Similar observations are made for
shoulder and elbow angles. Professional slackliners have their arms perpendicular to the upper
body and elbows stretched, while both beginner groups tend to align their upper arm and bend their
elbows more. We find 90° compared to 60° for the shoulder and 35° compared to 60° for elbow
joint.

Beginners Sportive Professionals

Figure 7.9: Mean posture for single leg slackline balancing. Beginners are shown at the left, sportive
beginners in the middle and professional slackline athletes on the right.
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Figure 7.10: Comparison of head orientation, frontal shoulder angle and elbow angle with respect to time in
balance and between groups. An overview of all trials is shown at the left, more detail in the
middle and box plots for successful trials longer than 8 s at the right. Beginners and sportive
beginners show large variation. The professional group is more consistent and manages to
maintain a horizontal head orientation.
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7.4 Single Leg Balancing

In Figure 7.11 we compare the shoulder and elbowmovement in the frontal plane, bymeans of vari-
ation around the mean pose. For both joints, we found that beginners and sportive beginners used less
of their range of motion: 12° compared to 16° for the elbow and 19° compared to 29° for the shoulder.

We see that for longer trials, the professional group used more of the possible shoulder range of
motion, suggesting that they are stable in a greater variety of poses. For example, they are able to
point both arms in the same direction during a recovery movement and come back to the regular
t-pose balancing, while beginners and sportive beginners are not able to perform this recovery
movement and fall. The fact, that the elbow joint is more involved in the balancing suggests that
the professional group also performs smaller adjustment movements instead of large shoulder
movement. To follow up on this thought we compare the movement coordination.
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Figure 7.11: Comparison of utilized range of motion for frontal shoulder and elbow angle. An overview of
all trials is shown at the left, more detail in the middle and box plots for successful trials longer
than 8 s at the right. The professional group shows larger values for both joints. We suggest
that they are able to balance in a greater variety of poses and also involve smaller recovery
movements in the elbow joint.
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Movement Coordination

For comparison of movement coordination we compute the moving window correlation between
the absolute velocity of the hands and the free foot. We consider a time window of 0.2 s and 1.0 s
and take the mean of the three combinations. Figure 7.12 shows all movement coordination values
for all trials. A larger value represents more coordinated arm and foot movement. Results are
similar for both time windows. Beginner subjects were less coordinated than sportive beginners
and professionals, especially for short and unsuccessful balance trials. Sportive beginners showed
similar level of coordination as professional slackliners. For longer trials correlation values converge
to about 0.75 for the 0.2 s window and 0.7 for the 1.0 s window.
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Figure 7.12: Comparison of movement coordination by means of rolling window correlation. We chose a
0.2 s at the top and a 1.0 s window at the bottom. An overview of all trials is shown at the left,
more detail in the middle and box plots for successful trials longer than 8 s at the right.
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7.4 Single Leg Balancing

Normalized Angular Momentum

The normalized angular momentum or so-called average angular velocity summarizes the active
movement and passive rotation of the whole subject. The lab coordinate system is shown in Figure
7.2. The X-Axis is aligned with the Slackline, the Y-Axis perpendicular and the Z-Axis points in
the vertical direction. Figure 7.13 shows the time in balance plotted against the normalized angular
momentum on the left and in more detail in the middle. Box plots for the subject groups are shown
on the right. The frontal plane is shown at the top, sagital plane in the middle row and vertical axis
at the bottom. For all three directions we observe a decrease with longer balance trials. We make
the following observations:

• The largest normalized angular momentum is observed in the frontal plane with ≈ 20 °/s. It
is the direction that coincides with the instability introduced by the slackline. Beginners show
≈ 20 % larger values than sportive beginners and professionals. Values are especially large for
shorter and unsuccessful trials. For successful balancing they converge to ≈ 17 °/s. This is
reasonable since we expect there to be longer stable balancing between recovery movements
and smaller recovery movements in general.

• In the sagital plane, all participants show similar and comparably small values of ≈ 5 °/s.
Again, short beginner trials show larger values as participants also tilt forward and backward.
This direction becomes more relevant during the walking task when leaning forward is part
of the gait motion.

• The largest difference between the professional slackline athletes and the other groups is
found for movement around the vertical axis in the bottom row. Professional slackliners
manage to maintain a perpendicular alignment with the slackline, such that their frontal
shoulder joint can move in the frontal plane, while other participants also rotate around this
axis. When looking at the whiskers of the box plot, we see that the variation between trials
is much smaller for the professional group than for the two beginner groups. We found
8.7 ± 2.7 °/s compared to 12.2 ± 7.7 °/s and 11.2 ± 6.7 °/s, respectively. Values converge to
less than 10 °/s for successful trials.
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Figure 7.13: Normalized angular momentum around the three coordinate axis. An overview of all trials
is shown at the left, more detail in the middle and box plots for successful trials longer than
8 s at the right. Short trials show larger values, especially in the beginner group. For longer
trials minimization of normalized angular momentum around all three coordinate axis becomes
important. The professional group shows the smallest variation around the vertical axis..
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7.4.3 Slackline Interaction

The interaction force with the slackline is constantly changing and the stance foot is accelerated by
the spring-like rubber band. We compare the stance foot acceleration between the subject groups
and investigate how the subjects CoM is affected by this.

Stance Foot Acceleration

In Figure 7.14 the foot acceleration in sideways direction is shown at the top and in vertical direction
at the bottom. Acceleration in sideways direction is much larger than in vertical direction due to
the different masses that are accelerated. In up and down direction, the whole body weight needs
to be accelerated by the slackline force, while in sideways direction mainly the leg and feet are
accelerated. We elaborate more on this fact in the jump analysis in Chapter 11. For the sideways
direction we see a clear tendency towards lower values with longer time in balance. Professional
slackliners show smaller values when compared to the other groups. The stance foot of beginners is
highly accelerated, especially for shorter trials. This is consistent with findings on reduced muscle
reflexes by [91]. The shaking sideways leg motion that beginners experience on longer slacklines
reduces with training and experience.

In vertical direction we find a similar trend with time. Beginners experience high accelerations
during short and unsuccessful trials and acceleration is reduced for longer trials. In general, all
groups show similarly large variation between trials. The foot of beginners is accelerated between
0.35 m/s2 and 1.0 m/s2. The sportive group and the professional group show smaller mean values
between 0.2 m/s2 and 0.8 m/s suggesting better contact force control.

Center of Mass Acceleration

Figure 7.15 shows the CoM acceleration in the three directions following the coordinate system
shown in Figure 7.2. In all directions we see smaller values with larger times in balance. Beginner
show very high accelerations for short and unsuccessful trials. The walking direction will be more
relevant during the walking task. In sideways direction we see the same findings as for the stance
foot acceleration. Acceleration decreases with time and beginners show consistently higher values
than professionals. Correlation between the two metrics is high: r = 0.83 for beginners and sportive
beginners and r = 0.64 for professional slackliners. We suggest that professional slackliners are
able to accelerate their CoM more independently from their stance foot when compared to the
beginners.

In vertical direction, the professional group and the sportive beginners show similar and about
50 % lower values than the beginners group. Correlation is lower than for the sideways direction
(r = 0.6 for all groups). Beginners show high variation for shorter balance trials with values up to
0.8 m/s2, whereas the professional groups is consistent between 0.2 m/s2 and 0.4 m/s2. We suggest
that they are able to compensate the interaction force in their stance leg knee.
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Figure 7.14: Comparison of stance foot acceleration in vertical and sideways direction. An overview of all
trials is shown at the left, more detail in the middle and box plots for successful trials longer
than 8 s at the right.
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Figure 7.15: Comparison of Center of Mass acceleration. An overview of all trials is shown at the left, more
detail in the middle and box plots for successful trials longer than 8 s at the right.

93



7 The Slackline Study

Stance Leg Knee Angle Variation

Figure 7.16 shows the variation of knee angle. We see large values for short and unsuccessful
beginner trials. For successful trials we see an increase with time in balance. Here, the beginner
group shows less variation than the sportive and professional group. However, group mean
differences are less than 1° which is in the range of accuracy for joint angles derived from motion
capture data.
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Figure 7.16: Comparison of stance leg knee angle variation. An overview of all trials is shown at the left,
more detail in the middle and box plots for successful trials longer than 8 s at the right.

Static Stability

In the publication of preliminary results [133] we found reduced variation of CoM position in the
foot frame for professional slackliners. We were not able to generally confirm this observation with
the larger data set. This is in part due to a more thorough evaluation and the fact, that short trials
with less then 8 s in balance are now discarded. The standard deviation of sideways CoM position
in the foot is plotted in Figure 7.17. For unsuccessful beginner trials shorter than 8 s we find a high
variation, suggesting that they are not able to find a statically stable equilibrium. All participants
converge to a variation of less than 1 cm, which is in the range of measurement and reconstruction
accuracy.
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Figure 7.17: Comparison of CoM foot projection. An overview of all trials is shown at the left, more detail
in the middle and box plots for successful trials longer than 8 s at the right.

7.4.4 Summary

In Table 7.2 we listed all performance indicators for single leg balancing. For each group we list
the mean value, standard deviation and range that was observed. We evaluate if the groups are
significantly different using a ranked-sum-test [162] and compute the effect size using Cohen’s-d
[163]. The first column is color coded according to group differences.

Performance indicators in red showed differences between the three groups. These are the time in
balance and the mean posture. There is was a clear progression in balance time between the groups
and every group showed a different mean pose.

In yellow we find performance indicators that differed between professional slackliners and the
two beginner groups. These are the utilized range of motion, where professionals use their elbow
joints more and are able to balance in different shoulder configurations. They also maintain a
horizontal head position. Further, professionals reduce their normalized angular momentum around
the vertical axis allowing them to align their frontal shoulder and elbow joint in the frontal plane.

In green we marked all performance indicators where the balance-inexperienced beginners differ
from the two balance-experienced groups. We find reduced hand coordination and increased
CoM and vertical stance foot acceleration. They also show significantly larger normalized angular
momentum in the frontal plane, meaning that they perform faster and more recovery movements.
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7.5 Slackline Walking

7.5 Slackline Walking

7.5.1 Time and Overview

Figure 7.18 shows the time for all trials of slackline walking. We see that professional slackliners
are able to maintain balance as long as for standing (72 ± 27 s), whereas beginners (6 ± 3 s) and
sportive beginners (15 ± 8 s) only manage 1

3 of the time.2 Beginners only managed short balance
trials and as discussed for single leg balancing usually show high variation. For a meaningful and
consistent evaluation we, again focus on trials that are longer than 8 s.

Beginner Sportive Professional

d = -0.62
d = -1.81

d = -1.84
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125
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Time [s]

Figure 7.18: Box plot of time in balance for slackline walking for the three subject groups. Boxes contain
the inner 50 % of the data and the median is shown. Whiskers are maximum 1.5 times the inner
quartile range but end at the last data point which lays inside. Cohen’s-d is given for comparison
and all values plotted on top with the color following the time, as visualized in the color bar.

2The boxplot shows the median and inner quartile range.
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7.5.2 Movement and Strategy

Posture and Utilized Joints

Mean head orientation, elbow and shoulder angle in the frontal plane are plotted in Figure 7.19.
Overall the pose is very similar to single leg balancing as visualized in Figure 7.9. Except for one
subject, all professional slackliners maintain a horizontal head orientation.

All beginner subjects look down at the slackline. We suggest that they are insecure about the
slackline position and ensure correct foot placement. Sportive beginner subjects vary between
looking at the feet (−45°), at the end of the slackline (−25°) and horizontally (−5°). Professionals
are consistent in their posture, whereas the beginner groups are varying from trial to trial, especially
for unsuccessful and short trials. Professionals stretch their arms perpendicularly whereas beginners
have more aligned upper arms with larger elbow angle.

Figure 7.20 shows the utilized range of motion for shoulder and elbow joint in the frontal plane.
As for single leg balancing, professionals show larger movement in the elbow joint. We see no
difference in the shoulder joint when comparing all successful trials, however, for longer walking
trials professionals require less joint range then sportive beginners, suggesting that their walk is
more stable.

Movement Coordination

For walking we evaluate movement coordination by comparing the absolute hand velocities. Since
results for a 0.2 s and 1.0 s time window are similar, we only show the result for the 1.0 s window in
Figure 7.12. Again we see high variation for beginners and short trials and a decrease in coordination
for longer trials. For successful trials, we see increasing movement coordination between the groups.
When compared to single leg balancing, where the professional and sportive group had similar
values, we now find that professional slackline athletes show better coordination.
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Figure 7.19: Comparison of head orientation, frontal shoulder angle and elbow angle with respect to time in
balance and between groups. An overview of all trials is shown at the left, more detail in the
middle and box plots for successful trials longer than 8 s at the right.
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Figure 7.20: Comparison of utilized range of motion for frontal shoulder and elbow angle. An overview of
all trials is shown at the left, more detail in the middle and box plots for successful trials longer
than 8 s at the right. The professional group shows larger values for the elbow joints and groups
show similar values in the frontal shoulder joint.
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Figure 7.21: Comparison of movement coordination by means of rolling window correlation. An overview
of all trials is shown at the left, more detail in the middle and box plots for successful trials
longer than 8 s at the right.

Walking Speed and Energy Ratio

Figure 7.22 shows the walking speed at the left, the normalized kinetic energy in the middle and
the balance energy ratio at the right. We see that beginners attempt to walk faster (0.25 m/s) and
do not focus on balance. Their balance energy ratio is lower than for the sportive beginners and
professionals, but their normalized kinetic energy is about twice as large. Sportive beginners and
professional slackliners walk at similar speeds of 0.15 m/s. Sportive beginners need to perform
more balance related movement showing a larger energy ratio and larger normalized kinetic energy.
Overall professionals are more consistent than the two beginner groups.
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Figure 7.22: Comparison of walking speed, kinetic energy and balance energy ratio.
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Normalized Angular Momentum

In Figure 7.23 we plotted the normalized angular momentum around the three axes. Similar to
single leg balancing we see a decrease from the beginner group to the professional slackliners
in all three cases. The largest values are observed in the frontal plane, where all subjects need
to perform balance related movement. Beginners show also large values around the vertical
axis. No differences were found for the sagital plane in single leg balancing. For walking this
direction becomes important and we see, that beginners tilt forward and backward at a rate of 14 °/s.
Professionals maintain an upright posture and show about 8 °/s of normalized angular momentum.
Rotation around the vertical axis was a key factor in single leg balancing and is equally important for
slackline walking. On average, beginners rotate at 26 °/s and sportive beginners at 21 °/s, whereas
professionals maintain a posture where the arms are perpendicular to the slackline and rotate only
at 15 °/s.

Center of Mass Acceleration

The CoM acceleration in all three directions is shown in Figure 7.24. Similar to single leg balancing,
we see a reduction in all directions when comparing the groups, however values are generally larger.
Sideways and vertical direction show the largest difference between the professional and beginner
group.

7.5.3 Summary

In Table 7.3 we listed all performance indicators for single leg balancing. For each group we list
the mean value, standard deviation and range that was observed. We evaluate if the groups are
significantly different using a ranked-sum-test [162] and compute the effect size using Cohen’s-d
[163]. The first column is color coded according to group differences. Performance indicators in red
show differences between the three groups. We see that, unlike single leg balancing, where groups
often showed similar behavior, walking exhibits more distinct differences. This can be explained by
the task being more difficult and the fact that groups differed much more in their performance. All
professional slackliners could easily walk on the slackline, most sportive beginners managed by the
end of their recording session and barely any beginner trial was above the 8 s time limit. We see differ-
ences between all three groups for time, head orientation, movement coordination and kinetic energy.

We found a clear progression between groups for normalized angular momentum and CoM
acceleration. In yellow, we show all performance indicators where the professional group differs
from the two beginner groups and beginner groups show no difference between them. They are both
related to the elbow joint. Professional slackliners use a different elbow angle and perform more
movement. In green, we show all performance indicators where the beginner group differs from the
balance-experienced groups, but no difference is found between the sportive and the professional
group. For the Energy ratio we found that beginners walk faster than the other groups and use
comparably less movement energy to balance. Further, beginners are not able to compensate
the sideways acceleration of the slackline as well as the other groups leading to a larger CoM
acceleration.
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Figure 7.23: Normalized angular momentum around the three coordinate axis. An overview of all trials
is shown at the left, more detail in the middle and box plots for successful trials longer than
8 s at the right. Short trials show larger values, especially in the beginner group. For longer
trials minimization of normalized angular momentum around all three coordinate axis becomes
important. The professional group shows the smallest variation between trials.
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Figure 7.24: Comparison of Center of Mass acceleration. An overview of all trials is shown at the left, more
detail in the middle and box plots for successful trials longer than 8 s at the right.
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7 The Slackline Study

7.6 Comparison Between Stable and Unstable Balancing

In this section we compare stable balancing, as analyzed in the sections above, to unstable balancing,
shortly before the subject fell off the slackline. We define the stable part from 2 s after getting up
until 2 s before loosing contact with the slackline, as before. The unstable part of the movement
is during the last 2 s. We computed all performance indicators for the two parts for single leg
balancing and walking. For the short, unstable movements we expect higher variations between
trials than for the stable, longer movement trajectories. We did not find any differences for posture,
hand coordination, the energy ratio during walking and sideways stance foot acceleration during
single leg balancing. Further findings are discussed in more detail.

Center of Mass Acceleration

For CoM acceleration we plotted the results in Figure 7.25. Single leg balancing is shown in the
left two columns and walking in the right two columns. We find larger values when comparing
stable to unstable balancing for both beginner groups in all three directions and for both tasks. As
derived earlier, they are not able to control and minimize their CoM acceleration. We see that the
acceleration when falling after single leg balancing is similar or lower than the acceleration during
stable walking. The professional group only shows increased values in the vertical direction for
walking.

Normalized Angular Momentum

We did not find differences in normalized angular momentum during single leg balancing. Also we
found no differences in the frontal plane during walking. Results for the sagital plane are plotted at
the left and around the vertical axis at the right in Figure 7.26. Similar to the CoM acceleration, the
professional group shows small mean values during the stable and unstable part and only a larger
variance. We found larger values for the two beginner groups when being unstable. This support
the finding that the professional group is able to focus the balance movement in the frontal plane
even shortly before falling. They do not lean forward or rotate around the vertical axis.

Static Balance and Stance Foot Acceleration

The variance of CoM position in the stance foot frame in sideways direction is plotted on the left of
Figure 7.27. We see comparably small and similar values for all groups during stable single leg
balance, however a larger variance is observed before falling for the two beginner groups. They lose
static balance and their CoM projection moves away from the support polygon. In the right two
columns we plotted the vertical foot acceleration. We find larger values for all groups, which is
consistent with the increased values of vertical CoM acceleration that we found previously.
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7.6 Comparison Between Stable and Unstable Balancing
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Figure 7.25: Center of Mass Acceleration for stable and unstable balancing. Stable balancing is shown in
the first and third column, unstable balancing in the second and last column. The beginner and
sportive group show increased values in all directions before falling. Professional Slackliners
only show increased values in the vertical direction for walking.
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7 The Slackline Study
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Figure 7.26: Group comparison of normalized angular momentum for stable and unstable walking.
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Figure 7.27: Center of Mass projection and stance foot acceleration for stable and unstable single leg
slackline balancing.

Summary

By comparing the stable to the unstable part of slackline balancing we were able to confirm the
findings that CoM acceleration can be used as a measure of how stable and balanced a subject on the
slackline is. We also found that beginners show larger values of angular momentum shortly before
falling than the professional group, suggesting that they still try to somehow maintain balance,
while the professional group realized that they will fall and do not increase angular momentum.
This results in increased stance foot acceleration and loss of static balance.
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7.7 Discussion

7.7 Discussion

The static balance test was shown to be suitable to divide participants according to their balance
expertise. Especially the single leg scenario with eyes closed allowed us to distinguish two groups
based on whether the subject managed to maintain balance for 30 s. We found strong correlation
between the time in balance with eyes closed and the time that a subject was able to balance on the
slackline. The balance-experienced beginners group managed to maintain balance on the slackline
about three times longer than the balance-inexperienced group.

Regarding performance indicators, we found reduced average angular velocity in all three
directions and reduced CoM acceleration in sideways and vertical direction as suitable measures for
how well a subject has mastered single leg slackline balancing and slackline walking. Reduced
rotation around the vertical axis allows professional slackliners to maintain an upright posture and
focus their movement on the frontal plane, whereas beginners and sportive beginners show larger
movement in all three directions. Differences in pose strategy were found between the professional
group and the beginners group. Professional slackline athletes perform most of the balance related
movement in the elbow joint and maintain a perpendicular arm configuration.

We also found that, the professional group shows a 50 % larger utilized range of motion in the
shoulder and elbow. We conclude that they are more versatile in performing balance movements
and can maintain balance in a larger set of postures. Beginners are stable only in some postures, but
fall in others, where professionals are still able to balance. We found adjusted stance leg compliance
for the professional and sportive group. They show similar variation in vertical foot acceleration as
the beginner group, but reduced vertical CoM acceleration.

In Chapter 1 we discussed proprioception, the vestibular system and visual feedback as key
components that allow humans to balance. The balance test with eyes closed has been used in
the literature to investigate lack of proprioception [20]. We suggest, that the sportive beginners
group does have better proprioception than the balance-inexperienced beginners. Findings for
hand coordination support this claim. Maintaining an upright head position with respect to gravity
is crucial for the vestibular system to function properly [174]. Indeed, the professional group
consistently maintains a horizontal head orientation. This can also be linked to visual feedback. We
assume that their gaze is fixed to a point, as it was shown by Schärli et al. [126], whereas, especially
during walking, beginners need to confirm their foot placement. When comparing stable to unstable
balancing we were able to confirm that CoM acceleration can be used as a measure of how stable a
subject’s balances on the slackline is.
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8 Static and Dynamic Balance in Schizophrenia Patients

In this chapter we analyze balance data from persons with schizophrenia and compare them to a
healthy control group. The data recording was part of the "Schizophrenia and the Moving Body"
project by Lily Martin [7].

A total of 20 subjects with schizophrenia referred to as the "Experimental Group" and 27 control
subjects participated in the study. All participants were recruited by Lily Martin who also assessed
demographic, psychiatric and movement data. At the motion capture lab of HCMR Lily Martin was
assisted by the author of this thesis and other lab employees.

We recorded the following tasks: regular walking, a static balance test, tandem walking with
eyes open and eyes closed and a star jump. In context of this thesis, static and dynamic balance
capabilities were evaluated based on the recordings of the static balance test and the tandem walk.

  

The experimental group 
consists of persons with 
schizophrenia and is 
compared to a healthy control 
group. We analyze balance 
during static standing and 
apply balance indicators from 
slackline balancing to the 
tandem walk task. 

Experimental

N = 20
Control
N = 27

Impaired Balance?

Schizophrenia Study
Static Balance Test: 
We evaluate the static 
balance capabilities during 
parallel, single leg and 
tandem stance based on 
movement and force plate 
data.

Tandem Walking: 
We apply the balance 
indicators that were found for 
slackline walking to the tandem 
walking to investigate the 
hypothesis that dynamic 
balance of the experimental 
group is impaired.

Figure 8.1: Overview of the Balance Study in the "Schizophrenia and the Moving Body" project
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8 Static and Dynamic Balance in Schizophrenia Patients

Participant Overview

Table 8.1 shows an overview of the demographic and clinical characteristics. Subject groups match
for age, sex and height. For weight, the experimental group on average weighs 14.6 kg more (p
= 0.007) resulting in a 5.6 kg/m2 higher BMI (p < 0.0001). Only the Experimental group takes
medication which is given in OPZ [175, 176].

Schizophrenia (n = 20) Healthy Control (n = 27)

Characteristics Median Range Median Range

Age [a] 36.2 [19, 59] 39.0 [20, 59]

Sex [F/M] 14 / 6 18/9

Height [cm] 178.3 [156.0, 196.6] 179.0 [165.0, 194.5]

Mass [kg]* 91.9 [60.9, 124.7] 77.5 [54.6, 122.1]

BMI [kg/m2] ** 29.3 [23.2, 36.2] 23.7 [19.5, 35.3]

Medication [OPZ] 17.0 [5.0, 32.3]

Table 8.1: Demographic and clinical characteristics of all participants. Groups match for age and height, but
are significantly different for mass and BMI. * (p < 0.01) and ** (p < 0.0001)

8.1 Motion Capture Protocol

In the following we summarize the motion capture protocol. The motion assessment can be divided
into five parts: the preparation of the subject, regular walking, the static balance test, tandem
walking and the star jump.

Subject Preparation

After obtaining written consent, all subjects were prepared with the Gait IOR marker set [128]
described in Section 3.1.1. Unlike to the slackline study no additional markers were placed. The
height and weight of the participant was measured and a static trial recorded. Afterwards the static
markers were removed.

Regular Walking

Subjects were asked to walk back and forth in their most comfortable speed in a marked corridor of
10 × 0.5 m. After 2 min, it was assumed that the subject had adjusted to the situation and gait was
regular. Then, 8 sequences of walking through the capture volume were recorded. Afterwards,
subjects were asked to count down from 100 (dual task) and another 8 sequences were recorded.
Evaluation of these recordings are not subject of this thesis.

Balance Test

The balance test was instructed and recorded following the protocol in Section 6.1.
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8.2 Static Stability Evaluation

Tandem Walking

Subjects were asked to perform a tandem walk of ≈ 2 m. Tape marks were used to indicate a
straight line. Afterwards, subjects turned around and performed the same walk, but with eyes closed,
without indications for direction.

Star Jump

Subjects were asked to stand on the force plates and perform a star jump, starting in neutral position
with arms aligned and feet closed. After a short demonstration of the task eight to ten repetitions
were recorded.

8.2 Static Stability Evaluation

Analysis of the static balance test was divided into evaluation by means of success rate and time in
balance and CoP sway analysis. We analyzed the CoP parameters introduced in Chapter 6: sway
distance (RDIST), sway velocity (MVEL), sway frequency (MFREQ) and the RATIO between the
AP and ML RDIST. We used a Wilcoxon Rank-Sum Test [162] to compare between the two groups,
a Wilcoxon signed-rank test to compare the change between the eyes open and eyes closed condition
and mixed model ANOVAs to quantify interaction effects. Effect sizes are quantified percentually
and by means of Cohen’s d [163]. As introduced in Chapter 2 we aimed to answer the following
hypotheses with regards to static balance:

• Static Balance Analysis: We hypothesize that the experimental group shows impaired static
balance capabilities and performs worse than the control group by means of success rate and
time in balance.

• Center of Pressure Sway Analysis: We expect to find differences in CoP sway parameters
even when comparing successful trials during static balance.

• Eyes Open and Closed Condition: We expect that removing visual perception has a larger
effect on the experimental group.

8.2.1 Success Rate and Time in Balance

Table 8.2 shows an overview of all tasks and the percentage of participants that were able to balance
the full 30 s. We combined results of the different leg configurations for single leg and tandem stance
trials. For healthy patients literature shows no difference between dominant and non-dominant leg
[82, 177]. This is why we did not further analyze if this is indeed the case for the experimental
group. As expected, the regular parallel stance was fulfilled successfully by all subjects. During all
other scenarios, the control group had a significantly higher success rate: 89 % compared to 55 %
for single leg balancing with eyes open (p ≤ 0.001, d = 0.83), 26 % compared to 8 % for single
leg balancing with eyes closed (p = 0.02, d = 0.49), 96 % compared to 73 % for tandem stance
balancing with eyes open (p ≤ 0.001, d = 0.73) and 74 % compared to 48 % for tandem stance
balancing with eyes closed (p ≤ 0.001, d = 0.56).
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8 Static and Dynamic Balance in Schizophrenia Patients

Findings show that standing on one leg was more difficult than the tandem stance, as was already
observed in the slackline study in Chapter 7. Results are summarized in Table 8.3 and plotted in
Figure 8.2.

Success Rate [%] Eyes Open Eyes Closed Color Coding

Task \ Group Experimental Control Experimental Control Percent [%]

Both Feet Parallel 100 100 100 100 ≥ 75

Single Leg 55 89 8 26 ≥ 50

Tandem Stance 73 96 48 74 ≥ 25

Overall Average 65 94 28 50 < 25

Table 8.2: Balance test success rate for Experimental and Control for all balance test scenarios. A trial was
counted as successful when the subject managed to balance the full 30 s. Cell entries are color
coded by quartile.
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Figure 8.2: Direct comparison of the two groups and the eyes open and eyes closed situation for single leg
and tandem stance balancing by means of success rate. We plotted the group mean, the 95 %
confidence interval and the trend between the two conditions as straight line. The experimental
group is shown in yellow, the control group in green. p-values were calculated using theWilcoxon
Rank-Sum Test and show that the groups differ significantly in all conditions.
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8.2 Static Stability Evaluation

Since the success rate is not able to differentiate between early falling and almost successful trials,
we evaluated the time the subjects were able to maintain balance. Figure 8.3 shows the distribution
for the two scenarios at the top and the group comparison at the bottom. We see that the control
group shows a longer time in balance for all scenarios and that the majority of trials are close to
30 s, except for single leg standing with eyes closed. On average, healthy subjects managed to
balance ≈ 7 s longer for single leg stance, both with eyes open (p < 0.0001, d = 0.89) and eyes
closed (p < 0.001, d = 0.71). Further, they balanced ≈ 4 s longer for tandem stance with eyes open
(p < 0.01, d = 0.62) and ≈ 6 s longer for tandem stance with eyes closed (p < 0.01, d = 0.59).
Details are given in Table 8.3.
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Figure 8.3: We plotted the time that the subject managed to maintain balance. Top Row: Violin Plot showing
the distribution of all participants and scenarios. Bottom Row: Direct comparison of the two
groups and scenarios. We plotted the group mean, the 95 % confidence interval and the trend
between the two conditions as straight line. The experimental group is shown in yellow, the
control group in green. P-values were calculated using the Wilcoxon Rank-Sum Test.
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8.2 Static Stability Evaluation

8.2.2 Center of Pressure Sway Analysis

The CoP trajectory of the force plate data was recorded at a rate of 900 Hz and filtered using a 5th
order Butterworth low-pass filter with cut-off frequency of 9 Hz [178]. To avoid any bias from
stepping on and off the force plate, all trials were cut to 20 s by removing the first and last 5 s. For
parallel stance, all trials were evaluated. Due to technical malfunction, we were only able to collect
force plate data from 19 of 20 participants of the experimental group.

For standing on one leg and tandem stance, only successful trials, where the subject did not fall
or move the stance foot were taken into account. Falling results in a large change in CoP position
and stepping off the force plate leads to gaps in the trajectory, both biasing the result and therefore
not leading to further insight. We combined the trials of the two single leg and tandem stance
configurations. For the experimental group we evaluated 27 trials of single leg stance with eyes
open and 27 trials of tandem stance with eyes open. For the control group we evaluated 50 and 52
trials respectively. The number of trials was not sufficient for the two eyes-closed conditions. Only
3 trials for single leg stance and 16 trials of tandem stance were successful, which is less then 50 %
of participants. Hence, we evaluate parallel stance with eyes open and closed and the single leg and
tandem stance with eyes open.

We computed the balance metrics proposed and discussed in Chapter 6: RDIST, MVEL, MFREQ
and the RATIO between the AP and ML RDIST. As derived in Section 6.3 and suggested by Chiari
er al. [159], distance metrics were normalized by subject height.
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8 Static and Dynamic Balance in Schizophrenia Patients

Sway Distance and Ratio

Figure 8.4 shows boxplots of the RDIST in both directions and the RATIO for the four scenarios.
Group differences are indicated. Findings for AP direction and the ratio are not consistent across the
scenarios. TheML direction shows large discrimination between the two groups in all four scenarios.
The experimental group consistently shows ≈ 30 % larger sway (p < 0.01, d > 0.77). As expected,
sway values are generally smaller for parallel stance, since subjects can actively use both feet to
control this direction. Differences in AP direction are only found for single leg balancing (p = 0.04,
d = 0.57). Subject groups differ in sway ratio during parallel stance. This is a consequence of the
increased sway for the experimental group in ML direction. Table 8.4 summarizes all findings.
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8.2 Static Stability Evaluation

Mean Velocity and Mean Frequency

Figure 8.5 shows the evaluation of MVEL and MFREQ. There is a clear increase between parallel
stance and the more difficult single leg balancing and tandem stance. Differences between the
groups are found for the AP velocity during eyes open parallel stance (30 %, p = 0.01, d = 0.78)
and in the ML mean frequency during eyes closed parallel stance (21 %, p = 0.01, d = −0.64),
single leg balancing (19 %, p = 0.02, d = −0.6) and tandem stance (25 %, p ≤ 0.01, d = −0.69).
The difference in frequency is a consequence of larger sway in ML direction since it is defined as
the fraction between velocity and sway. Exact values are given in Table 8.5.
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8 Static and Dynamic Balance in Schizophrenia Patients

8.2.3 Difference Between Eyes Open and Eyes Closed Condition

We want to answer the hypothesis that closing the eyes has a stronger effect on the balance
performance of the experimental group. We can evaluate success rate and time in balance for single
leg and tandem stance and CoP data for the parallel stance. When comparing the results of the
visual evaluation, all subjects performed significantly worse with their eyes closed. Success rate and
time in balance relatively dropped by more than 50 % (p < 0.0001) for single leg balancing and ≈
20 % for tandem stance balancing (p = 0.005). We find slightly larger changes for the experimental
group in all cases except the absolute change for single leg balancing.

Looking at the CoP parameters, we find no change in sway distance (< 10 % p � 0.05), but
significant increase in velocity (≈ 35 % p < 0.001) for both groups. Consequently the sway
frequency increases (≈ 20 % p = 0.05). Changes are larger in the control group. Table 8.7 shows
the relative and absolute change of all analyzed variables. Computing a two-way mixed model
ANOVA [172] did not show any interaction effect between the groups and eye condition for any
variable.

Variable Single Leg Tandem Stance

Success Rate [%] Absolute Relative [%] p-val1 Absolute Relative [%] p-val1

Experimental -48 -86 <0.0001 -25 -34 0.005

Control -63 -71 <0.0001 -22 -23 0.002

Time in Balance [s]

Experimental -14.9 -68 <0.0001 -7.0 -27 <0.0001

Control -14.9 -52 <0.0001 -4.6 -16 0.002

Table 8.6: Effect of change in eye condition for single leg and tandem stance. Evaluation of change in
success rate and time in balance. 1Wilcoxon signed-rank test.

Variable Medial - Lateral Anterior - Posterior

RDIST [cm] Absolute Relative [%] p-val1 Absolute Relative [%] p-val1

Experimental 0.30 7 0.46 0.19 5 0.73

Control 0.27 8 0.41 0.13 4 0.58

MVEL [cm/s]

Experimental 2.15 28 0.0004 2.23 32 <0.0001

Control 2.59 38 0.0001 2.54 46 <0.0001

MFREQ [Hz]

Experimental 0.06 16 0.02 0.08 18 0.05

Control 0.11 25 <0.0001 0.11 30 0.0007

Table 8.7: Effect of change in eye condition on CoP parameters during parallel stance. 1Wilcoxon signed-rank
test.
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8.2 Static Stability Evaluation

8.2.4 Summary of Static Balance Analysis

We revisit the three hypotheses from the beginning of the section.

Static Balancing

We can confirm the hypothesis that the experimental group is not able to maintain balance as well
as the control group for single leg balancing and tandem stance, both with eyes open and with eyes
closed. A significantly larger fraction failed to achieve 30 s in balance and mean time in balance
was significantly lower.

CoP Sway Analysis

Findings of CoP sway analysis can be condensed into sway distance and velocity. The ratio
and frequency metrics can be derived from them. We showed significantly higher ML CoP
(sideways) sway in all four tasks and larger AP CoP sway during single leg stance for the ex-
perimental group. Sway velocity was increased in AP direction during parallel stance with eyes open.

Accordingly, CoP mean frequency is significantly larger in ML direction for the healthy control
group during parallel stance with eyes closed, single leg stance and tandem stance. We suspect, that
reduced CoP control in ML direction by means of larger RDIST and lower MFREQ is a reason for
the lower success rate in single leg and tandem stance. Findings in AP direction are not consistent
between the tasks. The ratio between sway distances is different for both parallel stance tasks.

Effect of Eyes Closed Condition and Visual Perception

Both groups are affected similarly by the eyes closing condition and show decrease in success rate
and time in balance. CoP parameters show a similar change in all participants. Sway distance does
not depend on eye condition, however sway velocity and the sway frequency increase when the eyes
are closed. We can not confirm the hypothesis that the experimental group is influenced differently
by removal of visual perception since changes are similar for all participants and a mixed-model
ANOVA did not show any significant interaction between groups and the eyes open and closed
condition.
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8 Static and Dynamic Balance in Schizophrenia Patients

8.3 Performance Indicators for Tandem Walking

For evaluation of tandem walking, we adopted many of the performance indicators defined for
slackline walking and define further measures that can only be evaluated for flat ground walking.

Center of Mass Dynamics

We can compute the CoM position, velocity and acceleration based on Equation 7.3. We evaluate:

• Standard deviation of CoM acceleration
We analyze the three directions indicated in Figure 8.7 separately. Smaller variation values
in horizontal directions, represent a smoother walking motion. Larger values in walking
direction indicate slowing down, stopping and accelerating again. In the sideways direction,
the variation indicates how well the subject was able to follow the straight line. Overall we
claim that smaller values resemble better balance control. One example is shown in Figure
8.6 where we compare smooth walking at the left to interrupted walking at the right. The
performance indicator for interrupted walking is about four times larger as the one for smooth
walking.

• Mean of CoM velocity
We expect subjects to adapt the walking velocity to their balance. Unstable subjects are
expected to slow down and focus on the task, rather than walking at a high velocity and failing
the task.

• Walking angle
Subjects are supposed to walk on a straight line. This is rather easy with eyes open but
significantly harder with eyes closed. We compute the angle α that the subject deviated from
a straight line from the lateral displacement of the CoM position (∆x,∆y) at the start and end
of the walk.

α = tan−1
(
∆y

∆x

)
(8.1)

Good proprioception and better balance should enable the subject to follow a straight path
accurately, even with eyes closed.
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8.3 Performance Indicators for Tandem Walking
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Figure 8.6: Comparison of CoM acceleration during two tandem walks. Smooth walking is shown at the
left, interrupted walking at the right. In both cases the standard deviation is indicated in orange.
A larger value is found for interrupted walking.

Figure 8.7: Illustration of CoMmovement (orange) and normalized angular momentum (blue) in the different
directions. The same reasoning holds for many other performance indicators.
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Angular Momentum and Normalized Angular Momentum

The total angular momentum of a rigid body system about it’s CoM is computed by Equation
7.6 and normalized by the subject inertia as in Equation 7.7. In terms of balance performance
indicators, the normalized angular momentum tells us how fast the subject is rotating around the
specific axis. For stable balancing, the angular momentum is zero, and therefore we can use the
standard deviation to quantify how much rotational movement is present during a given motion.
Variations in angular momentum in the frontal plane and around the vertical axis are a measure
for active recovery movement to maintain balance. We can analyze the three different directions
separately, as it is visualized in Figure 8.7:

• Frontal Plane (Vertical plane, perpendicular to the walking direction):
We expect the main balancing movement in this plane, as it is the main instability introduced
by the tandem walk.

• Sagital Plane (Vertical Plane along the walking direction):
We assume that experienced subjects are able to maintain an upright position and do not lean
back and forth in the sagital plane.

• Coronal Plane (Around the vertical axis):
Similar to the sagital plane, we expect experts to maintain an upper body orientation
perpendicular to the walking direction such that the arms are aligned with the frontal plane.

Zero Moment Point

The ZMP is a measure for dynamic stability and mainly applied in robotic gait stabilization [29, 30].
If it the ZMP is inside or at the edge of the support polygon it coincides with the CoP. Similar
to the CoM ground projection in static balance, the ZMP is maintained close to the center of the
support polygon to ensure dynamic stability in robotic walking. For a rigid multi-body system we
can compute the ZMP as derived by Sardain and Bessonnet [179]:

px =
mgcx − ÛLy

m(g + Ücz)
(8.2)

py =
mgcy − ÛLx

m(g + Ücz)
(8.3)

where g is the gravity and ÛL the change of angular momentum. We can compute the standard
deviation of the ZMP location as a measure of stability. To obtain a meaningful result, we removed
the linear trend due to walking from the data to obtain the local ZMP position in the moving frame.

Balance Energy Ratio

The balance energy ratio evaluates how much kinetic energy comes from balance related movement.
We assume that all rotational movement is performed to maintain balance and all directed movement
is from the tandem walk task. A larger balance energy ratio parameter represents more recovery
movement and less stability. The equations and derivation can be found in Section 7.3.
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8.3 Performance Indicators for Tandem Walking

Hand Coordination

We compute the hand coordination as described in Section 7.3. We expect controlled and well
coordinated hand movement as a sign of good balance control.

Mean Shoulder Pose

When confronted with a balancing task, one of the first reactions by subjects is to spread the arms
out sideways to increase the moment of inertia [153]. Mechanically, this decreases the rotational
velocity when falling and increases the time the subject has to react. In context of the tandem walk
it gives us insight on whether the subjects see the task as a balance task that requires additional
stability, or more as regular walking. In the latter the arms would stay aligned to the upper body.

Utilized Range of Motion - Variation of Joint Angle

Similar to slackline balancing, we use this performance indicator to analyze which joints are involved
in maintaining balance.

Step Accuracy

We record the position of foot placement during the tandem walk. We define the sideways (y-
direction) step accuracy σy as the standard deviation of all foot placement position p f oot in the
lateral direction.

σy = std(p f oot
x ) (8.4)

If the feet are placed on a straight line, this value should be small. As there are indications where
to step, this performance indicator only becomes relevant in the eyes closed scenario. In walking
direction, the tandem walk requires the toes and heel to be in contact. We compute the distance
between steps dstep using

dstep =
d

nsteps
− lf oot (8.5)

where lf oot is the foot segment length, nsteps the number of steps and d the distance walked during
the tandem walk. This parameter should be ≈ 0 if the tandem walk was performed correctly and
larger if there is a significant gap between steps.

Recovery Steps

This performance indicator counts the number of additional steps that the subject takes during the
task. As we intend to evaluate 8 correct steps, every additional step is taken to maintain balance and
therefore a recovery movement. A larger number of recovery steps can be associated with worse
balance.
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8.4 Dynamic Stability Analysis

Motion capture recordings were cut to start and end time of the tandem walk. The start time is
after the first step was taken, when the subject has assumed a tandem stance pose. We want to
analyze only steps during the tandem walk and avoid bias from an arbitrary starting position. The
end time is when the subject had managed 8 successful steps. Any additional sideways steps that
were taken to maintain balance are included into the recording. Afterwards, the subject specific
model as described in Chapter 4 was fitted using the algorithm described in Chapter 5. We compute
the metrics proposed above based on the resulting kinematics to discuss the following hypothesis:

• Quality of Task Execution: We expect that the experimental group is not able to fulfill the
task as well as the control group.

• Dynamic Balance Capabilities: We hypothesize that the experimental group shows lack of
balance control and stability when applying the balance metrics.

• Strategy Adaptation: We expect to find lack of adaptability in schizophrenia patients when
comparing the tandem walk with eyes closed to the one with eyes open.

8.4.1 Quality of Task Execution

To evaluate the quality of task execution, we analyzed if participants managed to do the task without
recovery steps and compute the step accuracy and the distance between steps.

Successful Tandem Walk

All control group participants and 90 % of the experimental group managed to do 8 steps of the
tandem walk without loosing balance and needing a recovery step. For the eyes closed situation the
numbers drop to 70 % and 25 %, respectively.

Recovery Steps

In the left top plot of Figure 8.8 the average number of recovery steps per group is shown. The
control group did not take any additional step with eyes open. Two out of 20 participants from the
experimental group did take one additional step (p = 0.1, d = 0.5). Both groups needed to take
additional steps with eyes closed. On average the control group took 0.7 steps and the experimental
group 1.3 steps (p = 0.02, d = 0.7). Differences are not significant with eyes open, however more
data should be considered for further analysis.

Distance between Steps

The top right plot shows the average distance between consecutive steps. We did not find differences
between groups, however all subjects seemed to neglect the instructions to place the feet in contact
when performing the tandem walk with eyes closed. With eyes open the distance is ≈ 1 cm which is
in the order of model accuracy. With eyes closed, however, there is an average distance of ≈ 7 cm
for both groups.
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8.4 Dynamic Stability Analysis

Step Accuracy

The bottom left plot shows the step accuracy in sideways direction. A larger value for step accuracy
represents less consistent foot placement. We find similar values with eyes open, as it was expected
since there had been visual guidance for foot placement during the task. With eyes closed, the
experimental group shows significantly higher values and more inaccurate step placement (p = 0.02,
d = 0.84). The bottom right plot shows the distribution of step accuracy plotted against the number
of additional steps and the eyes open/closed condition for all participants and trials. They are
uncorrelated for the eyes open condition (r = 0.15) [180].

We see a general trend towards less accurate stepping when subjects took three or more recovery
steps during the eyes closed condition. However, for subjects that took 2 or less steps, the step
accuracy is not correlated to the number of additional steps (r = 0.14). In fact, the largest value for
step accuracy was observed for a subject, that did not take recovery steps.

All findings concerning the quality of task execution are summarized in Table 8.8 and differences
between groups highlighted. No differences were found for the tandem walk with eyes open and for
step distance in general. With eyes closed, the success rate, the number of recovery steps and the
step accuracy are different, all suggesting that the experimental group was not able to fulfill the
tandem walk as well as the control group with eyes closed.

Eyes Open Eyes Closed

Task Experimental Control Experimental Control

N 20 27 20 27

Success Rate [%] 90 100 25 70

Recovery Steps 0.1 (0.3) 0.0 (0.0) 1.35 (1.1) 0.66 (1.1)

Step Distance [cm] 1.6 (1.4) 1.0 (0.8) 7.7 (1.8) 7.3 (1.6)

Step Accuracy [cm] 0.83 (0.45) 0.65 (0.24) 3.9 (2.4) 2.3 (1.1)

Table 8.8: Group comparison for tandem walk quality by means of success rate, additional recovery steps,
distance between steps and step accuracy. Significant differences (p < 0.05) are highlighted.
Explanatory bar and box plots can be found in Figure 8.8.
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Figure 8.8: Top Left: Additional steps during the tandem walk. Group means are shown as bar height and
the 95 % confidence interval is shown as vertical line. Top Right: Distance between consecutive
steps of the tandem walk. Participants take larger steps with eyes closed. Bottom Left: Accuracy
of sideways Foot Placement in cm in as box plot. Steps become less accurate with eyes closed.
Bottom Right: Step accuracy plotted against the number of additional steps. Correlation between
the metrics is not given for 2 or less additional steps.
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8.4.2 Dynamic Balance Capabilities

In this section we compute the CoM dynamics and look at the average angular velocity as these
metrics were able to quantify balance capabilities for slackline walking in Chapter 7. Further we
evaluate the ZMP position and compare the shoulder and pelvis movement as a measure for posture
control in more detail.

Center of Mass Acceleration

As suggested in Section 8.3, we associate smoother and more stable walking with lower variation in
the CoM acceleration. Figure 8.9 shows box plots for the two tandem walk scenarios. The walking
direction is shown at the left, the sideways direction in themiddle and the vertical direction at the right.

We find no differences in walking direction, however, the experimental group shows 31 % and
22 % larger sideways acceleration with eyes open and closed (p < 0.01, d = 0.87 and p = 0.04,
d = 0.6). They are effected more by the instability introduced by the tandem walk and show larger
changes in their sideways CoM velocity. Similar differences are found for the vertical direction
(+27 %, p = 0.02, d = 0.82 and p < 0.01, d = 0.60).
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Figure 8.9: Standard deviation of CoM acceleration in walking, sideways and vertical direction during
tandem walking.
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Zero Moment Point

Figure 8.10 shows the standard deviation of the ZMP position in walking and sideways direction.
The experimental group shows larger values in both directions and for both scenarios. Differences
are significant in the sideways direction with eyes open (≈ 18 % p = 0.01, d = 0.81) and especially
with eyes closed (≈ 48 % p < 0.01 d = 1.02).
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Figure 8.10: Standard deviation of ZMP position for tandem walking.

Normalized Angular Momentum

The normalized angular momentum summarizes all rotational movement. This includes arm
movement as well as rotation and tilting of the upper body. The instability is mainly in the frontal
plane and we found that, for example, slackline athletes show most movement in this plane to
balance but manage to not tilt with their upper body. All other planes should not be affected if the
subject is well balanced and performs the correct and task-specific recovering arm movements.

Figure 8.11 shows the standard deviation of normalized angular momentum for the tandem walk.
No difference is seen in the sagital plane (along the walking direction). For the eyes open tandem
walk the experimental group shows a 31 % larger value in the frontal plane (p < 0.001, d = 1.23)
and 19 % larger value around the vertical axis (p = 0.02, d = 0.73). This suggests that there is
already a lot of recovery movement during the eyes open task.

With eyes closed the control group also shows larger values in the frontal plane, but they reduce
the angular velocity around the vertical axis while the experimental group remains at the same
value. Groups are now similar in the frontal plane, but differ by 31 % (p < 0.01, d = 0.83) around
the vertical axis, suggesting that the control group performs task-specific movement whereas the
experimental group does not manage to maintain an aligned posture.
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Figure 8.11: Standard deviation of normalized angular momentum in the frontal and sagital plane and around
the vertical axis.

Movement Parameters

To quantify the source of angular momentum, we look at the shoulder joints that are actively used to
maintain balance and the resulting passive pelvis movement. Figure 8.12 shows the utilized range
of motion in degrees of the shoulder joint in the frontal and sagital plane and the ratio between the
two directions.

We see that the experimental group moved about twice as much in the frontal and sagital plane
with eyes open compared to the control group (p < 0.05, d = 0.9 / p = 0.014, d = 0.98). With eyes
closed both groups used their shoulder joints to maintain balance, however, the experimental group
moves the shoulders equally in both directions, whereas the control group performs a greater portion
of the movement in the frontal plane. The ratios are significantly different (p = 0.01, d = 0.83).
The resulting stability of the balance task can be evaluated by the amount of passive rotational
movement of the pelvis.

Figure 8.13 shows the standard deviation of pelvis orientation in the frontal plane and around
the vertical axis. The control group shows significantly less rotational pelvis movement and better
orientation control with eyes open. They tilt 50 % (p < 0.01, d = 0.99) less in the frontal plane and
rotate 50 % less around the vertical axis (p < 0.01, d = 1.04). Groups show similar tilt values with
eyes closed in the frontal plane. Around the vertical axis, the experimental group maintains the
same rotational velocity while the control group decreases.

Effect of Eyes Open and Closed Condition

We computed mixed model ANOVAs to investigate if the experimental group shows a stronger
change in balance parameters then the control group. We analyzed the number of recovery steps,
step accuracy, step distance, CoM acceleration, normalized angular momentum and ZMP sway.
Significant interaction effects were found for step accuracy (F = 7.3, p = 0.01, η2 = 0.14) and
sideways ZMP sway (F = 8.0, p = 0.007, η2 = 0.15). Subject groups showed similar changes for
all other parameters.
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Figure 8.13: Quantification of motion of the pelvis.

Summary

Summarizing we can confirm the hypothesis that the experimental group was not able to balance as
well as the control group during the tandem walk test. They showed larger sideways ZMP sway
and larger CoM acceleration both with eyes open and eyes closed. Already with eyes open, they
performed many more recovery movements resulting in a larger utilized range of motion of the
shoulder joints and larger normalized angular momentum. The pelvis orientation showed higher
variation with larger sideways tilt and around the vertical axis.

With eyes closed both groups were more unstable and we only found limited evidence that the
experimental group is more affected. Both groups performed recovery movements in the frontal
plane. We found that the control group managed to perform these movements mainly in the frontal
plane, specific to the instability introduced by the balance task, whereas the experimental group
showed larger movement also in the sagital plane. The ratios were significantly different. We
investigate this further in the next section. Analysis of kinetic energy and balance energy ratio did
not show any difference between groups. Hand coordination showed large variation within groups
but did not show any group difference. More information on the evaluation can be found in the inter
study comparison in Chapter 9.
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8.4.3 Balance Strategy

There are different balance strategies and recovery movements available to succeed in the tandem
walk test. The task requires the feet to be placed on a narrow line and in contact with each other.
As discussed, taking a recovery step outside the line and therefore applying a stepping strategy to
balance is not allowed. However, using an arm strategy to balance, is perfectly valid. In this section,
we compare the different strategies used by the two groups and discuss the hypothesis that subjects
with diagnosed schizophrenia lack adaptability to different tasks.

The tandem walk was performed once with eyes open and immediately afterwards with eyes
closed. Findings where the control group changed behavior and applied a different strategy while the
experimental group did not adapt would support the hypothesis. We therefore evaluate the strategy,
themean posture during thewalks, the active range ofmotion of the arms and compare walking speed.

In Figure 8.14 we plotted histograms for the two tandem walks and the strategies applied by the
participants. With eyes open a balance strategy was rarely necessary and both groups were mostly
stable. With eyes closed we find similar percentages of stable walking and the unstable situation,
where both, arms and legs, were used for recovery movements. The key difference was the fact, that
40 % of the control group were able to pass the tandem walk successfully by using their arms to
balance, while 45 % of the experimental group took a recovery step without performing any arm
movement. Employing the arms to maintain balance is significantly rarer in the experimental group
than in the control group ( χ̃2 = 14.36, df = 4, p = 0.0060, [181]). We investigate this further by
looking at the mean posture and the shoulder and elbow movement in the next section.
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Figure 8.14: Different balance strategies during the tandem walk. Participants rarely used their arms or took
a step with eyes open and most participants performed a stable tandem walk. With eyes closed,
stable walking and use of arms and steps occur at similar percentages. Groups differ by how
often they use their arms to fulfill the task successfully and by how often they directly take a
recovery step without involving the arms to balance.
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Posture and Movement

A visualization and detailed plots of the mean posture for the two groups and eye conditions are
shown in Figure 8.15. Arm and shoulder configurations were similar with eyes open, as most
subjects were stable. When closing the eyes, the control group did spread the arms wider and
showed a larger mean elbow angle, resulting in a more stable overall position since the inertia
in the frontal plane is larger. Shoulder angle in the frontal plane changed by 23° for the control
group and by 6° for the experimental group. Elbow angle changed is 12° compared to 4°. A mixed
model ANOVA shows a significant interaction between mean posture and eye open/closed condition
(p = 0.05, η2 = 0.09 for elbow angles and p = 0.006, η2 = 0.14 for frontal shoulder angles).

Figure 8.16 shows the utilized joint angles for the frontal shoulder joint and the elbow. As
discussed above, we find lower values in the control group for the eyes open condition and similar
values when walking with eyes closed. Therefore, the increase in movement and adaptation in
arm movement to the eyes closed task is larger. Shoulder joint movement increases by 9° for the
control group compared to 4° for the experimental group. Elbow movement increases by 5° and
3.5°, respectively. A mixed model ANOVA confirms a significant interaction for utilized frontal
shoulder angle between groups and eye open/closed condition (p = 0.02, η2 = 0.11). No interaction
effect is observed for the elbow joints.

In Figure 8.17 we plotted only successful tandem walks that did not require additional recovery
steps. These are the stable trials and the trials using arm movement to pass the test successfully.
We find the same results as the histogram of Figure 8.14. Many participants of the control group
changed their shoulder angle and movement to perform successful balance with eyes closed, while
successful trials of the experimental group did not involve any arm strategy. However, the number
of trials is insufficient for further statistical analysis since only five successful tandem walks with
eyes closed were performed by the experimental group.

Summarizing, we can confirm the hypothesis that the experimental group did not employ different,
task specific balance strategies and did not adapt to the eyes closed tandem walk in the same way as
the control group. We found greater changes in mean shoulder and elbow angles in the control
group when analyzing all trials. They assumed a different posture and spread their arms wider
whereas the experimental group maintained a similar posture and kept the arms aligned, relying
mostly on a step strategy.
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Figure 8.17: Shoulder angles for successful tandem walking. Left: Mean frontal shoulder angle, Right:
Utilized range of motion. We only plotted successful tandem walks that did not require recovery
steps. For the control group these are 27 with eyes open and 14 with eyes closed. For the
experimental group these are 16 with eyes open and 5 with eyes closed. We see adaption to
the task by the control group and no adaptation by the experimental group, however there are
insufficient trials for a statistical analysis.
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Walking Speed

Figure 8.18 shows the average walking speed in m/s. When comparing all trials, groups are not
different (p = 0.3). Both groups decrease the speed when closing the eyes and adapt to the new
situation. When we compare only the successful trials we see that the control group maintained the
same walking speed while the experimental group slightly increased their speed.
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Figure 8.18: Walking speed for the two groups and eye conditions.
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8.4.4 Summary and Discussion of Dynamic Balance

Quality of Task Execution

We found no differences in the quality of task execution with eyes open. With eyes closed, however,
the experimental group did not perform the tandem walk test as well as the control group. The
number of additional recovery steps was larger and step accuracy significantly worse. In a different
study, Jeon et al. [70] found a larger number of additional steps for both scenarios.

Dynamic Balance Capabilities

Many balance indicators that were found for slackline balancing show, that the participants with
schizophrenia lack balance capabilities and actively need to maintain balance already with eyes
open, whereas the control group only performed balance related movement in the frontal plane with
eyes closed.

We found a larger standard deviation of CoM acceleration in sideways and vertical direction for
both tandem walks. The gait is more interrupted and less smooth. A larger normalized angular
momentum around the vertical axis suggests that the upper body is less involved to control this
stability criterion. Specific movement analysis for the eyes closed task suggests, that the experimental
group balances in forward and sideways direction, while the control group mainly performs arm
movement related to the sideways direction and therefore is specific to the instability introduced by
the tandem walk. Analysis of the ZMP shows a larger sway in sideways direction for both scenarios
hereby confirming lack in medial-lateral balance control that was found during the static balance
test.

Strategy Adaptation

Analysis of strategy adjustment showed that both groups change their walking speed with the
eyes closed condition, but no interaction between groups and eye closed condition was found.
Comparison of posture showed significant changes in both groups, however, the adjustment in pose
was about 3 to 4 times larger in the control group by means of joint angle. Interaction effects were
found for mean frontal shoulder and elbow angle as well as the utilized range of motion of the
frontal shoulder joint. With eyes closed, the control group prioritized an arm strategy and only took
a step when falling, whereas the experimental group solely relied on a step strategy and the arms
were only involved in a reflexive manner.

A summary of all performance indicators is listed in Table 8.9 and 8.10.
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8.5 Correlation with Medication and PANSS

8.5 Correlation with Medication and PANSS

In this section we evaluate how the findings correlate with medication and symptoms. We consider
the variables that showed differences in the static balance test: time in balance, ML sway distance
and mean frequency. Dynamic balance variables for the tandem walk are step accuracy, additional
steps, walking speed, the standard deviation of CoM acceleration, normalized angular momentum
and sideways ZMP position as well as the utilized shoulder angle. We correlate with medication by
means of OPZ and PANSS [2] as introduced in Chapter 2. In all cases we compute Spearman’s rank
correlation rs [161] which can be used if the data is not necessarily normally distributed. We follow
Mukaka’s guidelines and consider |rs | < 0.3 as negligible, 0.3 < |rs | < 0.5 as a low correlation,
0.5 < |rs | < 0.7 as a moderate correlation and |rs | > 0.7 as highly correlated [180].

Static Balance Test

We analyzed all scenarios individually and did not find correlation between medication and the
time in balance or any of the CoP sway parameters. We found a low negative correlation between
PANSS scores and ML sway frequency for parallel stance with eyes open, single leg stance and
tandem stance. As derived in Section 8.2 there is not sufficient CoP data available for single leg and
tandem stance with eyes closed. The correlation values are shown and plotted in Figure 8.19 and
Table 8.11. We find a low negative correlation for three of the four scenarios, meaning that the sway
frequency reduces with increasing symptom load.

Configuration Positive Negative Global Total

Parallel Open -0.37 -0.46 -0.34 -0.40

Parallel Closed -0.01 -0.05 -0.10 -0.08

Single Leg Stance -0.48 -0.42 -0.40 -0.43

Tandem Stance -0.37 -0.26 -0.30 -0.28

Table 8.11: Spearman’s rank correlation between PANSS and ML sway frequency for the different stance
configuration.
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Figure 8.19: Scatter plot with linear regression for mean sway frequency in ML direction and PANSS scores.
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8 Static and Dynamic Balance in Schizophrenia Patients

Tandem Walk

For the tandem walk with eyes open we found a low correlation (r = 0.48) between OPZ and
sideways ZMP sway. No other correlation between medication and balance performance indicators
was found. PANSS scores were positively correlated to sideways step accuracy during tandem
walk with eyes open meaning that participants with larger symptom load showed more incarcerate
stepping. Additionally we found a negative correlation between PANSS and normalized angular
momentum around the vertical axis.

Variable Positive Negative Global Total

Sideways Step Accuracy Eyes Open 0.34 0.36 0.30 0.35

Normalized AM Eyes Open -0.62 -0.51 -0.45 -0.53

Normalized AM Eyes Closed -0.63 -0.69 -0.66 -0.70

Table 8.12: Spearman’s rank correlation between PANSS, sideways step accuracy and normalized angular
momentum during the tandem walk.
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Figure 8.20: Scatter plot with linear regression for PANSS scores and sideways step accuracy at the top and
normalized angular momentum at the bottom.

Summary

In the explorative analysis of correlation between balance metrics, medication and PANSS, we
found only few significant correlations. Medication only correlates to sideways ZMP sway. Other
than this, no further indications on the influence of medication on balance were found. Symptom
load was correlated to a a lower CoP sway frequency in sideways direction during three out of four
tasks of the static balance test and to a larger inaccuracy in sideways step placement during the
tandem walk with eyes open. We also found smaller normalized angular momentum around the
vertical axis with increased symptom load.

144



8.6 Discussion

While the first two findings suggest that larger PANSS scores correlate to worse balance and stepping
coordination, the last finding is contradictory as we showed that an increased normalized angular
momentum around the vertical axis is an indicator for reduced balance control.

8.6 Discussion

We discuss the findings by revisiting the research questions posed in Chapter 2.

Static Balance

We confirm the hypothesis that persons with schizophrenia have impaired static balance. They
showed a lower success rate throughout the different balance tasks and managed to balance for a
shorter time when compared with the control group. CoP sway analysis revealed a larger ML sway
distance and lower sway frequency. We found that the sway frequency correlates with the symptom
load by means of PANSS score.

Dynamic Balance

Many of the balance metrics we analyzed showed that the experimental group is less stable during
the tandem walk. They require recovery arm movement and additional recovery step out of the line
of the tandem walk already with eyes open. The control group is able to perform this task accurately
and without recovery steps. Both groups struggle to perform the tandem walk with eyes closed,
however the experimental group showed significantly larger sideways CoM and ZMP sway. We can
confirm the hypothesis that the experimental group has worse dynamic balance capabilities than the
control group.

Visual Condition During Static Stance

Both groups showed significantly worse balance performance with eyes closed. We did not find
evidence that they are affected differently and did not find confirmation of the hypothesis.

Visual Condition During Tandem Walk

Out of the many parameters analyzed, only two showed a significant interaction effect between group
and eye condition. We therefore suggest further research and can not yet confirm the hypothesis
that the experimental group is affected more strongly by the eyes closed condition.

Balance Strategy and Adaptability

We investigated the change in posture between the eyes open and eyes closed task and found that the
control group showed significant adaptation by means of shoulder and elbow angle. They spread
their arms to increase their inertia in the frontal plane and became more stable during the eyes
closed condition. In the experimental group, the upper arms stayed aligned to the upper body and
amount of shoulder movement remained similar to the eyes open task.
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8 Static and Dynamic Balance in Schizophrenia Patients

In summary, many of the findings fit the global picture of schizophrenia in the literature and
also support the disembodiment approach. We found larger CoM acceleration suggesting that the
movement is more fragmented, less smooth and often interrupted. The experimental group only
uses the necessary body parts during the tandem walk and the upper body is not integrated into
the movement. Stabilizing, rhythmic arm movement is not present, resulting in larger normalized
angular momentum around the vertical axis. The strategy analysis showed that the option of using
arms to balance is rarely chosen. Instead, since the movement focuses on taking precise steps, only
taking recovery steps is considered.

We suggest that explicit training of balance with focus on arm movements can increase whole
body awareness and counteract disembodiment. The balance parameters and the respective values
established in this work can function as a baseline to provide objective measures for therapy. We
suggest to perform a systematic analysis that monitors the change over time of balance parameters
during different tasks in combination with movement therapy. In general there is great need for
objective parameters to support the diagnosis of schizophrenia. PANSS and NSS are widely used,
however they rely on subjective evaluation. Motion capture and standardized movement analysis
can help understanding the connections between body movement and schizophrenia.
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9 Interstudy comparison of Balance Metrics

In this chapter we compare results from both studies and all participants. We aim to give an overall
picture of the balance metrics that were defined and used throughout this work. For the balance
test we combine all participants, divide them into balance-experienced and balance-inexperienced
based on the time in balance and evaluate the force plate data. We compare flat ground tandem
walking to slackline walking using the established performance indicators.

  

Experimental

Slackline
Athletes

Balance
 Inexperienced

Balance 
Experienced

Control

Static Balance Test

We combine 
participants of both 
studies  into balance-
experienced and 
balance- 
inexperienced 
participants and 
analyze overall 
balance 
performance.

Tandem and Slackline Walking

We compare 
tandem walking 
with eyes open, 
eyes closed and 
slackline walking 
using the 
balance 
performance 
indicators.Foto: Florian Freundt

Figure 9.1: Chapter overview of the interstudy comparison.
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9 Interstudy comparison of Balance Metrics

9.1 Balance Performance in the Balance Test

For analysis of the CoP force plate data, we combine the control subjects of the "Schizophrenia
and the Moving Body" study with the slackline study and set 260 s of total time in balance as
threshold to divide them into balance-experienced and inexperienced participants. The same value
was chosen in Chapter 7. The experimental group remains the same.

Distributions of the time in balance is shown in Figure 9.2. They are similar for single leg
balancing with eyes open and the tandem stance. Balance-experienced subjects manage to also
balance on one leg with eyes closed, whereas the other two groups fail to achieve this task. For
the force plate analysis only successful trials, where the subject did not fall or move the stance
foot, can be evaluated. Table 9.1 shows how many measurements per scenario were available for
evaluation. We evaluated all scenarios except single leg balancing with eyes closed. In Chapter 8
we also excluded the tandem stance with eyes closed, as less than 50 % of participants manages the
tasked. However, as the focus in this chapter lies on balance in general, we find the number of trials
sufficient.

Parallel Stance Single Leg Tandem Stance

Group \ Eyes Open Closed Open Closed Open Closed

Experimental 19 19 27 3 27 18

Control1 25 25 46 4 44 40

Sportive1 22 22 46 33 44 40

Table 9.1: Number of successful trials per group and scenario.

The force plate data was filtered using a 5th-order Butterworth low-pass filter with cut-off
frequency of 9 Hz. To avoid any bias, we cut all trials to 20 s by removing the first and last 5 s.
CoP metrics were computed as introduced in Chapter 6. We employ a Kruskal-Wallis-Test [182] to
find balance metrics that are able to distinguish between the three groups for all scenarios. Again,
this is a non parametric ranked-based test for not necessarily normally distributed data. Resulting
p-values are given in Table 9.2. CoP sway distance in ML direction and velocity in AP direction
show significance (p ≤ 0.001) for all five scenarios.

1Combined group from both studies
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Figure 9.2: Time inBalance for all participants of the two studies. The experimental group remains unchanged.
All other subjects were divided into balance-experienced and inexperienced following a 260 s
threshold for the summed total time in balance for all 5 scenarios.

Parallel Stance Single Leg Tandem Stance

Variable \ Eyes Open Closed Open Open Closed

RDIST ML 0.0005 0.0002 <0.0001 <0.0001 < 0.0001

RDIST AP 0.93 0.31 0.015 0.1 0.001

MVEL ML 0.023 0.16 0.0001 0.0014 0.0032

MVEL AP 0.0003 0.006 <0.0001 <0.0001 <0.0001

RATIO 0.015 0.0027 0.74 0.1 0.016

MFREQ ML 0.61 0.017 0.002 0.002 0.02

MFREQ AP 0.021 0.046 <0.0001 0.014 0.5

Table 9.2: P values of Kruskal-Wallis-Test for all CoP Variables. P-Values smaller than 0.01 are highlighted.

149



9 Interstudy comparison of Balance Metrics

Figure 9.3 shows box plots for the sway distance in ML direction and velocity in AP direction. In
Chapter 8 the sway distance parameter was significantly different between the control group and the
experimental group. We found smaller values in the control group. The trend towards smaller sway
distance values continues with the balance-experienced group. They show consistently about 30 %
lower values than the experimental group for all scenarios and about 15 % lower values than the
balance-inexperienced group. We conclude, that sway distance in ML direction, where the foot area
is limited, indeed is a suitable performance indicator for static balance.

For sway velocity in AP direction we found differences only during parallel stance with eyes open
in Chapter 8. No differences were found for the other standing configurations. Balance experienced
beginners, however, show about 30 % lower values than the experimental group for all scenarios.
Again, this is a suitable parameter to quantify balance capabilities. We found that balance training
decreases the two parameters. In further research it could be analyzed whether this is also the case
for the experimental group and if the low values of the balance-experienced groups are within the
range of trainability.
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Figure 9.3: Sway distance in ML direction and velocity in AP direction for the three groups and five scenarios.
Cohen’s-d is given to quantify differences.
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9.2 Comparison of Tandem and Slackline Walking

9.2 Comparison of Tandem and Slackline Walking

In this Section we compare all balance metrics that were available for tandem and slackline walking:
CoM acceleration, normalized angular momentum, normalized kinetic energy, energy ratio, mean
pose, joint angle variation and hand coordination. Different to Chapter 8 we only evaluate successful
tandem walking, where no recovery steps were taken. We assume an increasing difficulty throughout
the tasks with tandem walking with eyes open being the least challenging and slackline walking
being the most difficult scenario. As evaluated in Chapter 8, the control group performs the tandem
walk without difficulties and without additional balance movement of the shoulders and arms. We
can therefore assume this scenario as the baseline case.

Normalized Angular Momentum

Figure 9.4 shows the normalized angular momentum in all three directions. We see a clear increase
with difficulty and the necessary amount of balance recovery movement. In the frontal plane, almost
no balance movements are required during the tandem walk with eyes open. Only the experimental
group needs to balance. On the slackline, all participants are constantly performing arm movement
and the normalized angular momentum is about five to six times larger.

In the sagital plane, values are smaller in general and only the beginner group on the slackline
shows about twice as much movement as the other groups. The professional slackliners manage to
reduce their momentum to the same values that were observe for regular tandem walking. The same
is true for normalized angular momentum around the vertical axis Again, the professional group
shows the same values as the control group during regular walking. We conclude that experienced
slackline athletes have almost "normalized" their gait and only perform additional movement in the
frontal plane, specific to the slackline instability.

Center of Mass Acceleration

Figure 9.5 shows the CoM acceleration in all three directions. We see similar values in walking
direction for slackline and tandem walking in the top row. Professional slackliners manage to
reduce their acceleration values to the level of the control group during both tandem walks. The
experimental group and the balance-inexperienced beginner group show about 50 % larger values.
In sideways and vertical direction, the slackline is accelerating the subject and we see higher values
for slackline walking than for the tandem walk. Compared to the balance-inexperienced beginner
group, the professional group manages to reduce the acceleration values to about half the level of
regular walking.
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Figure 9.4: Comparison of normalized angular momentum about the CoM for tandem and slackline walking.
The sagital plane is plotted at the top, the frontal plane in the middle and normalized angular
momentum around the vertical axis at the bottom.
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Figure 9.5: Comparison of Center of Mass acceleration for tandem and slackline walking. The walking
direction is plotted at the top, the sideways direction in the middle and the vertical direction at
the bottom.
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Kinetic Energy and Energy Ratio

Figure 9.6 shows the normalized kinetic energy and the energy ratio. We see larger kinetic energy
for slackline balancing as expected due to additional balance movement and continuous acceleration.
Similar to the findings for acceleration and normalized angular momentum, the professional group
and the sportive group managed to reduce the value to about half way the value of regular walking.

The balance energy ratio between rotational energy and linear movement energy increases with
difficulty and is a well defined measure of how much effort is required to maintain balance. We see
that the experimental group does not change between the eyes open and eyes closed task, while
the control group does perform balance related movement. All successful tandem walks with
eyes closed of the experimental group were performed without active balancing arm movement as
evaluated already in Chapter 8. On the slackline, we see that the balance-inexperienced group does
balance, but not as much as the sportive and professional group.
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Figure 9.6: Comparison of walking speed (top), normalized kinetic energy (middle) and energy ratio (bottom)
for tandem and slackline walking.
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9.2 Comparison of Tandem and Slackline Walking

Utilized Range of Motion

Figure 9.7 shows the angle variation of elbow, frontal shoulder and knee angle. We see increasing
upper body movement with difficulty and less movement in the knee joints. Subjects become more
rigid and less compliant in their stance legs, when under a challenging balance situation.
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Figure 9.7: Comparison of joint angle variation of elbow, frontal shoulder and knee joint.
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9 Interstudy comparison of Balance Metrics

Mean Pose

Figure 9.8 shows the mean head orientation and mean angle of frontal shoulder and elbow joint.
We see that subjects look down during the tandem walk with eyes open as well as beginners during
slackline walking. Experienced slackliners and subjects during the tandem walk with eyes closed
prefer an upright head orientation. All subjects raise their upper arms in a more perpendicular
configuration with increasing difficulty. Stretching the elbows seems a specific pose of slackline
athletes.
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Figure 9.8: Comparison of head orientation, elbow and shoulder angle.
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9.2 Comparison of Tandem and Slackline Walking

Hand Coordination

In Figure 9.9 we plotted the hand coordination for the three tasks. We find values of 0.5 for the 1 s
window and 0.75 for the 1 s window in regular tandem walking. Short term coordination decreases
with eyes closed, whereas the 1 s window correlation stays at a similar value. For both time windows
we see higher values for slackline balancing, and with increasing skill level. This supports the claim
that good movement coordination is a desired skill in more challenging balance situation.
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Figure 9.9: Comparison of hand coordination.
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9 Interstudy comparison of Balance Metrics

9.3 Summary and Discussion

We analyzed force plate data of all 66 participants of the two studies for parallel stance and tandem
stance with eyes open and eyes closed and for single leg stance with eyes open. Not enough data
was available for the single leg scenario with eyes closed.

We found that sway distance in ML direction and sway velocity in AP direction were able to
distinguish between the three groups in all five scenarios. Balance experienced subjects generally
show lower values. As already discussed in Chapter 8 we found impaired balance in the experimental
group. Based on the findings of this chapter we can quantify that the effect of balance training in
the control group is about as large as the lack of balance capabilities in the experimental group. The
difference between the experimental group and the balance-inexperienced group was about as large
as the difference between the balance-inexperienced and balance-experienced group. We conclude
that the balance parameters can be used to monitor balance training and to objectively quantify
static balance capabilities.

We evaluated the proposed balance metrics for tandem and slackline walking. Findings from
previous chapters that average angular velocity and CoM acceleration are suitable performance
indicators were confirmed. Professional slackline athletes manage to reduce many of the metrics to
the baseline level of flat ground tandem walking. The energy ratio proved to be a reliable indicator
for the difficulty of a walking task with balance related constrains. Looking at the posture, it was
found that subjects prefer horizontal head orientation when possible. This supports the importance
of the vestibular system during balance tasks. Hand coordination is a key skill to master slackline
balancing, but was not necessarily required for tandem walking.
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10 Towards a first contact interaction measurement on
the slackline

In this chapter we discuss the possibility of measuring and modeling the CoP dynamics between the
subject and the slackline directly. One possibility is using pressure-sensitive insoles, however, they
require the subject to wear shoes. Ideally the sensor is attached directly to the slackline and allows
the subject to balance bare foot. To the author’s knowledge and by the time of this reserach, there
are only tension measurement sensors available for slackline balancing [183, 184]. The Heidelberg
InnovationLab (iL) develops printed electronics and flexible pressure sensitive sensors. In context
of this thesis one of their sensors was tested to measure slackline balancing.

Pressure Sensor Matrix
The Pressure Sensor Matrix (PSM) consists of three components: the sensor matrix layout, a flexible
connection circuit and the read-out electronics. They are shown in Figure 10.1. The printed matrix
layout is a 2D array of pressure sensitive elements. It consists of two layers that contain parallel
lines, one representing the matrix rows, the other the matrix columns. They are turned by 90°
with respect to each other. In our case the matrix has 20 × 65 cells. Each cell covers ≈ 4 × 4 mm.
The distance between neighboring cells is ≈ 1 mm in each direction. Hence, 64 % of the area is
equally covered. The distance between neighboring pixels is 5 mm. The multiplexing of rows and
columns by the read-out electronics allows us to measure the output signal of every sensor pixel i, j
of the PSM. The logarithm of the resulting values si j is proportional to the pressure pi, j on the
corresponding cell [185, 186].

pi, j ∝ log(si j) (10.1)

To compute the actual pressure in N/m2 a calibration with known weight has to be performed.
However, we can calculate the CoP position without knowledge about the calibration. The pixel
position of the CoP can be computed as average over all elements.

x =
1∑

i, j log(si j)

65∑
i=0

65∑
j=0

i ∗ log(si j) (10.2)

y =
1∑

i, j log(si j)

65∑
i=0

65∑
j=0

j ∗ log(si j) (10.3)

With a conversion factor of 5 mm/px we get the CoP position in coordinates of the sensor matrix.
A sample measurement of a foot on the floor is shown in Figure 10.2. We see that the sensor is
about 1 cm too narrow to cover the whole area, however the sensor is wide enough for the slackline.
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10 Towards a first contact interaction measurement on the slackline

Figure 10.1: The InnovationLab Pressure Sensor Matrix. The sensor layout is shown at the bottom, the
connection circuit in the middle and the read-out electronics at the top.

Figure 10.2: Foot measurement on the Pressure Sensor Matrix. The Center of Pressure was computed using
Equation 10.3 and is visualized in red.
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10.1 Validation of the Sensor Matrix

10.1 Validation of the Sensor Matrix

We validate the resulting CoP measurements against two other systems and in two situations. First,
we mount the PSM on the Bertec force plates and, second, we install the sensor on the slackline and
use Moticon pressure insoles as a comparison. Both systems were introduced in Section 3.4.

10.1.1 Validation with Force Plates

The PSM was taped on the force plate and single leg balancing was recorded. The force plate
directly reports the CoP position. For the PSM data we applied Equation 10.3 to compute the CoP
position. The recordings were cut to the time of foot contact and aligned using cross correlation.
We subtracted the mean position for both measurements to account for the spatial offset of the two
coordinate systems.

Figure 10.3 shows a sample measurement. We see similar trajectories for ML and AP direction,
however the amplitude of the force plate is larger. For the ML direction this is reasonable, since the
PSM does not cover the entire foot width and a great part of the pressure distribution is not detected.
For the AP direction we found that the heel area is measured accurately. Towards the toes, the foot
becomes wider and part of the area is not on the sensor. In the left plot in Figure 10.3, we see that
positive values are followed accurately, but negative values seem to be limited to a value of −30 mm.

At the bottom of Figure 10.3 a scatter plot for the two directions of the same measurement is
presented. We see high correlation between the two systems, however the slope of the linear fit is
significantly lower than 1. This represents the observation from Figure 10.3 that the extreme points
of the trajectory are not fully recognized. In AP direction we observe a bending, which represents
the fact that the heal is measured accurately, but not the distal part of the foot. However, when
balancing on the slackline, the matrix layout is wide enough to cover the entire contact area and
should be more accurate.
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Figure 10.3: Synchronized CoP measurements on the force plate. Top: Blue: force plate measurement,
Green: Pressure Sensor Matrix. Results are shown for AP and ML direction. Bottom: Scatter
plots of the same measurement.
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10.1 Validation of the Sensor Matrix

10.1.2 Measurements on the Slackline

The matrix sensor was attached to the slackline using double sided tape at the bottom and higher
friction tape at the top as shown in Figure 10.4. We performed synchronized measurements using
the sensor matrix and pressure sensitive insoles from Moticon. Figure 10.5 shows the results from a
measurement with the two systems. The insole data is plotted in blue, the data from the PSM in
green. The left plot shows the AP direction along the slackline. We see consistent curves for the
two systems and a range of motion of about 80 mm. The PSM shows a slightly larger amplitude
and a faster response to sudden changes in the CoP position. This is due to the fact that the PSM
captures the entire contact area, while the insoles do not have sensors all the way to the heel and tip
of the foot. The right plot shows the perpendicular ML direction. The same scale is applied. No
variation is seen for the PSM and also the Moticon insole shows more noise. We will discuss the
nature of this curiosity in Section 10.2.1. For now we further evaluate the AP direction.

Figure 10.4: The matrix sensor layout mounted on the slackline.

Figure 10.6 shows a scatter plot at the left and a Bland-Altman plot [187] at the right. A linear fit
was added to the scatter plot and the correlation computed. We find good agreement between the
methods. The larger amplitudes measured by the matrix sensor leads to a linear fit that is about
10 % larger with respect to the insole measurement. The Bland-Altman plot shows no systematic
difference between the methods.

165



10 Towards a first contact interaction measurement on the slackline
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Figure 10.5: Synchronized CoP measurements on the slackline. Blue: Moticon Sensor Insoles, Green:
Pressure Sensor Matrix. Results are shown along and perpendicular to the slackline.
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10.2 Foot Contact Analysis and Modeling

10.2 Foot Contact Analysis and Modeling

Since we did not see any dynamic perpendicular to the slackline in the CoP position measurement
presented in Figure 10.6, we performed further measurements using Moticon Pressure Insoles to
gain additional insight. The absence of any movement in ML direction contradicts the findings for
regular ground balancing from the balance test in Section 1.3.2. We recorded standing on one leg
in three different situations and for each foot individually. The following results are visualized in
Figure 10.7 and have already been published in [188]:

• Left: Single leg balancing on regular surface

• Middle: Balancing on the slackline with aligned stance foot

• Right: Balancing on the slackline with turned stance foot

Figure 10.7: Center of Pressure recording of different single leg balancing tasks. We recorded both legs
individually using Moticon Pressure Insoles. Left: Single leg balancing on regular surface.
The CoP is moving in the anterior-posterior and in medial-lateral direction. Middle: Balancing
on the slackline with aligned stance foot. Right: Balancing on the slackline with turned stance
foot. The CoP is constrained by the direction of the slackline and to a single line.

We see a clear difference between three cases: On flat ground the CoP moves in medial-lateral
and in anterior-posterior direction, as is established in Chapter 1.3.2. It is different on the slackline:
we observe that the CoP does not move within the whole contact plane, but only on a single line.
From the aligned and turned foot positioning we can conclude that the direction of this line is
determined by the direction of the slackline. Even though the slackline measures 5 cm in width, we
see from the measurement data that the CoP does not deviate from the very center of the slackline.
The same can be said from the sensor matrix measurement that is directly performed in the frame of
the slackline. No movement of the CoP perpendicular to the slackline is recorded, also for a turned
stance foot.
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10 Towards a first contact interaction measurement on the slackline

We explain this with the fact that the ribbon band of the slackline is able to freely rotate around
the center axis between the anchor points. This rotation is barely damped and therefore highly
sensitive to shifting the CoP away from the slackline center. Rotating a contact surface, however,
greatly reduces the normal force and therefore reduces the non slipping threshold. We conclude
that a small shift of the CoP away from the center of the slackline can already lead to the contact
foot slipping off. The very narrow constraints on the CoP together with the continuous vertical and
sideways movement of the stance foot explains the difficulty of slackline balancing especially in
contrast to walking on a beam.

10.2.1 Slackline Contact Modeling

A foot contact model is required to perform a dynamic motion analysis. A regular planar, non
slipping contact can be described using a total of 8 variables [189]: The contact force F acting in
three directions, two variables for the CoP position p in the contact plane and three contact torques
M . The forces are constrained by the friction cone to prevent slipping. Taking the measurements
presented in Section 10.2 into account, we propose a new contact model for slackline balancing that
includes 6 variables. Based on the slackline coordinate system shown in Figure 7.2 they are:

F = [Fx, Fy, Fz]: The contact forces (10.4)
p = [px, 0]: The CoP position in along the slackline (10.5)
M = [0, My, Mz]: The contact torques in the slackline coordinate system (10.6)

Zeros are placed where the regular contact model would have had an additional variable. The
contact force can still act in all three directions and is still subject to the friction cone. As a
consequence of the measurements presented in Figure 10.7, the CoP position is described by only
one free variable instead of two. The Y-coordinate is always zero. The position can no longer be
defined in the local coordinate system of the foot, but has to be transformed in the coordinate system
of the slackline. Furthermore, we allow only two instead of three contact torques. Again these are
defined by the global position of the slackline and can not be modeled locally. They act around the
vertical axis and are perpendicular to the slackline. As described before, the slackline can freely
rotate around the X-Axis and therefore no torque can be applied around this axis.
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11 Whole Body Dynamic Analysis of Challenging
Slackline Jumping

In this chapter we analyze a more advanced slackline jumping motion. The motion of interest can
be seen in Figure 11.1. The subject balances with both feet aligned to the slackline, then bends their
knees, goes down to increase the tension of the slackline and prepares the jump. While in the air, a
180° rotation is performed. The subject lands with both feet simultaneously.

After obtaining written consent by the subject, we recorded the motion using Qualisys and the
marker set described in Section 3.1.1. We utilize the optimization approach described in Section
5.2 and include the contact model developed in Section 10.2.1. The subject-specific model from
Section 4.1 is slightly adjusted by means of the DoF. We show the advantages of this analysis
when compared to the inverse kinematics analysis (see Table 5.1) and to the commercial motion
analysis software Visual3d (C-Motion, Germantown, Maryland, USA). A part of the results from
this analysis have been published in the Journal of Applied Sciences [188].

Figure 11.1: A dynamic reconstruction of a jumping motion with rotation on the slackline. The contact
forces and torques are visualized.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

Adjusted Subject Model
The subject-specific dynamic model is the same as described in Section 4.1, only the DoF are
slightly reduced. DoF that are not essential to performing the jump motion were removed from the
model to decrease the complexity of the resulting OCP. These are two DoF each at the neck and
ankle joint. Table 11.1 shows the new DoF. Changes compared to the model described in Section
4.1 are highlighted. The segment length and joint center positions remain unchanged. The subject
weight 86 kg and was 1.9 m tall. The right column shows the mass for each segment.

Segment Joint Degrees of Freedom Mass [kg]

Pelivs 3d Floating Base TX, TY, TZ, RX, RY, RZ 5.9

Middle Trunk Lumbar Spine RY,RZ 15.5

Upper Trunk Thorax Spine RX, RY 12.5

Head Neck RZ 6.5

Upper Arm Shoulder RX, RY, RZ 2.3

Fore Arm Elbow RY, RZ 1.4

Hand Wrist Fixed 0.4

Thigh Hip RX, RY, RZ 13.5

Shank Knee RY 3.9

Foot Ankle RY 1.2

Table 11.1: Details of the subject specific model. DoF were reduced compared to the model described in
Section 4.1

Slackline Coordinate System

As shown in Figure 11.2 on the right, the coordi-
nate system for this work is the same as in Chapter
7. The X direction is aligned with the slackline,
the Y direction perpendicular in the horizontal
plane and the Z direction represents the vertical
axis.

Figure 11.2: The coordinate system of the
study.
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11.1 Optimal Control Problem Formulation

11.1 Optimal Control Problem Formulation

We formulate the dynamic reconstruction of the recorded motion as an OCP following what is
described in Section 5.2. Unlike previous work by Emonds et al. [15] or Stein et al. [16] that
tracked joint trajectories that were computed beforehand using inverse kinematics, we formulate
an OCP that tracks the marker positions directly. In the cost function we minimize the distance
between the positions ®mi of the virtual markers on the model and the 45 recorded marker trajectories
®m∗i over the time t ∈ [0,T] of the motion, similar to Equation 5.9a:

min
x,u

∫ T

0

45∑
i=0
‖mi(q(t)) − m∗i (t)‖

2dt (11.1)

We did not use a regularization term, unlike in [16], where additionally u2 is minimized. This
can be useful to account for possible redundancies in the contact forces during the double support
phases, but was not in this example. The state vector consists of joint angles and joint velocities:

x(t) = [q, q] (11.2)

The control vector represents the torques τ of all actuated joints and all variables of the slackline
contact model that was derived in Chapter 10.

u(t) = [τ(t), λL, λR] (11.3)

There are six additional controls per foot contact: three forces, two torques and the CoP position.
All are given in the coordinate system of the slackline.

λR/L = [Fx, Fy, Fz, My, Mz, p] (11.4)

The slackline jumping motion can be divided into three phases: the initiation of the jump, the
flight phase and the landing phase. During the two contact phases the dynamics of the system are
described by Equation 4.9. While the subject is airborne Equation 4.6 must hold. We reformulate
the forward dynamic equations as first order ODE of the state vector:

Ûx(t) = [q,FDi(t, x(t), τ(t))] (11.5)

where i = [1, 2, 3] is the phase index. We implemented two formulations: In the first implementation,
we used the foot position trajectories of the inverse kinematics fit to determine if the feet are in
contact with the slackline. Figure 11.3 shows the height of the feet above the ground during the
jump motion. The slackline is mounted at a rest height of 31 cm. Therefore, we can define a flight
phase whenever both feet are above this height. This is indicated in red. Accordingly, phases 1
and 3 are contact phases and subject to Equation 4.9 and Phase 2 is a flight phase and subject to
Equation 4.6. The phase switching times are fixed to be t1 = 1.06 s and t1 = 1.44 s. The take-off
and landing are modeled to be continuous. There is no hard impact that would lead to a jump in
joint velocities and therefore no phase change function h is needed.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

  

Contact Phase Contact PhaseFlight PhaseJump Initiation Phase

Flight Phase

Landing Phase

Figure 11.3: Feet positions are plotted against time for a slackline jumping motion. The rest height of the
slackline is at 31 cm. The flight phase is indicated in red, when both feet are higher than the
slackline.

In the second implementation, we defined the whole motion as one phase that is subject to
the contact dynamics (Equation 4.9). We formulated the following discontinuous path constraint
throughout the motion:

req(u(0), .., u(T)) =


λR, if Right Foot Height > 0.31 m
λL, if Left Foot Height > 0.31 m
0, otherwise

! = 0 (11.6)

Whenever a foot is above the slackline height, no interaction force can act. We achieve this
by constraining the controls to be zero. This allows the optimizer to determine the exact timing
of the foot contact which is fixed within the other implementation. Additionally this formulation
allows for different contact timings, such as jumping or landing with one foot after the other. This
should enable for slightly better marker positions tracking. On the other hand, such a formulation
introduces non-differentiabilities in the model which might cause numerical problems. We expect
the first implementation to show better convergence, since discontinuities in the dynamics are
supposed to be formulated explicitly as phase changes and constraints should be differentiable
throughout one phase. However, in practical tests we observed that formulating phase changes as
constraints also works in the present case.

In both implementations, further boundary constraints g(·) are implemented for joint angles,
velocities and torques and have to be respected throughout the motion. The friction cone is imple-
mented as an inequality constraint that requires the normal force to be larger than the horizontal
forces. To determine reasonable upper limits for contact forces and torques, we performed a similar
jumping motion on two force plates (Bertec, Columbus, OH) and recorded the acting GRF and
Moments.
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11.2 Method Comparison

We set the following limits:

Fx[N] = Fy[N] = [−400, 400] (11.7)
Fz[N] = [0, 1500] (11.8)

My[N/m] = [−30, 30] (11.9)
Mz[N/m] = [−30, 30] (11.10)

p[cm] = [−10, 10] (11.11)

Both implementations converged with a computation time of approximately 24 h. Due to the
problem’s complexity, we were numerically limited to ≈ 80 shooting nodes. We chose 40 multiple
shooting intervals per 1 second of motion and reconstructed around 2 seconds of motion. Other
choices are possible, but we found that the computation time drastically increases with more
shooting nodes and that the solver is not always able to find solutions for less shooting nodes per
second of motion. The single phase implementation resulted in a slightly lower tracking error,
however the difference is marginal. Therefore we present and analyze only the results for the single
phase implementation.

The resulting motion and the interaction forces (visualized as yellow arrows) are shown in Figure
11.1. Contact and flight phases are clearly distinguished. We see that the subject equally used both
feet to initiate and land the jump and that contact torques were acting to build the necessary angular
momentum for the rotation. The feet were aligned with the Slackline during the first contact phase
and were turned perpendicularly for landing.

11.2 Method Comparison

In this section we want to compare the results of three methods: the single phase OCP-based
analysis, the inverse kinematics analysis and the commercial software Visual3d. The first two use
the same subject model, described above, while Visual3d uses a model with different properties. It
consists of 15 segments, having only one trunk segment. All other segments are identical for the two
models. It is based on Dempster’s regression equations [190]. By default, there are no kinematic
constraints to the joints in Visual3d and each segment is fitted to the marker data individually having
6 DoF.

11.2.1 Fitting Error

Figure 11.4 shows the deviation between the marker measurement and the virtual markers of the
subject model for the OCP solution. The average residuum per marker is shown on the top and the
frame by frame error on the bottom. Overall we achieved an average tracking error of 3 cm per
marker. This accuracy is similar to the least squares inverse kinematic fit. In both cases, the largest
deviations occur for the two shoulder markers (L_SAE and R_SAE). One reason for this is that the
arms were aligned to the upper body during the static pose on which the model is based. During the
jump, however, the arms are mainly turned 90◦ compared to this pose and parallel to the ground
which results in skin and marker movement relative to the bone and shoulder joint. The markers are
moved closer to the spine. This offset is visible throughout the motion.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

Additionally, the shoulder is modeled as a spherical joint with only three DoF. In reality this joint is
much more complex and also has translational DoF. This currently limits the tracking accuracy,
however a more precise kinematic shoulder model could be used.

Figure 11.4: Marker deviation between the recording and the virtual markers on the model for the OCP
solution. Top: Average marker error for all 45 markers. Largest deviations occur for the
shoulder markers. This is due to the fact that the model is based on a N-Pose capture and the
slackline motion mainly had a T-Pose like arm positioning. Bottom: Frame by frame marker
error.
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11.2.2 Dynamics Analysis

For the mechanical system at hand Newton’s EoM [191] can be reformulated as:

Üc ∗ m =
∑
λL/R

F (11.12)

ÛL =
∑
λL/R

(M + (pi − c) × F) (11.13)

where the change of momentum is equal to the CoM acceleration Üc times the subject mass m, ÛL is
the change of angular momentum and p is the point where the force is acting on the system. During
all phases, Equation 11.12 and 11.13 must hold. For the contact phases we can compute the left
hand side of Equation 11.12 and Equation 11.13 using the CalcCenterOfMass function of RBDL
and the right hand side from the result values of λL/R of the OCP. Hence, when looking at the
motion analysis the following mechanical properties of the overall system need to be satisfied:

• Horizontal momentum is conserved during the flight phase

• Gravity is the only acceleration acting on the CoM during the flight phase

• Angular momentum is conserved during the flight phase

• The change of momentum is proportional to the sum of external forces

• The change of angular momentum is equal to the sum of all acting torques.

We validate the OCP method by showing that these mechanical properties of the overall system
are, in fact, satisfied since Newton’s EoM have been formulated as constraints. During the flight
phase of the motion all external are zero. Here we can check the requirements also for the inverse
kinematic fit and the Visual3d analysis.

Figure 11.5 shows the CoM position throughout the motion. The inverse kinematic based motion
analysis is plotted in purple, the OCP result in light green and the evaluation by Visual3d in blue.
Phase changes are indicated in red. We see that the OCP and the inverse kinematics solution follow
similar trajectories as they use the same dynamic model. The Visual3d result is similar for X (along
the Slackline) and Z (vertical) direction, however it differs drastically perpendicular to the slackline.
We see an offset at the beginning of the motion, that suggests that the CoM location of the Visual3d
model is different due to the difference in trunk segments. It is shifted approximately 7 cm upwards
and 4 cm in horizontal direction.

In the vertical direction we see the largest range of motion with 80 cm. During the motion the
subject jumps approximately 15 cm forward, along the slackline. Not much movement is possible in
Y direction, perpendicular to the slackline. The jump has to be performed precisely and movement
in this direction would lead to a fall. A total range of motion of 4 cm is observed. The fact, that
the CoM position of the two models differs about as much as the total movement in this direction
makes further analysis ambiguous.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

This becomes more evident when looking at derived quantities such as the CoM and angular
momentum dynamics. Figure 11.6 shows the CoM velocity and Figure 11.7 the CoM acceleration.
We added scatter plots that compare the three methods. The contact phases are plotted in blue, the
flight phase in red and the correlation between the methods shown in the legend. The diagonal
indicates the expectation when both methods measure the same value.
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Figure 11.5: Center of Mass position throughout the jumping motion. Analysis methods are consistent in
the forward and upward direction. There is only little CoM movement in the sideways direction
and the measurements show different trajectories. This is due to the different dynamic model
used by Visual3d.

Contact Phase
In both plots, we see good agreement for the vertical direction during the contact phases in the
bottom row. The difference in the model CoM position does not play a role when looking at the
derivative, since there is no rotation in the sagital plane and the range of motion is comparably
large. This is different in the horizontal direction. We still find agreement in the velocity during the
contact phases, when using the same model as it is shown in the second left column of Figure 11.6.
As already suggested from the CoM position analysis, the derived CoM velocity and acceleration
measurements are not consistent when fitting different models to the marker, since the range of
motion is small. Looking at the CoM acceleration in Figure 11.7 no agreement is found in the X
direction along the slackline. Values in Y direction show better agreement.

Flight Phase
During the flight phase, the methods only agree in the vertical velocity, where gravity is acting.
The OCP solution shows constant values and conservation of momentum, while a frame by frame,
kinematic analysis shows a change in momentum of up to 50 %. Newton’s EoM are clearly violated.
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Figure 11.6: CoM velocity and scatter plots that compare the three methods. Contact phases are plotted in
blue, the flight phase in red. We see good agreement in vertical direction and for the contact
phases, when using the same model. Visual3d uses a different model and is not consistent with
the other two methods. This suggests that the modeling error is larger than the measurement.
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Center of Mass Acceleration
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Figure 11.7: CoM acceleration and scatter plots that compare the three methods. Contact phases are plotted
in blue, the flight phase in red. We see good agreement in vertical direction during the contact
phases. The methods are not consistent during the flight phases and in horizontal direction,
even when using the same model. A least squares fit on a frame by frame bases clearly violates
Newton’s EoM.
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11.2 Method Comparison

Angular Momentum
Angular momentum is plotted in Figure 11.8. It should be conserved during the flight phase and the
change should be equal to zero when no external torques are acting. Again, we observe the desired
properties for the optimized motion. The other two methods show high variability during the flight
phase and changes of up to 100 % in the horizontal plane. Methods agree during the contact phases
when there is less dynamic movement. The difference in mass distribution between the models
becomes apparent in the bottom row. The Visual3d model shows significantly less momentum
which suggests, that the mass of the arms is lower.
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Figure 11.8: Angular Momentum during the motion. The main rotation takes place around the vertical
Z-axis. Momentum conservation is violated during the flight phase, especially in around the
horizontal axis.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

When we analyze the change of angular momentum we see similarities to the CoM acceleration.
We find high variability between the methods and only see agreement around the vertical axis for
the contact phases, where the motion is smooth. Fast dynamic balancing in the horizontal plane
leads to different results depending on the model and fitting method. The optimized motion is
dynamically consistent during the flight phase.

Change of Angular Momentum

0 1 2
Time [s]

200

100

0

100

200

M
X
 [m

/s
2 ]

200 0 200
IK Analysis

150

100

50

0

50

100

150
OC

P 
So

lu
tio

n
R = 0.69
R = -0.03

0 1 2
Time [s]

200

150

100

50

0

50

100

150

200

M
Y [

m
/s

2 ]

200 100 0 100 200
IK Analysis

200

150

100

50

0

50

100

150

200

OC
P 

So
lu

tio
n

R = 0.34
R = -0.20

0 1 2
Time [s]

80

60

40

20

0

20

40

60

M
Z
 [m

/s
2 ]

IK Analysis
OCP Solution
Phase Change
Visual3d

50 0 50
IK Analysis

80

60

40

20

0

20

40

60

OC
P 

So
lu

tio
n

R = 0.89
R = -0.11

200 0 200
IK Analysis

150

100

50

0

50

100

150

200

Vi
su

al
3d

R = 0.78
R = 0.79

100 0 100 200
Visual3d

150

100

50

0

50

100

150

OC
P 

So
lu

tio
n

R = 0.75
R = -0.16

200 100 0 100 200
IK Analysis

200

150

100

50

0

50

100

150

200

Vi
su

al
3d

R = 0.58
R = 0.09

200 100 0 100 200
Visual3d

200

150

100

50

0

50

100

150

200

OC
P 

So
lu

tio
n

R = 0.61
R = 0.20

50 0 50
IK Analysis

80

60

40

20

0

20

40

60

Vi
su

al
3d

R = 0.91
R = 0.74

50 0 50
Visual3d

80

60

40

20

0

20

40

60

OC
P 

So
lu

tio
n

R = 0.87
R = 0.17

Figure 11.9: Change of angular momentum around the three axis. Methods only agree around the vertical
axis, where the motion is smooth. For fast dynamic balancing in the horizontal plane results
differ depending on the model and fitting method.
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11.2 Method Comparison

Contact Dynamics
During the contact phases all external forces must add up to the CoM acceleration and all external
torques must produce the change of angular momentum. This is plotted in Figure 11.10. On the left
we plotted the contact forces of the slackline for each foot stacked on top of each other and the CoM
acceleration times the subject mass as dashed line. We can see that they exactly match and that
Equation 11.12 holds.

On the right we have the same result for the contact torques. The top right plot shows the resulting
torques due to the contact forces as described on the right hand side of Equation 11.13. There are
no contact torques around this axis and the change of angular momentum is solely based on the foot
position and the contact forces. In the lower right plot the contact torque at the feet is plotted in
green and the torque resulting from the forces in purple. We see that Equation 11.13 is satisfied
throughout the motion. This shows that the optimization result follows Newton’s EOM also during
the contact phases.
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Figure 11.10: Left: Sum of contact forces and Center of Mass acceleration times subject mass. Right: Sum
of contact torques and torques produced by the contact forces plotted against the change of
angular momentum. Equation 11.12 and Equation 11.13 are satisfied throughout the motion.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

11.3 Slackline Spring Model

By the time of this work, we found two papers that suggest control strategies of tightrope and
slackline balancing by Paoletti et al. [86] and by Athanasiadis et al. [87]. They propose to model
the slackline as a spring with the restoring force pointing towards the rest position.

However, their model is oversimplified as it does not take the whole range of motion of the
slackline into account. They only consider the horizontal direction, when linearizing their model.
In this section we want to further analyze the contact forces, model the slackline as a spring and
compute the stiffness parameters for the horizontal and vertical direction. With the spring model
we analyze the different phases of the jump motion.

11.3.1 Stiffness Estimation

We estimate the stiffness of the slackline in vertical and in horizontal direction. In Figure 11.11
we plotted the mean height of the feet and the vertical contact force at the upper left. The mean
horizontal position and horizontal force are plotted at the lower left. For both plots, the average foot
position correlates with contact force as expected for a spring. Forces and amplitudes are small
before the jump and larger when landing. The flight phase is indicated in red, when the feet are
above the rest height of the slackline.

The right plots show the force plotted against the displacement for the corresponding direction.
Larger amplitudes are observed in vertical direction. Here, we see an almost linear relationship.
The main balancing happens with a deflection larger than 10 cm. Smaller values are only observed
shortly before and after the jump. We fitted two linear functions that compute the stiffness in N/m
for the two regions. The slackline has a low stiffness of ≈ 5700 N/m for the first 10 cm and then
becomes stiffer for larger displacement (≈ 14 600 N/m). Based on this observation we define two
regimes of low and high tension of the slackline. They are indicated for the two plots at the left in
light green. The jump initiation and landing mainly happens in the high tension regime. Only few
data points are available for the low tension part of the motion. Compared to the vertical direction
the horizontal displacement is smaller and we are only able to compute meaningful results for the
high tension part of the motion. The evaluation before and after the jump agree with a stiffness of ≈
4700 N/m.
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Figure 11.11: The top left plot shows the vertical contact force and mean height of the two feet. The lower
left plot shows the vertical contact force and mean position of the two feet. The flight phase
is indicated in red. The right plots show the force plotted over the displacement and linear
fits that estimate the stiffness. We see that the slackline is loose for the first 10 cm of vertical
deflection with a stiffness of ≈ 5700 N/m and then becomes stiffer for larger displacement.
The high and low tension region are indicated in the plot at the left .We estimate the horizontal
stiffness of ≈ 4700 N/m.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

11.3.2 Interaction Analysis

Looking at feet positions in Figure 11.11 we see harmonic oscillation of the feet. The frequency f
of an harmonic oscillator depends on the mass m and the stiffness D of the spring.

f =
1

2π

√
D
m

(11.14)

We can estimate the frequency of the foot position movement for different phases of the motion.
From this we can determine the mass that takes part in the oscillation by rearranging Equation
11.14 and using the previously obtained stiffness values:

m =
D

(2π f )2
(11.15)

Figure 11.12 shows the foot position throughout the motion. For the horizontal part before the jump
and the last part of the landing we fitted the EoM of a damped harmonic oscillator to estimate the
oscillation frequency. The amplitude A over time is given by:

A(t) = A0e−βt sin(ωt + φ0) (11.16)

In vertical direction the same function was used for the landing part. We adjusted the fit function
for the initiation part of the jumping such that the amplitude increases over time.

A(t) = A0(1 + eβt )sin(ωt + φ0) (11.17)

Table 11.2 shows the four phases of the motion with the corresponding frequency, stiffness and
the computed swinging mass. In horizontal direction we find a frequency of 4.8 Hz before and
6.1 Hz after the jump. Using Equation 11.15 we get a swinging mass 5.2 kg and 3.2 kg, respectively.
Looking at the segment mass distribution in Table 11.1 we find that this corresponds to the mass of
the feet and parts of the shank. This is plausible, since it is mainly the foot segment moving in this
direction.

Before the jump, the subject is almost aligned to the slackline as can be seen in Figure 11.1. The
foot and knee axis only allow movement in the perpendicular direction. Therefore, also the thighs
are involved in the movement. Looking at the position when landing the jump, we see that the
subject is turned 90° with respect to the slackline and can now absorb the oscillation in the knee
joints.

For the landing, we find a frequency of 5.6 Hz in the vertical direction which corresponds to a
swinging mass of 11.8 kg when considering the higher stiffness of the slackline in this direction.
Again, this matches the segment weight of the feet and shank and parts of the thighs. The rotation
takes place in the hip joint. In this direction the whole shank and foot segment move in up and
down direction, therefore the swinging mass is larger than in sideways direction. In all three cases,
the subject is clearly able to decouple the slackline motion from the upper body. The oscillation
occurs passively without a driving force.

This is different before the jump, where the subject is actively putting energy into the slackline.
We find a frequency of 1.5 Hz that corresponds to a swinging mass of 176 kg. This is consistent
with the vertical force of about 1800 N.

184



11.3 Slackline Spring Model
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Figure 11.12: Top: Feet position and with a periodic function fit. We find a frequency of 4.8 Hz before and
6.1 Hz after the jump. Bottom: We find a frequency of 1.5 Hz before and 5.5 Hz after the
jump.

Phase and Direction Stiffness [N/kg] Frequency [Hz] Swinging Mass [kg]

Horizontal Balancing 4700 4.8 5.2

Vertical Jump Initiation 14600 1.5 175.9

Horizontal Landing 4700 6.1 3.2

Vertical Landing 14600 5.5 12.1

Table 11.2: The table shows the four phases of the motion with the corresponding frequency, stiffness and
the computed swinging mass.
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11 Whole Body Dynamic Analysis of Challenging Slackline Jumping

11.4 Discussion

We formulated and solved an OCP that allows us to reconstruct dynamic slackline jumping motions.
The previously derived contact model from interaction measurements was successfully implemented
and we were able to obtain meaningful and interpretable results for the slackline interaction forces.
We implemented a multi-phase and a single-phase formulation leading to almost equivalent results.

When comparing the OCP method to two inverse kinematics based analysis, we found that the
resulting motions have similar fitting error to the markers. The optimized motion is dynamically
consistent following Newton’s EoM, whereas the two other movement reconstructions show large
variations and violate Newton’s EoM. The advantage of the OCP approach becomes apparent during
the flight phase of the motion and when comparing the CoM and angular momentum dynamics.
We found variations of up to 30 % for the conventional method.

Due to numeric complexity and the high amount of variables necessary to formulate the OCP,
this method is limited to a few seconds of motion. This might limit the application to compare
longer slackline motions of beginners and experts as initially intended. However, we can apply it to
interesting parts of motion and analyze specific movements connected to balance recovery. For
example, we were able to reconstruct the variable stiffness of the slackline in the different directions
and show that the subject is modulating the compliance of the stance leg to initiate the jump.
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12 Summary and Outlook

In this work we analyzed human balancing in static and dynamic balance tasks based on motion
capture data. For evaluation of static balance, we designed a static balance test consisting of five
different standing configurations: parallel stance, single leg stance on each leg, and tandem stance
with each leg in front. All configurations were performed for 30 s with eyes open and 30 s with
eyes closed and CoP data was collected using force plates. The data was analyzed by means of
existing performance metrics from the literature. Since we found high correlation between many of
the metrics, we decided to evaluate sway distance, velocity and frequency in ML and AP direction
as well as the ratio between the sway in both directions. Analysis of dynamic balance was based on
slackline balancing and the tandem walk test. We gathered data from over 60 participants in two
studies.

Participants of the slackline study performed the static balance test and slackline balancing on
one leg and walking. We analyzed beginners that had never balanced on a slackline before and
compared them to professional slackline athletes. As a first result we found that trained slackliners
also performed very well in the static balance test, whereas the beginner group showed a larger
variance in the time they managed to balance. We therefore decided to divide the beginner group
into a balance-experienced, sportive group that performed similarly to the professional group and a
balance-inexperienced, beginner group using the static balance test. By comparing the balance
times for each task with the professional group, we defined a threshold of 260 s of total time in
the static balance test as the cutoff. Single leg balancing with eyes closed was the task in which
the beginner group showed the largest variation. It was successfully performed by 80 % of the
professional group. Comparing the average time per beginner subject on the slackline during their
first session to the time in balance during the eyes closed single leg balance of the balance test we
found large correlation, suggesting that slackline performance can be predicted by this task.

We then defined performance indicators for slackline balancing and analyzed over 300 balancing
trials of 20 participants. Normalized angular momentum or CoM acceleration allow us to quantify
how stable and controlled a subject is while balancing and how many recovery (arm) movements
occur. We found a clear progression from large values of the beginner group to consistently small
values in the professional group. Posture and movement were similar for the beginner and sportive
beginner groups. Professional slackliners consistently maintain a horizontal head orientation, also
during walking, whereas beginners either struggle to maintain upright posture or need to look down
to secure foot placement.

Furthermore, professionals have a mean shoulder angle of 90°, that maximizes their inertia in
the frontal plane and maintain straightened elbows. Beginners tend to align their upper arms more
and show bent elbow angles. For single leg balancing professionals are able to balance in a greater
variation of poses using a greater part of their shoulder and elbow range of motion. We found that
overall, their hand movement is more coordinated when computing a rolling window correlation
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12 Summary and Outlook

between the absolute velocity of the hands. Differences were found in the interaction with the
slackline by means of stance foot acceleration. In horizontal direction professional slackliners
show reduced values confirming findings in the literature of adjusted muscle reflexes. In vertical
direction the sportive group and the professional group show reduced values when compared to
short beginner trials. Both findings suggest, that control of the stance foot acceleration is a key
factor to successful slackline balancing.

In the study of the "Schizophrenia and the Moving Body" project we compared the balance
capabilities of the experimental group consisting of persons with schizophrenia against a healthy
control group. Participants performed the static balance test and twice the tandem walk, once with
eyes open and once with eyes closed. For the static balance test we found that the experimental
group was not able to balance as well as the control group showing a significantly lower success
rate and time in balance for all tasks with eyes open and eyes closed. Further analysis of force plate
data of successful trials revealed a larger ML CoP sway during all tasks for the experimental group.
For the tandem walk test groups performed equally well with eyes open. Analyzing the quality
of task execution bymeans of success rate, step accuracy and recovery steps did not show a difference.

The situation was different for the eyes closed tandem walk. Here, the experimental group
took significantly more recovery steps, placed steps more inaccurately and only 25 % manged to
perform the required number of steps without losing balance, compared to 75 % of the control
group. When analyzing the strategy employed by the two groups, we found that 40 % of the control
group successfully used their arms to balance and place correct steps. The experimental group
used this balance strategy significantly less and mainly relied on recovery steps. When applying
the balance performance indicators, we found significant differences in sideways and vertical CoM
acceleration and sideways ZMP sway, suggesting that the experimental group is less stable during
both tandem walks. Increased normalized angular momentum in the frontal plane during the eyes
open walk shows that they perform balance related movements and are not able to maintain an upright
posture. We found increased variation of sideways pelvis tilt andmore variable frontal shoulder angle.

We then compared the static balance test for all participants of both studies. They were divided
into the experimental group, a balance-experienced and a balance-inexperienced group using the
260 s threshold. Again, the balance task with the largest variance was the single leg stance with
eyes closed. We analyzed the CoP data and found, similar to the analysis in the "Schizophrenia and
the Moving Body" study, that sway distance in the ML is an indicator for more stable balancing.
We see a clear progression from the experimental group to the balance-experienced group. Further,
the balance-experienced group showed reduced AP sway velecity compared to the other groups.
We conclude that these two parameters are suitable to measure stability in static balance using force
plate data.

Further, we compared flat ground tandem walking to slackline walking based on the balance
performance indicators. For normalized angular momentum and CoM acceleration we found that
professional slackline athletes are able to reduce most of the values to the range of regular tandem
walking. They only show larger normalized angular momentum in the frontal plane and increased
sideways CoM acceleration, which are both a direct consequence of the instability introduced by
the slackline. Movement outside the frontal plane is not affected. Further, we found that their pose
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and movement strategy is specific to slackline balancing and not used by other participants neither
in tandem walking nor slackline walking of beginners.

In the last part of this thesis we prototyped a pressure sensor for the slackline and showed that we
can reliably measure CoP data. Based on the findings we developed a contact interaction model
specific to slackline balancing. Different to a regular foot contact, the CoP position is constrained to
a single line determined by the direction of the slackline and the number of possible contact torques
is reduced by the tilting of the freely rotating slackline band. We used this contact model inside
an optimal control problem formulation to perform a fully dynamic reconstruction of slackline
jumping. As a result of this optimization based analysis, we obtained joint torques of the subject and
all interaction forces between the feet and the slackline. We were able to reconstruct the stiffness of
the slackline and set up a spring model. From this model we computed the swing mass of the system
and found that the slackline athletes activelymodulated the stance leg compliance to balance the jump.

Based on the slackline balance research presented in this work there are many possible future
studies. The balance indicators for slackline balancing are by no means complete and different
metrics can reveal additional skills that allow professional athletes to balance. The effect of balance
training has also not been analyzed. It is interesting to understand how the performance indicators
change over the course of a training program. So far, the pressure sensor for the slackline was
only validated. A study that involves measurements of beginners and experts is yet to be done.
The optimal control-based analysis was only applied to one motion so far. Thorough analysis of
different jumping motions and the analysis of specific recovery movements based on the method is
now possible. One could analyze and compare the efficiency of different recovery movements and
compute optimal strategies.

In interdisciplinary collaboration we showed that research on schizophrenia can greatly benefit
from objective measures and motion analysis. Many findings support the disembodiment approach.
Application of balance and movement parameters on other motions can further improve our
understanding of the disease. The evaluation of gait data was not part of this work and results will
be published in the near future in collaboration with Lily Martin.

189





A Appendix

A.1 List of Figures

1.1 Slackline balancing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.1 Motion Capture Equipment . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.2 The three video mods of the Qualisys Oqus 500 cameras. . . . . . . . . . . . . 28
3.3 Marker position reconstruction. . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.4 The front of the upper body part of the marker set. . . . . . . . . . . . . . . . . 30
3.5 The back and leg part of the marker set . . . . . . . . . . . . . . . . . . . . . . 31
3.6 IMU measurement schematic . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.7 The Xsens model and the IMU placement. . . . . . . . . . . . . . . . . . . . . 32
3.8 The subject with markers and Xsens IMU sensors. . . . . . . . . . . . . . . . . 36
3.9 Foot height during walking on a slackline and on flat ground. . . . . . . . . . . 38
3.10 Foot position for standing on a slackline and on flat ground. . . . . . . . . . . . 39
3.11 Foot position during tandem walking on flat ground. . . . . . . . . . . . . . . . 40
3.12 Schematic of a force plate. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.13 Moticon Pressure Soles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.1 A generic rigid body model of a human. . . . . . . . . . . . . . . . . . . . . . 43
4.2 The model with joint positions and DoF. . . . . . . . . . . . . . . . . . . . . . 45
4.3 The static marker recording and the subject-specific model. . . . . . . . . . . . 46

6.1 Overview of the Static Balance Test . . . . . . . . . . . . . . . . . . . . . . . 61
6.2 The inverted pendulum model. . . . . . . . . . . . . . . . . . . . . . . . . . . 67
6.3 Correlation between stability metrics. . . . . . . . . . . . . . . . . . . . . . . 68
6.4 Sample measurements and evaluation. . . . . . . . . . . . . . . . . . . . . . . 69

7.1 Overview of the Slackline Study . . . . . . . . . . . . . . . . . . . . . . . . . 71
7.2 Slackline Study Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
7.3 The Gibbon Slack Rack 300 . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
7.4 Time in balance during the static balance test for the slackline study. . . . . . . 74
7.5 Scatter plot of balance time on the slackline and during the balance test. . . . . 75
7.6 Illustration of CoM movement and average angular velocity. . . . . . . . . . . . 79
7.7 Moving window correlation as a measure for hand coordination . . . . . . . . . 81
7.8 Time in balance for single leg slackline balancing. . . . . . . . . . . . . . . . . 84
7.9 Mean posture during slackline balancing . . . . . . . . . . . . . . . . . . . . . 85
7.10 Comparison of head orientation, frontal shoulder angle and elbow angle. . . . . 86
7.11 Utilized range of motion for frontal shoulder angle and elbow joint. . . . . . . . 87
7.12 Comparison of movement coordination . . . . . . . . . . . . . . . . . . . . . . 88

191



A Appendix

7.13 Normalized angular momentum around the three coordinate axis. . . . . . . . . 90
7.14 Comparison of stance foot acceleration . . . . . . . . . . . . . . . . . . . . . . 92
7.15 Comparison of Center of Mass acceleration. . . . . . . . . . . . . . . . . . . . 93
7.16 Comparison of stance leg knee angle variation. . . . . . . . . . . . . . . . . . 94
7.17 Comparison of static balance. . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
7.18 Time in balance for walking on the slackline. . . . . . . . . . . . . . . . . . . 97
7.19 Comparison of head orientation, frontal shoulder angle and elbow angle. . . . . 99
7.20 Utilized range of motion of shoulder and elbow joint in the frontal plane. . . . . 100
7.21 Comparison of movement coordination . . . . . . . . . . . . . . . . . . . . . . 101
7.22 Comparison of walking speed, kinetic energy and balance energy ratio. . . . . . 101
7.23 Average angular velocity around the three coordinate axis. . . . . . . . . . . . 103
7.24 Comparison of Center of Mass Acceleration during Slackline Walking . . . . . 104
7.25 Center of Mass Acceleration for stable and unstable balancing . . . . . . . . . 107
7.26 Normalized angular momentum for stable and unstable walking . . . . . . . . . 108
7.27 Center of Mass projection and stance foot acceleration . . . . . . . . . . . . . . 108

8.1 Overview of the Balance Study in the "Schizophrenia and the Moving Body" project111
8.2 Balance Test Success Rate Comparison between Experimental and Control Group 114
8.3 Balance Test Comparison: Time in Balance . . . . . . . . . . . . . . . . . . . 115
8.4 RDIST and RATIO evaluation of CoP data . . . . . . . . . . . . . . . . . . . . 118
8.5 MVEL and MFREQ evaluation of CoP data . . . . . . . . . . . . . . . . . . . 119
8.6 Example KPI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
8.7 Illustration of CoM movement and normalized angular momentum. . . . . . . . 125
8.8 Additional steps and step accuracy during tandem walk. . . . . . . . . . . . . . 130
8.9 Standard deviation of CoM acceleration for tandem walking . . . . . . . . . . . 131
8.10 Standard deviation of ZMP position for tandem walking . . . . . . . . . . . . . 132
8.11 Standard deviation of normalized angular momentum for tandem walking . . . 133
8.12 Utilized range of motion of the shoulder joint. . . . . . . . . . . . . . . . . . . 134
8.13 Quantification of motion of the pelvis. . . . . . . . . . . . . . . . . . . . . . . 134
8.14 Balance strategy during the tandem walk. . . . . . . . . . . . . . . . . . . . . 135
8.15 Mean posture for tandem walking. . . . . . . . . . . . . . . . . . . . . . . . . 137
8.16 Movement range for tandem walking. . . . . . . . . . . . . . . . . . . . . . . . 138
8.17 Shoulder angles for successful tandem walking. . . . . . . . . . . . . . . . . . 138
8.18 Walking speed during the tandem walk. . . . . . . . . . . . . . . . . . . . . . 139
8.19 Scatter plot with linear regression for MFREQ and PANSS scores. . . . . . . . 143
8.20 Scatter plot with linear regression for MFREQ and PANSS scores. . . . . . . . 144

9.1 Chapter overview: Comparison of results between the studies. . . . . . . . . . 147
9.2 Time in Balance for all participants. . . . . . . . . . . . . . . . . . . . . . . . 149
9.3 Sway distance in ML direction and velocity in AP direction . . . . . . . . . . . 150
9.4 Normalized angular momentum for tandem and slackline walking. . . . . . . . 152
9.5 Center of Mass acceleration for tandem and slackline walking. . . . . . . . . . 153
9.6 Walking speed, normalized kinetic energy and energy ratio for tandem and

slackline walking. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154
9.7 Joint angle variation of elbow, frontal shoulder and knee joint. . . . . . . . . . 155

192



A.2 List of Tables

9.8 Comparison of head orientation, elbow and shoulder angle. . . . . . . . . . . . 156
9.9 Comparison of hand coordination. . . . . . . . . . . . . . . . . . . . . . . . . 157

10.1 Pressure Sensor Matrix. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162
10.2 Foot measurement on the Pressure Sensor Matrix . . . . . . . . . . . . . . . . 162
10.3 Syncronized CoP measurements on the force plate. . . . . . . . . . . . . . . . 164
10.4 The matrix sensor layout mounted on the slackline . . . . . . . . . . . . . . . . 165
10.5 Syncronized CoP measurements on the slackline . . . . . . . . . . . . . . . . . 166
10.6 Slackline CoP measurements: Scatter and Bland-Altman for system comparison. 166
10.7 Center of Pressure recording of different single leg balancing tasks. . . . . . . . 167

11.1 Dynamic reconstruction of a jumping motion with rotation on the slackline. . . 169
11.2 The coordinate system of the study. . . . . . . . . . . . . . . . . . . . . . . . . 170
11.3 Phase time estimation for the optimal control problem. . . . . . . . . . . . . . 172
11.4 Marker residuum for the optimal control problem based analysis . . . . . . . . 174
11.5 Center of mass acceleration position for the three methods. . . . . . . . . . . . 176
11.6 Center of mass velocity comparison for the three methods. . . . . . . . . . . . 177
11.7 Center of mass acceleration comparison for the three methods. . . . . . . . . . 178
11.8 Angular momentum comparison for the three methods. . . . . . . . . . . . . . 179
11.9 Change of angular momentum comparison for the three methods. . . . . . . . . 180
11.10 Computed contact forces and contact torques. . . . . . . . . . . . . . . . . . . 181
11.11 Stiffness estimation of the slackline in vertical and horizontal direction. . . . . . 183
11.12 Feet position and with a periodic function fit. . . . . . . . . . . . . . . . . . . 185

A.2 List of Tables

3.1 Body measurements of Xsens. . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.2 Comparison of the two motion capture systems. . . . . . . . . . . . . . . . . . . 35
3.3 Measurement difference for position and orientation between Qualisys and Xsens. 37

4.1 Definition of segment lengths. . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
4.2 Definition of joint center locations. . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.1 Comparison of motion analysis approaches. . . . . . . . . . . . . . . . . . . . . 58

6.1 Possible outcomes of a balance task . . . . . . . . . . . . . . . . . . . . . . . . 63
6.2 CoP Distance Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
6.3 CoP Frequency Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

7.1 Overview of study participants . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
7.2 Summary of all Performance Indicators for Single Leg Balancing . . . . . . . . . 96
7.3 Summary of all Performance Indicators for Slackline Walking . . . . . . . . . . 105

8.1 Demographic and clinical data of all participants. . . . . . . . . . . . . . . . . . 112
8.2 Balance test success rate for Experimental and Control. . . . . . . . . . . . . . . 114
8.3 Summary and statistics for visual evaluation of the balance test . . . . . . . . . . 116

193



A Appendix

8.4 RDIST and RATIO evaluation of CoP data . . . . . . . . . . . . . . . . . . . . . 120
8.5 MVEL and MFREQ evaluation of CoP data . . . . . . . . . . . . . . . . . . . . 121
8.6 Static balance test evaluation for changing eye condition. . . . . . . . . . . . . . 122
8.7 Effect of change in eye condition on CoP parameters during parallel stance. . . . 122
8.8 Tandem walk quality evaluation for Experimental and Control. . . . . . . . . . . 129
8.9 Tandem Walk Summary - Eyes Open . . . . . . . . . . . . . . . . . . . . . . . . 141
8.10 Tandem Walk Summary - Eyes Closed . . . . . . . . . . . . . . . . . . . . . . . 142
8.11 Correlation between PANSS and ML sway frequency. . . . . . . . . . . . . . . . 143
8.12 Correlation between PANSS and Tandem Walk Parameters. . . . . . . . . . . . . 144

9.1 Overview of balance data measurements . . . . . . . . . . . . . . . . . . . . . . 148
9.2 Kruskal-Wallis-Test for all CoP Variables . . . . . . . . . . . . . . . . . . . . . 149

11.1 Details of the subject specific model. . . . . . . . . . . . . . . . . . . . . . . . . 170

A.3 List of Acronyms

AP Anterior-Posterior . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

BMI Body Mass Index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

CoM Center of Mass . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

CoP Center of Pressure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

CP Capture Point . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

DoF Degrees of Freedom . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

EASE Examination of Self-Experience . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .21

EoM Equations of Motion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

EPS Extrapyramidal symptoms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

FD Fractal Dimension . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

GRF Ground Reaction Forces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

HCMR Heidelberg Center for Motion Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

IMU Inertial Measurement Unit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

IVP Initial Value Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

MDIST Mean Absolute Distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

MFREQ Mean Frequency . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

MVEL Mean Velocity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

ML Medial-Lateral . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

NLP Nonlinear Program . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

NSS Neurological Soft Signs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

OCP Optimal Control Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

194



A.4 Code

ODE Ordinary Differential Eqautions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
OPZ Olanzapine Equivalents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
PANSS Positive and Negative Syndrome Scale . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .xii
QP Quadratic Programming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
PSM Pressure Sensor Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161
RBDL Rigid Body Dynamics Library . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
RDIST Standard Deviation of the Trajectory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
RD Resultant Distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
SQP Sequential Quadratic Programming. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .55
TOTEX Total Excursion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
VOR Vestibulo-Ocular Reflex . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
VPP Virtual Pivot Point . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
xCoM Extrapolated Center of Mass . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
ZMP Zero Moment Point . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
ZRAM Zero Rate of Change of Angular Momentum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

A.4 Code

#!/usr/bin/python

import numpy as np
import c3d
from numpy.linalg import norm as norm

# based on subject height and weight
def calcSegLen(filename, directory , height, weight):

reader = c3d.Reader(open(filename, ’rb’))
labels = [s.strip() for s in reader.point_labels]

#Define Variables
Height = float(height)/100
Weight = float(weight)
Foot_R = 0
Foot_L = 0
Thigh_R = 0
Thigh_L = 0
Shank_L = 0
Shank_R = 0
MiddleTrunk = 0
UpperTrunk = 0
UpperArm_L = 0
UpperArm_R = 0
LowerArm_L = 0
LowerArm_R = 0
Hand_R = 0
Hand_L = 0
Head = 0
Pelvis = 0
AsisDist = 0

#Calculate Pelvis Dist and Shoulder Width by averaging over all frames
j = 0
for i, p, analog in reader.read_frames():

j = j+1
points = {s:p[labels.index(s)] for s in labels}
AsisDist += norm((points[’R_IAS’] - points[’L_IAS’])[0:3])
L5 += points[’LV5’][2] - 0.5*(points[’R_IAS’][2] + points[’R_IAS’][2])
ShoulderWidth += norm((points[’R_SAE’] - points[’L_SAE’])[0:3])

#Normalize by number of frames
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L5 = L5/j
ShoulderWidth = ShoulderWidth / j
AsisDist = AsisDist /j
#Pelvis Model
Pelvis = L5 + 0.3 * AsisDist

#Same for all other segments
j = 0
for i, p, analog in reader.read_frames():

points = {s:p[labels.index(s)] for s in labels}

#Shoulder Joint
S_offset = norm((points[’CV7’] - 0.5*(points[’R_SAE’] + points[’L_SAE’]))[2]) + 0.17*ShoulderWidth
ShoulderNeckOffset += S_offset

Foot_R += 5 / 4 * norm((points[’R_FCC’] - points[’R_FM1’])[0:3])
Foot_L += 5 / 4 * norm((points[’L_FCC’] - points[’L_FM1’])[0:3])

MiddleTrunk += norm((points[’MAI’] - points[’LV5’])[2])
UpperTrunk += norm((points[’MAI’] - points[’CV7’])[2])

Thigh_R += norm((points[’LV5’] - points[’R_FLE’])[2]) - Pelvis
Thigh_L += norm((points[’LV5’] - points[’L_FLE’])[2]) - Pelvis
Shank_L += norm((points[’R_FAL’] - points[’R_FLE’])[0:3])
Shank_R += norm((points[’L_FAL’] - points[’L_FLE’])[0:3])

#Distance to Shoulder Joint
UpperArm_L += norm((points[’L_SAE’] - points[’L_HLE’])[0:3])- 0.17*ShoulderWidth
UpperArm_R += norm((points[’R_SAE’] - points[’R_HLE’])[0:3])- 0.17*ShoulderWidth

LowerArm_L += norm((points[’L_HLE’] - points[’L_USP’])[0:3])
LowerArm_R += norm((points[’R_HLE’] - points[’R_USP’])[0:3])
Hand_R += 2*norm((points[’R_HM2’] - points[’R_RSP’])[0:3])
Hand_L += 2*norm((points[’L_HM2’] - points[’L_RSP’])[0:3])
Head += Height * 1000 - points[’CV7’][2]
j = j + 1

#Normalize by number of frames and convert into meter (c3d in mm)
normalize = 1000 * j

#Save to file
f = open(directory + "/SegmentLengths.txt", "w")
f.write(’Pelvis, ’ + str(Pelvis / 1000) + "\n")
f.write(’Thigh_R, ’ + str(Thigh_R / normalize) + "\n")
f.write(’Thigh_L, ’ + str(Thigh_L / normalize) + "\n")
f.write(’Shank_R, ’ + str(Shank_R / normalize) + "\n")
f.write(’Shank_L, ’ + str(Shank_L / normalize) + "\n")
f.write(’Foot_R, ’ + str(Foot_R / normalize) + "\n")
f.write(’Foot_L, ’ + str(Foot_L / normalize) + "\n")
f.write(’MiddleTrunk , ’ + str(MiddleTrunk / normalize) + "\n")
f.write(’UpperTrunk , ’ + str(UpperTrunk / normalize) + "\n")
f.write(’UpperArm_R , ’ + str(UpperArm_R / normalize) + "\n")
f.write(’UpperArm_L , ’ + str(UpperArm_L / normalize) + "\n")
f.write(’LowerArm_R , ’ + str(LowerArm_R / normalize) + "\n")
f.write(’LowerArm_L , ’ + str(LowerArm_L / normalize) + "\n")
f.write(’Hand_R, ’ + str(Hand_R / normalize) + "\n")
f.write(’Hand_L, ’ + str(Hand / normalize) + "\n")
f.write(’Head, ’ + str(Head / normalize) + "\n")
f.close()

Listing A.1: Python Code that calculates the segment length from the static c3d file
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#!/usr/bin/python

import numpy as np
import c3d
from numpy.linalg import norm as norm

# based on subject height and weight
def calcAntro(filename, directory , height, weight):

reader = c3d.Reader(open(filename, ’rb’))

labels = [s.strip() for s in reader.point_labels]

#Define Variables
Height = float(height)/100
Weight = float(weight)
ShoulderWidth = 0
ShoulderNeckOffset = 0
HipCenterWidth = 0
FootWidth_R = 0
FootWidth_L = 0
AnkleHeight_L = 0
AnkleHeight_R = 0
KneeDist_R = 0
KneeDist_L = 0
AnkleDist_R = 0
AnkleDist_L = 0
ElbowDist_R = 0
ElbowDist_L = 0
AsisDist = 0

j = 0
for i, p, analog in reader.read_frames():

j = j+1
points = {s:p[labels.index(s)] for s in labels}
AsisDist += norm((points[’R_IAS’] - points[’L_IAS’])[0:3])
ShoulderWidth += norm((points[’R_SAE’] - points[’L_SAE’])[0:3])

ShoulderWidth = ShoulderWidth / j
AsisDist = AsisDist /j
Pelvis = L5 + 0.3 * AsisDist

j = 0
for i, p, analog in reader.read_frames():

points = {s:p[labels.index(s)] for s in labels}
S_offset = norm((points[’CV7’] - 0.5*(points[’R_SAE’] + points[’L_SAE’]))[2]) + 0.17*ShoulderWidth

#Shoulder Joints
ShoulderNeckOffset += S_offset

FootWidth_R += norm((points[’R_FM5’] - points[’R_FM1’])[0:3])
FootWidth_L += norm((points[’L_FM5’] - points[’L_FM1’])[0:3])

KneeDist_R += norm((points[’R_FME’] - points[’R_FLE’])[0:3])
KneeDist_L += norm((points[’L_FME’] - points[’L_FLE’])[0:3])
AnkleDist_R += norm((points[’R_FAL’] - points[’R_TAM’])[0:3])
AnkleDist_L += norm((points[’L_FAL’] - points[’L_TAM’])[0:3])
ElbowDist_R += norm((points[’R_USP’] - points[’R_RSP’])[0:3])
ElbowDist_L += norm((points[’L_USP’] - points[’L_RSP’])[0:3])

AnkleHeight_L += (points[’L_FAL’])[2]
AnkleHeight_R += (points[’R_FAL’])[2]
j = j + 1

#Normalize by number of frames and convert into meter (c3d in mm)
normalize = 1000 * j

#Average left/right
FootWidth = (FootWidth_R + FootWidth_L)/2.
AnkleHeight = (AnkleHeight_L + AnkleHeight_R)/2
KneeDist = (KneeDist_R + KneeDist_L)/2
AnkleDist = (AnkleDist_R + AnkleDist_L)/2
ElbowDist = (ElbowDist_R + ElbowDist_L)/2
WristDist = (ElbowDist);

#Save to file
g = open(directory + "/Anthropometry.txt", "w")
g.write(’Height, ’ + str(Height) + "\n")
g.write(’Weight, ’ + str(Weight) + "\n")
g.write(’ShoulderWidth , ’ + str(ShoulderWidth / 1000) + "\n")
g.write(’ShoulderNeckOffset , ’ + str(ShoulderNeckOffset / normalize) + "\n")
g.write(’HipCenterWidth , ’ + str(AsisDist / 1000) + "\n")
g.write(’FootWidth , ’ + str(FootWidth / normalize) + "\n")
g.write(’AnkleHeight , ’ + str(AnkleHeight / normalize) + "\n")
g.write(’KneeDist, ’ + str(KneeDist / normalize) + "\n")
g.write(’AnkleDist , ’ + str(AnkleDist / normalize) + "\n")
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g.write(’ElbowDist , ’ + str(ElbowDist / normalize) + "\n")
g.write(’WristDist , ’ + str(WristDist / normalize) + "\n")
g.close()

Listing A.2: Python Code that calculates the antropomorphy from the static c3d file

Vector3d calcOmega(Model& model, const VectorNd& Q, const VectorNd& QDot)
{
// Variables
double mass = 0, mi = 0, rTr = 0;
unsigned int i = 0;

//3d Quantities
Vector3d r_c = Vector3dZero; //CoM pos
Vector3d H_c = Vector3dZero; //CoM local angular momentum
Vector3d r_ci = Vector3dZero; //body to CoM vector
Vector3d w_c = Vector3dZero; //avg angular velocity
Vector3d riCi = Vector3dZero;
Matrix3d J_c = Matrix3dZero; //CoM inertia
Matrix3d J_ci = Matrix3dZero; //body com inertia
Matrix3d J_i = Matrix3dZero; //body inertia
Matrix3d R_i = Matrix3dZero; //body rotation

//compute CoM position and velocity and angular momentum with RBDL function
UpdateKinematics(model,Q,QDot,VectorNd::Zero(model.dof_count));
RigidBodyDynamics::Utils::CalcCenterOfMass(model, Q, QDot, NULL, mass, r_c, NULL, NULL, &H_c);

//compute total interia around CoM and
for(std::map<std::string, unsigned int>::iterator it=model.mBodyNameMap.begin();

it != model.mBodyNameMap.end(); it++){
i = it->second;

if (model.IsFixedBodyId(i)){
continue;

}
else{
mi = model.mBodies[i].mMass;
riCi = model.mBodies[i].mCenterOfMass;
J_i = model.mBodies[i].mInertia;

}

r_ci = CalcBodyToBaseCoordinates(model,Q,i,riCi,false) - r_c;
R_i = CalcBodyWorldOrientation(model,Q,i,false).transpose();

rTr = r_ci.transpose() * r_ci;
Matrix3d rrT = r_ci * r_ci.transpose();
Matrix3d ji0 = R_i * J_i * R_i.transpose();
J_ci = (ji0 + mi * (rTr * Matrix3dIdentity - rrT));
J_c += J_ci;

}
//avg angular velocity
w_c = J_c.inverse()*H_c;

return w_c;

}

Listing A.3: RBDL Code for calculation of the average angular velocity

198



A.4 Code

Matrix3d calcTotalInertia(Model& model, const VectorNd& Q)
{
// variables
double mass = 0, mi = 0, rTr = 0;
unsigned int i = 0;

//3d Quantities
Vector3d r_c = Vector3dZero; //CoM pos
Vector3d r_ci = Vector3dZero; //body to CoM vector
Vector3d riCi = Vector3dZero;
Matrix3d J_c = Matrix3dZero; //CoM inertia
Matrix3d J_ci = Matrix3dZero; //body com inertia
Matrix3d J_i = Matrix3dZero; //body inertia
Matrix3d R_i = Matrix3dZero; //body rotation

//compute CoM position with RBDL function
UpdateKinematics(model,Q,VectorNd::Zero(model.dof_count),VectorNd::Zero(model.dof_count));
RigidBodyDynamics::Utils::CalcCenterOfMass(model, Q, NULL, NULL, mass, r_c, NULL, NULL);

//compute total interia around CoM
for(std::map<std::string, unsigned int>::iterator it=model.mBodyNameMap.begin();

it != model.mBodyNameMap.end(); it++){

i =it->second;
if (model.IsFixedBodyId(i)){

continue;
}
else{
mi = model.mBodies[i].mMass;
riCi = model.mBodies[i].mCenterOfMass;
J_i = model.mBodies[i].mInertia;

}

r_ci = CalcBodyToBaseCoordinates(model,Q,i,riCi,false) - r_c;
R_i = CalcBodyWorldOrientation(model,Q,i,false).transpose();

rTr = r_ci.transpose() * r_ci;
Matrix3d rrT = r_ci * r_ci.transpose();
Matrix3d ji0 = R_i * J_i * R_i.transpose();
J_ci = (ji0 + mi * (rTr * Matrix3dIdentity - rrT));
J_c += J_ci;

}
return J_c;

}

Listing A.4: RBDL Code for calculation of the whole body inertia
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import numpy as np
import pandas as pd

def MovingWindowCorrWalking(folder):
file = folder + ’/Coordination.csv’
Hand_Vel = np.genfromtxt(file, delimiter=’,’, dtype=float, unpack = True)

#Moving Window Correlation for 150 Frame Window (1s)
df = pd.DataFrame(Hand_Vel.T, index = None, columns=None)
roll_corr = df[1].rolling(150).corr(df[2])
roll_corr = roll_corr.abs()
Corr_150 = roll_corr.mean()

#Moving Window Correlation for 30 Frame Window (0.2s)
roll_corr = df[1].rolling(30).corr(df[2])
roll_corr = roll_corr.abs()
Corr_30 = roll_corr.mean()

return {’hand_Correlation_1sWindow’: Corr_150,
’hand_Correlation_02sWindow’: Corr_30}

Listing A.5: Python Code that calculates the hand coordination performance indicator from the hand
velocities
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