FAU Studien aus der Informatik 6

Julius Hannink

Mobile Gait Analysis:
From Prototype towards
Clinical Grade Wearable

Julius Hannink
Mobile Gait Analysis:
From Prototype towards Clinical Grade Wearable

FAU Studien aus der Informatik
Band 6
Herausgeber der Reihe:
Björn Eskofier, Richard Lenz, Andreas Maier,
Michael Philippsen, Lutz Schröder,
Wolfgang Schröder-Preikschat, Marc Stamminger, Rolf Wanka

Julius Hannink

Mobile Gait Analysis:
From Prototype towards
Clinical Grade Wearable

Erlangen
FAU University Press
2019

Bibliografische Information der Deutschen Nationalbibliothek:
Die Deutsche Nationalbibliothek verzeichnet diese Publikation in der
Deutschen Nationalbibliografie; detaillierte bibliografische Daten
sind im Internet über http://dnb.d-nb.de abrufbar.
Das Werk, einschließlich seiner Teile, ist urheberrechtlich geschützt.
Die Rechte an allen Inhalten liegen bei ihren jeweiligen Autoren.
Sie sind nutzbar unter der Creative Commons Lizenz BY-NC.
Der vollständige Inhalt des Buchs ist als PDF über den OPUS Server
der Friedrich-Alexander-Universität Erlangen-Nürnberg abrufbar:
https://opus4.kobv.de/opus4-fau/home
Bitte zitieren als
Hannink, Julius. 2019. Mobile Gait Analysis: From Prototype towards
Clinical Grade Wearable. FAU Studies FAU Studien aus der
Informatik Band 6. Erlangen: FAU University Press.
DOI: 10.25593/978-3-96147-173-7

Verlag und Auslieferung:
FAU University Press, Universitätsstraße 4, 91054 Erlangen

Druck: docupoint GmbH
ISBN: 978-3-96147-172-0 (Druckausgabe)
eISBN: 978-3-96147-173-7 (Online-Ausgabe)
ISSN: 2509-9981
DOI: 10.25593/978-3-96147-173-7

Mobile Gait Analysis: From Prototype towards
Clinical Grade Wearable
Mobile Ganganalyse: Vom Prototyp in Richtung
klinisch anwendbarer Systeme

Der Technischen Fakultät
der Friedrich-Alexander-Universität
Erlangen-Nürnberg
zur

Erlangung des Doktorgrades Dr.-Ing.
vorgelegt von

Julius Hannink
aus
Oldenburg (Oldb)

Als Dissertation genehmigt
von der Technischen Fakultät
der Friedrich-Alexander-Universität Erlangen-Nürnberg

Tag der Promotion:
Vorsitzender des Promotionsorgans :
Gutachter:

06.09.2018
Prof. Dr.-Ing. Reinhard Lerch
Prof. Dr. Björn M. Eskofier
Prof. Dr. Lorenzo Chiari
Prof. Dr. Jochen Klucken

Zusammenfassung
Ziel der vorliegenden Arbeit ist es, mobile Ganganalysesysteme basierend auf Inertialsensorik in Richtung klinischer Anwendbarkeit
zu führen. Solche Geräte sollen sowohl im klinischen Alltag zur
objektiven Gangbeurteilung unter kontrollierten Bedingungen, als
auch außerhalb des klinischen Umfeldes eingesetzt werden. Diese
Art der Anwendungen erfordern jedoch die behördlich attestierte,
klinische Qualität des jeweiligen tragbaren Geräts, was ein hohes
Maß wissenschaftlicher Forschung voraussetzt.
Die vorliegende Arbeit bewegt sich in drei Aspekten auf dieses Ziel
zu: (1) Verschiedene Methoden zur Rekonstruktion der Fußtrajektorie werden standardisiert und auf identischer Datenbasis verglichen, (2) die Schrittparametrisierung wird um kinetische Merkmale
erweitert und (3) kritische Annahmen, auf denen aktuelle mobile Ganganalysesysteme aufbauen, werden aufgehoben, um den
Anwendungsbereich dieser Systeme zu erweitern.
In Bezug auf die Rekonstruktion der Fußtrajektorie aus den Messdaten werden drei Orientierungsbestimmungen und drei Doppelintegrationsschemata aus der Literatur herangezogen. Jede dieser
Methoden wird bei gesunden Kontrollen gegen ein Motion-CaptureSystem evaluiert sowie untereinander verglichen. Hier wird eine
Lücke in bestehender Literatur geschlossen, der derzeit ein fairer
Vergleich von Rekonstruktionsverfahren auf einem identischen Datensatz fehlt.
Weiterhin werden die messbaren Schrittparameter durch Surrogatmarker für Bodenkontaktkräfte ergänzt. Dadurch können nicht nur
räumliche und zeitliche, sondern auch kinetische Parameter mittels
mobiler Ganganalyse betrachtet werden. Diese kinetische Charakterisierung einzelner Schritte wird in einer Studie zur posturalen
Stabilität bei 200 Patienten mit Parkinson und einer Kontrollgruppe
von 100 Gesunden klinisch angewendet. Hier werden erste Erkenntnisse zu quantifizierbaren, mobil erfassten Gangmaßen hinsichtlich
posturaler Stabilität bei Parkinson gewonnen.

Schließlich beurteilen Experimente zu einem weniger einschränkenden Satz an Grundannahmen in mobilen Ganganalysesystemen
die datengetriebene Bestimmung von Schrittparametern mittels
tiefer Lernverfahren. Am Beispiel der Schrittlänge wird die technische Machbarkeit bei drei zu Grunde liegenden Schrittdefinitionen betrachtet, bevor ein Heel-Strike basiertes Modell in exemplarischen Querschnitts- und Längsschnittstudien beim Parkinson Syndrom klinische Anwendung findet. Die Erweiterung auf
eine Heel-Strike basierte Bestimmung von fünf räumlichen und
zeitlichen Schrittparametern untersucht dann zwei exemplarische
Netzwerkarchitekturen zur Bestimmung der Gangparameter. Das
erfolgreichere Modell kommt anschließend in einer Interventionsstudie im geriatrischen Bereich zur klinischen Anwendung. Diese
Beiträge stellen die ersten Untersuchungen tiefer Lernverfahren
zur mobilen Bestimmung von Schrittparametern dar und eröffnen
den Zugang zu einem breiten Spektrum verwandter theoretischer
und angewandter Forschungsfragen.
Zusammenfassend bringt die vorliegenden Arbeit mobile Ganganalyse näher an den klinischen Alltag indem methodische Entscheidungen in der Signalverarbeitungskette standardisiert verglichen
werden, der Kreis der erfassbaren biomechanischen Variablen erweitert wird und kritische Annahmen fallen gelassen werden. Vor
allem Letzteres ist hervorzuheben, da die Annahmen mobiler Ganganalysesysteme deren Einsatz im klinischen Alltag aktuell aufgrund
der Vielzahl an vorhandenen Gangstörungen einschränken. Somit
trägt die vorliegende Arbeit zur Vision der breiten klinischen Anwendbarkeit objektiver Ganganalyse mittels tragbarer Technologie
bei. Diese soll bei der Überwachung von Therapien bzw. Krankheitsverläufen zum Einsatz kommen sowie zeitlich stark schwankende
Symptome, seltene Ereignisse oder langfristiges Patientenverhalten außerhalb des klinischen Umfeldes charakterisieren. Die vollständige Integration mobiler Ganganalyse in die klinische Routine
verspricht dabei letztendlich eine Verbesserung der individuellen
Patientenversorgung, die aktuell um einzeitige Messungen herum
organisiert ist.

Abstract
The aim of this thesis is to move mobile gait analysis systems based
on inertial sensing closer towards clinical grade wearable devices.
Such devices are envisioned to be used in everyday clinical practice
for objective gait assessment under supervised conditions as well
as for remote monitoring of gait in real-life environments. Such
applications, however, require clinical grade of the wearable device
established through clearance by the authorities and this process
needs to be based on scientific research.
The present thesis moves towards this aim in three main areas:
Benchmarking methodological choices in foot trajectory reconstruction, extending the stride parameterization with kinetic features and reducing the assumption set current mobile gait analysis
systems are built upon in order to widen the scope of gait disorders
these systems can be used in.
Regarding the benchmarking of methods for foot trajectory reconstruction from the measured data, three orientation estimation
and three double integration schemes are drawn from literature.
Each of these is evaluated in healthy controls against a motion capture system to assess estimation performance. This closes a gap
in existing literature that is currently missing a fair comparison of
reconstruction techniques on an identical dataset.
Further, the space of measurable stride parameters is complemented with surrogate markers for ground reaction forces. Thereby,
not only spatial or temporal, but also kinetic parameters can be
assessed by means of mobile gait analysis. This kinetic characterization of strides is applied in a clinical study on postural instability
in 200 Parkinson’s disease patients and 100 healthy controls. As a
result, first insights into quantifiable gait measures from inertial
sensing that express impairments in postural control are gained.
Finally, investigations into a less constraining assumption set explore data driven estimation of stride parameters with deep convolutional neural network regression regarding technical feasibility
as well as potential clinical applications. On the example of stride

length as a parameter, different underlying stride definitions are
evaluated before a heel-strike based estimation of stride length is
applied in two exemplary cross-sectional as well as longitudinal
studies in Parkinson’s disease. Extension to heel-strike based estimation of five spatial as well as temporal stride parameters then
explores different network architectures (joint vs. individual modelling) before applying the superior model in an interventional
study with geriatric patients. These contributions represent the
first investigations into deep learning as a method for mobile estimation of stride parameters and open the door to a vast scope of
related theoretical as well as experimental research questions.
To conclude, the present thesis brings mobile gait analysis closer to
clinical grade by benchmarking methodological choices, extending the space of assessable biomechanical variables and dropping
critical assumptions. Especially the latter currently limits application of these systems in daily clinical routine due to the variety of
gait impairments present. By addressing these points, the current
thesis contributes to the long term vision of objective gait assessment by wearable technology for use in therapy monitoring, disease
progression tracking, impairment scoring as well as for unraveling
information on fluctuating symptoms, rare events and long-term
patient behavior outside the clinical environment. Full integration
of these devices into clinical routine promises to revolutionize current healthcare pathways built around snapshot visits and thereby
enhance individual patient care.
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Introduction

Chapter 1. Introduction

1.1 Motivation
Human gait is traditionally described as an entirely automatic
form of locomotion requiring little to none higher mental function
[Sni+07]. Yet, the nervous, musculoskeletal as well as cardiovascular
system have to function properly to enable a healthy and efficient
locomotion [Sni+07]. Support of body weight is as important for
human gait as efficient movement planning and coordination, interaction with the environment (e.g. in the form of obstacle detection),
balance control, cognition or cardiovascular fitness. Dysfunction in
any module of this complex interplay between multiple systems in
the human body may result in difficulties to walk and has huge implications on mobility, functional independence and health related
quality of life [Ver+06; Sni+07]. Fear of falling as well as actual falls
due to an underlying gait problem may further aggravate reductions
in mobility and independence [Jør+05; Sni+07].
Clinically, disturbances of normal human gait are summarized under the term of gait disorders. Due to the causality hinted at above,
manifestation of a gait disorder can be an early sign and predominant symptom for future development of cardiovascular (e.g. stroke
or coronary heart disease), neurological (e.g. ataxia or Parkinson’s
disease), cerebrovascular disease (e.g. white matter lesions, multiple small infarcts) as well as dementia [Blo+00; Ver+02; Mar+02;
Sni+07]. Gait impairments can thus not be attributed to purely
age-related factors alone, but must be seen as manifestations of
(pre-clinical) disease and are relevant symptoms reducing quality
of life during disease progression [Blo+00; Wil+02; Sni+07].
Nevertheless, the prevalence of gait disorders in the older population is high. While 15 % of the population experience some sort of
gait impairment at the age of 60, already 80 % are affected at the age
of 85 [Sud01]. Moreover, the resulting impairments are commonly
multifactorial in nature [Sni+07; JZS10; HI14]. And although a complete cure from the underlying (mostly chronic) medical conditions
is unlikely, considerable improvements in functional abilities and
health related quality of life are achievable [Sal10].
2
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Assessment of gait provides a basis to identify, treat and also monitor gait disorders. Visual observation by a trained expert such as a
movement disorder specialist or physio-therapist represents a common and practical option for gait assessment [LHW98]. However, visual gait observation depends on the experience and interpretation
of the examiner and is hence subjective [KEF85; Cou99]. Therefore,
objective gait analysis systems have been developed in the past that
allow quantitative measurement of gait related parameters. Pressure sensitive paper capturing individual foot prints of the subject
during walking allows precise measurement of e.g. distance covered
in each stride [Boe77; FH91]. However, measuring these distances
on paper after the acquisition still requires large amounts of manual
work. Consequently, computer assisted systems featuring pressure
sensitive carpets capturing and analyzing the same information
digitally have been developed [McD+01; UB04; WWF05]. The gold
standard regarding human gait analysis, however, is optical motion
capturing. This type of assessment allows a detailed as well as accurate three dimensional tracking of human motion and gait [PB07;
WGM08; Mil+16].
Although these gait analysis systems address the subjectiveness
associated with visual gait observation, the afore mentioned systems are limited in availability in clinics. This is primarily due to
large costs, need for experienced personnel and acquisition times
that are hard to incorporate in clinical workflows [ZA07]. Similar
to traditional gait observation, gait analysis systems require the
patient to be in a gait laboratory. Hence, their use is mostly limited
to clinical studies and seldom part of clinical practice.
New technology that allows mobile assessment of human motion
addresses these drawbacks. Mobile gait analysis systems based on
wearable sensing are no longer limited to operation in a laboratory,
but can objectively assess gait independent of location. The same
examination could thus be performed on regular corridors in clinics
as well as at a resident physician that usually does not have access
to a sophisticated gait lab. Moreover, the process of measurement is

3
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not confined to clinical environments, but could be done remotely
and in the patient’s home environment.
A common choice of wearable sensor for mobile gait analysis is an
Inertial Measurement Unit (IMU) that records 3D acceleration as
well as 3D angular rate at defined positions of the human body. In
context of gait analysis, potential measurement locations include
the wrist [Ham+15; MBT15], ear [Jar+14], hip [Khu+15; Spa+14] , the
subject’s feet [Mar+10; Klu+13; Reb+13; Tro+14; Fer+15; Don+16;
KO16; Tun+17] as well as combinations of these locations. However, a minimal number of such sensing units as well as seamless
integration is required for unobtrusive measurement and clinical
practicality [Hob+14]. At the same time, high biomechanical resolution has to be ensured. This inevitably favors the subject’s feet as
a location of measurement which results in an integration of the
sensing units into footwear.
Such an instrumented pair of shoes (Fig. 1.1) constitutes a wearable
device to capture the subject’s gait behavior in various environments. In contrast to lifestyle wearables that aim at encouraging a
healthy behavior in everyday life, however, a mobile gait analysis system aims to be classified as a clinical grade wearable. As such, it is
specifically designed, tested and approved for a defined medical application. Potential use cases involve support in a diagnosis and/or
monitoring of a certain therapy and treatment. Therefore, these systems have to meet by far harder requirements compared to lifestyle
wearables. Specifically, any risk for the patient that stems from use
of the wearable needs to be assessed and properly managed. Large
representative clinical studies need to investigate, demonstrate as
well as document validity, reliability and benefits of measurements
with the wearable. Furthermore, data as well as revision safety have
to be guaranteed before the wearable is cleared by the authorities
and reaches clinical grade.
Foremost, however, such a process requires a deep understanding of all components involved. And primarily, this knowledge is a
product of scientific research. The available literature on mobile

4
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Figure 1.1: Mobile Gait Analysis: A pair of instrumented shoes streams data captured during human gait to a handheld device for storage and analysis. Such an
individualized assessment of a person’s gait profile can be performed independent
of location and remotely as well as continously accessed by the professional care
team in order to monitor a certain therapy or treatment and eventually enhance
individual patient care.

gait analysis systems based on inertial sensing spans about two
decades. The body of knowledge on those systems is thus comparatively young compared to e.g. computer assisted image understanding in biomedical imaging contexts. Consequently, some
questions important for the development towards a clinical grade
wearable and the subsequent integration into clinical practice remain unanswered. The current literature on mobile gait analysis
is, for example, lacking a consistent evaluation and optimization
of the underlying processing pipelines that compute interpretable
parameters from the measured data. Although a variety of methods is described in literature, there is no clear objective to decide
on one pipeline due to a lack of publicly available and generally
accepted benchmark datasets. This question is, however, relevant
for a clinical grade wearable. Furthermore, the characterization
of individual strides provided by mobile gait analysis systems described in literature is limited to spatial and temporal parameters.
5
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Kinetic factors such as ground reaction forces and force transfers
between the foot and the ground are thus not captured by these
systems. Such markers would complement the biomechanical characterization of a given stride and enable new clinical applications.
Finally, existing clinical applications are constrained to gait profiles
that comply with the set of assumptions current systems are built
upon. The systems described in literature so far are not applicable
to gait profiles that contain no motionless instants as seen in spastic
gait for example. These instants are used as anchor points by the
underlying processing pipelines to readjust and minimize accumulating errors. Opening the scope of mobile gait analysis systems
to these clinically relevant gait profiles, however, is relevant on the
way towards clinical grade to ensure application to the diverse gait
impairments seen in daily clinical routine.
The current thesis addresses the open research questions introduced above and by that move mobile gait analysis systems based
on inertial sensing closer to a clinical grade wearable. Such a device
is envisioned to be used in everyday clinical practice in applications
that range from objective examination of gait under supervised conditions in the laboratory to unbiased and automatic monitoring in
the patient’s home environment over multiple days. Especially in
the context of chronic neurodegenerative diseases, objective gait
assessment by wearable technology has the potential to provide
clinically desired information on fluctuating symptoms, rare events
and long-term patient behavior outside the clinical environment
for use in therapy monitoring, disease progression tracking and
objective impairment scoring. This would close critical knowledge
gaps in current healthcare pathways, provide better insight into
neurodegenerative diseases and eventually enhance patient care.

6
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1.2 Aims & Contributions of this Thesis
The vision of mobile gait analysis integrated into clinical routine
and thus allowing objective, yet practical assessment of human
gait under supervised as well as unsupervised conditions in various environments drives this thesis. It aims at contributing to the
evolution of mobile gait analysis systems based on inertial sensing
towards a clinical grade wearable. The individual contributions in
which the present thesis moves towards this vision can be grouped
in three main areas:
Foot trajectory reconstruction from inertial sensor data is one of
the central components in mobile gait analysis systems. Since the
variables of primary interest in the context of gait analysis, namely
position and orientation information, are not directly measurable
in the mobile sensing scenario, these need to be reconstructed
from the abstract variables of measurement. Within this thesis,
methodological choices in the prototypical implementation by
Barth [Bar17] are thoroughly tested and the space of possible reconstruction methods is experimentally explored with the aim to
determine an optimal choice of method. Based on the corresponding publication [Han+17d], the individual contributions are:
• Comparison of nine foot trajectory reconstruction methods
drawn from literature on an identical dataset.
• Identification of an optimal choice of reconstruction method.
• Development of visualization techniques for the resulting
foot orientation and trajectory data.
Parameterization of gait patterns represents another component
central in clinical application of mobile gait analysis systems. Since
the reconstructed trajectory contains too much information for
convenient use in clinical practice, relevant summary measures
or stride parameters have to be extracted. This is of course prone
to information loss and requires the set of stride parameters to be
7
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sufficiently descriptive. Within this work, the spectrum of available stride parameters in the prototypical implementation [Bar17]
is complemented with parameters drawn from literature as well
as novel surrogate markers for ground reaction forces. The latter
specifically support characterization of posturally impaired Parkinson’s Disease (PD) patients. The work on surrogate ground reaction
forces laid the basis for to two conference contributions [Han+17b;
Han+17a] and the individual contributions in this area are:
• Implementation of additional stride parameters drawn from
literature.
• Definition and extraction of two novel, surrogate markers for
ground reaction forces from inertial sensor data.
• A mid-sized clinical study investigating the potential of these
novel markers in indicating postural impairment in PD.
Finally, reducing critical assumptions is a key factor for application of mobile gait analysis systems in diverse clinical scenarios.
The gait patterns subject to analysis have to comply with a set of
assumptions that the system is built upon. The most critical assumption certainly is the zero velocity assumption that requires
the foot to be stationary between two strides. This particularly
limits the use of mobile gait analysis in clinical scenarios involving spasticity or hyperkinesia. To overcome this limitation, purely
data-driven methods posing less critical assumptions for stride parameter estimation are developed within this thesis. The research
in this area led to two journal publications [Han+18; Han+17c] and
the individual contributions are:
• A new type of algorithm for data-driven stride length estimation from inertial sensor data with deep convolutional neural
network regression.
• A concurrent validity assessment against an accepted, external reference system additionally investigating the method’s
8
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performance under different assumption sets regarding the
underlying stride definition.
• A generalized, yet flexible framework for estimating a set of
target variables from inertial sensor data based on deep convolutional neural network regression.
• Application of that framework in data-driven estimation of
five different stride parameters without relying on zero velocity assumptions.
• Two clinical studies that investigate the practical application
of these data-driven mobile gait analysis systems regarding
cross-sectional and longitudinal assessments of disease severity in PD as well as the use of and experience with wheeled
walkers in geriatric patients.
Besides these scientific contributions, there are several technical
aspects in which this thesis elevates the state-of-the-art:
• A Matlab toolbox serving as a library of relevant algorithms
for sensor-based gait analysis and providing access to processing pipelines (appendix A).
• A Graphical User Interface (GUI) based on this toolbox enabling automatic, semi-automatic as well as manual stride
segmentation and extraction of stride parameters for a single
as well as multiple acquisitions (appendix A).
• A python framework using deep convolutional neural networks based on google’s TensorFlow library providing very
general regression pipelines mapping inertial sensor data to
an arbitrary number of target variables. In the context of this
thesis, this framework is used for gait parameter extraction.

9
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• Within the scope of this thesis, 75 mobile gait analysis datasets
were acquired in the outpatient unit of the Molecular Neurology, University Hospital Erlangen, Germany. These acquisitions were recorded between 2015 and 2017 primarily with
PD patients and the total amount of data corresponds to 26
hours or 27 997 individual strides.
In summary, the scientific contributions of this thesis experimentally evaluate an optimal choice of foot trajectory reconstruction
method, contribute novel markers for ground reaction forces and
reduce the assumption space of mobile gait analysis systems. These
developments are important in the evolution towards a clinically
grade wearable as they justify methodological choices, expand the
space of assessable biomechanical variables and make such systems applicable in a wider range of gait impairments. By addressing
these points, the present thesis will bring mobile gait analysis systems closer to everyday clinical practice.

1.3 Structure of this Thesis
The individual steps this thesis takes to accomplish the afore mentioned contributions are visualized in Figure 1.2 and follow a bottomup approach: After the motivation as well as identification of aims
and contributions in this chapter, the clinical as well as technical
background are introduced in chapter 2 before slightly narrowing
the focus on fundamentals of mobile gait analysis systems in chapter 3. These two chapter lay the basis for the scientific contributions
described in detail in chapters 4 to 7. A joint summary and discussion of all achievements in chapter 8 concludes this thesis before
an outlook identifies future research directions.
The appendix gives additional information on the software toolbox
developed (appendix A), a short introduction of relevant quaternion
mathematics (appendix B) as well as statistics regarding the datasets
used (appendix C).
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Outlook
Ch.8: Summary & Discussion of Contributions
Ch.4

Ch.5

Ch.6

Ch.7

Benchmarking Foot
Trajectory Estimation

Surrogate Markers for
Ground Reaction Forces

Stride Length Estimation w/o
Zero Velocity Assumptions

Deep Learning for Gait
Parameter Estimation

Ch.3: Mobile Gait Analysis Fundamentals
Ch.2: Clinical & Technical Background
Motivation
Figure 1.2: Structure of this thesis: Following the general motivation above, the
relevant clinical and technical background as well as fundamentals of mobile gait
analysis systems are introduced. These lay the foundation for the main contributions of this thesis shown in the blue vertical columns. In the end, the contributions
are discussed and an outlook provides future directions.
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Chapter 2. Clinical & Technical Background

As already evident from the motivation, this thesis is based on and
combines clinical as well as technical viewpoints on mobile gait
analysis. To emphasize how success in this endeavour depends on a
fruitful interplay between both domains consider the following: On
the one hand, a detailed understanding of the clinical assessment of
gait and management of potential gait disorders is key to building
clinically useful and applicable mobile gait analysis systems. On
the other hand, however, knowledge of the inner workings as well
as fundamental assumptions from the technical side is required to
assess suitability of a given clinical scenario (e.g. treadmill based
assessment of Parkinson’s disease patients) for mobile gait analysis.
Therefore, the current chapter gives background information on the
clinical as well as technical domain before reviewing the existing
literature. In line with Figure 1.2, it thus represents the foundation
for the present thesis.

2.1 Healthy & Pathological Function of
Human Gait
2.1.1 Healthy Gait
Human gait appears as the most pragmatic form of locomotion requiring vanishing amounts of dedicated attention during everyday
life. Yet, it is highly complex in terms of internal requirements and
the amount of systems within the human body that need to operate
smoothly in order to produce a walking movement.
Snijders et al. or Götz-Neumann, for example, summarize this complexity of daily human walking as follows: Functional musculoskeletal as well as cardiovascular systems provide support for the body
weight and its locomotion while vestibular, visual and sensory systems give feedback on internal biomechanical configurations as
well as positioning and orientation w.r.t. the environment. Prior
to any execution, each motor task has to be planned in the frontal
cortex of the human brain. Basal ganglia take care of movement
initiation and automatization while the brainstem integrates different planing outcomes into one executive signal sent down the
14
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spine. Spinal pattern generators then activate peripheral nerves to
inform the required muscle fibres about the planned task. Finally,
the respective muscles execute their assigned contraction and produce movement. In the concrete example of human gait, this could
correspond to a foot lifting off the ground. The momentum generated by the muscles during this lift-off has to be fine-tuned to the
task at hand and continuous re-adjustments during the flight phase
prepare for a carefully planned landing of the foot. Tightly coupled
coordination between both legs, the upper body and an anti-cyclic
arm swing retains the dynamic equilibrium of postural stability and
prepares for consecutive strides. Furthermore, the environment
has to be screened continuously for obstacles as well as deviations
in terrain and the internal planning and execution routines have to
adapt appropriately. Lastly, optional routing to the final destination
has to be considered and provides yet another boundary condition
for internal movement planning [Sni+07; Göt11].
However, the macroscopic manifestation of these highly complex
interaction of multiple systems is the focus of study in most cases
due to reasons of practicality. Observing subject behavior in terms
of its locomotion is by far easier than mapping out the inner workings on a neuro-molecular level that is hidden from us in everyday
life by the large amounts of automaticity.
In order to systematically analyze the cyclic nature of human gait,
several layers of context are usually built around the movement.
The central element in a walking pattern is the stride. A stride is
defined as one complete cycle in the gait pattern, from one key event
(e.g. the instant where the foot leaves the ground) until the next
occurrence of this event [Per92; Whi91]. Additionally, one considers
a step as the movement performed between a specific key event on
one foot until the same event occurs on the contra-lateral foot.
For definition of single strides and further characterization, a set
of key events is usually defined (Fig. 2.1). Heel-Strike (HS) marks
the instant where the heel touches the ground while Toe-Off (TO)
corresponds to the moment where the toe leaves the ground. Based
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Figure 2.1: The healthy gait cycle including relevant key events and phases within
a stride.

on these, each stride can be subdivided into a stance and a swing
phase. Furthermore, Mid-Stance (MS) marks the central instant in
the stance phase where the movement of the corresponding foot
is minimal. Additionally, definition of toe-on and heel-off events
allows even finer sub-phases of one gait-cycle [Per92; Whi91].
Due to the internal complexity of the movement and the high
amount of biomechanical variation seen across subjects, the notion of a healthy or normal gait profile is difficult. Further, external
factors as for example gait speed have an influence on what gait
profile is most efficient in terms of metabolical and mechanical
costs [Per92; Whi91]. Still, several key aspects present in physiological gait patterns were observed by Perry in her large and systematic
study on norm and pathology of human gait [Per92]. The corresponding profile for one foot is visualized in Figure 2.1 and can be
characterized by:
• Lifting of the foot and forward swing of the leg
• Forward rotation around the ankle in the initial swing phase
followed by backward rotation and preparation for landing
• Initial ground contact with the heel (heel-strike)
• Continuing roll-over (shock absorption) until the foot rests
fully on the ground
• Stabilization of the contra-lateral foot-swing as well as weightbearing during the stance phase
• Initiation of the next swing phase by gradual shifting of weight
towards the forefoot and lifting of the heel
16
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2.1.2 Impaired Gait
Especially amongst the elderly, deviations from the normal gait
pattern described above are very common. While about 15% show
some form of gait alteration at the age of 60, already 80% of the elderly population is affected at the age of 85 [Sud01]. The associated
decline in mobility has huge implications on the perceived quality
of life [JZS10; Ell+11]. Moreover, impaired gait in the elderly largely
results in increased fall risk, higher morbidity as well as mortality
[JZS10; HI14].
Due to the complexity briefly touched upon above, gait impairment
can arise from a multitude of deficits in the human locomotion
system. Neurodegenerative processes, toxic factors, psychological
confounders as for example fear or depression, sensory deficits
as well as cognitive status can interfere with the quality of walking apart from a purely age-related decline in capabilities [Sal10;
JZS10; HI14]. Therefore, differentiation of multi-factorial reasons
that cause gait deficits from age-related changes that can be considered normal is considered the key challenge in the assessment
and treatment of gait disorders.
Clinical Classification of Gait Disorders There are two main classification approaches regarding gait disorders. Nutt et al. [NMT93]
propose a classification of gait disorders in a three-level model
taking into account different control mechanisms with varying degrees of compensation: Lower level gait disorders due to peripheral
or musculoskeletal deficits, mid-level gait disorders attributed to
spinal deficits and higher level deficits related to locomotion planning and control in the human brain [NMT93]. However, as Jahn
et al. [JZS10] and Hübscher and Isenmann [HI14] point out, this classification targeting the underlying patho-physiology responsible
for the impairment is only marginally useful in clinical routine.
The second classification of gait disorders is proposed by Snijders et
al. [Sni+07]. Their approach focusses on the clinical manifestation
of the patient’s gait and is complemented with bed-side diagnostics.
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In this approach, an antalgic gait features a reduced stance time on
the effected leg and a limping combined with a limited range of motion in the joints. Paretic or hypotonic gait can be identified through
a dropping foot syndrome and the associated waddling movements.
Circumduction, audible foot dragging and scissoring (bilateral circumduction) describe a spastic gait pattern. Ataxic gait featuring a
wide base of support and staggering, clumsy movements resembles
gait patterns under acute alcohol intoxication. This type of gait is
attributed to sensory deficits when the condition worsens with eye
closure, otherwise it is attributed to the cerebellum. Snijders et al.
call a gait that is affected by additional, involuntary movements a
dyskinetic gait while a patient showing shuffling steps and potential
episodes of complete freezing experiences a hypokinetic-rigid gait.
If a patient shows a tendency to fall towards a specific side during
walking, Snijders et al. name it a vestibular gait due to the apparent
balance problems. Further, a cautious gait is described as “walking on ice” (slow, wide base of support, short steps) and improves
considerably given minimal external support. A careless gait is associated with overly confident and fast walking that is above the
patient’s abilities. Lastly, Snijders et al. diagnose a higher level gait
disorder if severe balance problems are manifest and the patient
shows inadequate foot placement, crossing of legs or leans into the
wrong direction when turning. Further, some of these disorders
have a fluctuating or episodic nature and can therefore be hard
to spot in clinical snapshot observations [Sni+07; JZS10]. Specific
fluctuating disturbances might be differentiated due to different
provoking mechanisms while others are truly episodic and unpredictable as for example freezing of gait [GHH13].
Using Snijders’ systematic approach based on core gait features
and bed-side testing (reaction to minimal support, eye closure,
etc.), clinicians are able to center in on a possible diagnosis and
corresponding treatment options. PD patients, for example, often
experience a hypokinetic-rigid gait including tremor at rest and
postural instability. However, dyskinetic gait can also be observed
in PD patients under certain medication [Sni+07]. Patients suffering
18
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Figure 2.2: An example of a spastic gait profile often characterised by the absence of
heel-strike due to missing foot rotation, lift and stiffness that patients compensate
for by circumducting the corresponding leg.

from multiple sclerosis show a spastic gait profile where stiffening
of muscles can lead to a form tip-toe walking without a clear heelstrike (Fig. 2.2). Huntingon’s Disease (HD) patients often show a
careless gait as well as forms of dyskinetic gait disorders [Sni+07].
Assessment & Treatment Options As already evident from several
comments above, human gait is a very complex movement that can
be influenced by a multitude of factors. Clinical assessment of gait
disorders therefore aims at capturing as much influencing factors
as possible in order to diagnose a specific gait disorder and react
with suitable therapeutic counter measures.
The assessment focuses on the relevant patient history (acute or
chronic medical problems, fall history, general activity and functional status) [Sal10]. Further, medication type and intake routine
have to be reviewed [JZS10; Sal10]. Potential environmental factors
that might play a role have to be addressed [JZS10; Sal10] including
symptom sensitivity to darkness, dual-task competence or specific
situations that provoke a worsening of gait impairments. Secondary
symptoms such as nausea, fear, depression, pain or sensory deficits
can give important clues towards the type of gait disorder present.
This information is complemented with standardized gait and balance testing and neurological tests regarding cognitive and visual
status [JZS10; HI14]. In this context, gait is mainly assessed by
means of visual observation.
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Once a diagnosis is in place, treatment options open up along various lines and depend on the multi-factorial nature of the gait disorder. Salzman points out that although gait disorders are in most
cases irreversible, improvements in gait and balance and the associated effects on quality of life and functional status are in the
achievable range [Sal10]. Treatment options include physiotherapy
and exercise programs to counteract musculoskeletal deficits as
well as support ret(r)aining of gait and balance capabilities. Walking
aids fitted to the individual patients follow a similar line of intervention targeted at fall prevention in everyday life. These aids include
specialized shoes, walking sticks, canes or wheeled walkers. Psychological counseling represents an intervention specifically useful
in cases of cautious gait and gait disorders related to psychological
conditions in the elderly such as fear of falling [JZS10]. Surgical
interventions might target specific causes of gait impairment, e.g.
arthritis in the hip or knee joint [OM02; Mik+04]. Evidence for effectiveness of deep brain stimulation in PD patients is, however,
limited to the cardinal symptoms of tremor, rigidity and bradykinesia. Positive long-term effects on gait and balance status are not
observed [St +10]. Medication provides yet another path of therapy.
Dopaminergic agents are widely used to moderate gait impairment
in PD [Mor+94; Bry+11a; Bry+11b]. Further, a reduction of medications and a critical review of the combination of pharmaceutical
compounds on the medication plan may reduce gait impairments
due to associated side effects such as nausea [HI14].
During therapy, disease specific scores provide the means to monitor the intervention over time and evaluate patient response. In the
case of PD, the Unified Parkinson’s Disease Rating Scale (UPDRS) is
one example of such a score that aggregates non-motor and motor
aspects of experiences of daily living as well as a physical examination of motor function into a comprehensive summary measure
[FE87; Goe+08]. Similar tools exist in multiple sclerosis in the form
of the Expanded Disability Status Scale (EDSS) [Kur83].
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For further reference, Volpe [Vol88], Jahn et al. [JZS10], and Salzman [Sal10] as well as Hübscher and Isenmann [HI14] offer comprehensive reviews on pathological alterations of the human gait,
their physiological cause, clinical assessment and classification
as well as possible treatment options. A stunning reenactment
of the commonly observed gait disorders can be found at https:
//stanfordmedicine25.stanford.edu/the25/gait.html.
In summary, visual gait observation along with a complete assessment of confounding factors via physical examination, patient interviews and standardized testing allows differential diagnosis of
neuromuscular disease that manifests in gait. Further, possible
treatment options and tools to assess their success are in place in
the clinical workflow. However, visual gait observation as a key
element in this clinical routine requires the clinician’s full attention to simultaneously examine gait velocity, base of support, foot
clearance, stride length, balance, posture and arm-swing as well
as variability or asymmetries in these variables [JZS10]. This is a
tiring task and results depend largely on the clinician’s experience.
Consequently, visual gait observation suffers from high inter-rater
variability [Eas+91]. These arguments motivated Saleh and Murdoch [SM85] more than 30 years ago to demonstrate the conceptual
disadvantages of visual observation for clinical gait analysis and
propose objective measurement instead of observation.

2.2 Objective Assessment of Human Motion
In the past, several electronic measurement systems have been developed to objectively assess human motion and more specifically
human gait in order to assist clinicians in their diagnosis and treatment of movement disorders. These systems mainly divide into
stationary systems that require setup in a laboratory environment
and those which can assess the relevant variables of measurement
outside such environmental constraints due to the mobility of the
measurement technology.
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2.2.1 Laboratory Assessment of Human Motion
The most precise and highly accepted gold standard systems for
assessment of human motion in the laboratory are optical Motion
Capture (MoCap) systems. The measurement principle in these
systems is based on triangulation of (passive) photoreflective or
(actively) illuminated markers from multiple camera views [PB07].
These markers are placed on the human body at distinct anatomical
landmarks and tracked throughout an acquisition. Three dimensional position estimates can be obtained for every marker at a high
precision in the range of several mm [Mil+16]. By pairwise comparisons between single marker positions, joint angles and segment
orientations can be extracted (inverse kinematics) while inverse
kinetics allows extraction of internal forces or torques based on the
measured movement and a force plate [Rob+04]. Kluge [Klu18] gives
a concise and detailed overview on the underlying measurement
principles for further reference and an exemplary measurement
setup is depicted in Figure 2.3a.
Motion capture systems find wide application in the context of
movement disorders in laboratory based studies. Palliyath et al.
[Pal+98] compare stride parameters extracted using a 3D MoCap
system in ten patients suffering from cerebellar ataxia to ten matched,
healthy controls. Their measurement system allows a detailed characterization of the gait pattern for each subject. While Palliyath et al.
relate some of these alterations in gait patterns to reduced gait velocity in the patient population, other parameters could clearly be
attributed to cerebellar dysfunction. Morris et al. [Mor+05] present
a study testing relations between movement amplitude selection
and execution in twelve PD patients and twelve matched controls.
Their study design includes visual cues on the floor to moderate
stride length as well as worse and best possible medication (levodopa) in the PD cohort. Movement amplitude is assessed using
stride parameters and range of motion in several joints measured
with a MoCap system. They find reduced stride length and multijoint changes in gait patterns in PD patients and attribute this to “a
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a

b

Figure 2.3: (a) An exemplary motion capture system including 16 infrared cameras
(red boxes), one force plate (green box) and video cameras (blue boxes) for documentation purposes. (b) An exemplary computerized walkway system including
the pressure-sensitive carpet (green box) and an analysis station (blue box).

mismatch between cortically selected movement amplitude and
basal ganglia maintenance mechanisms” since levodopa as well as
cues normalize gait patterns to healthy levels. Delval et al. [Del+07]
examine externally as well as self triggered gait initiation in early
stage HD patients using MoCap derived parameters. They conclude
that impaired gait initiation in HD is mainly due to akinesia as characterized by objective measurement. Their data further provides
evidence that external triggering might mediate the impaired internal cueing in HD patients. Along similar lines of research, Mellone
et al. [Mel+16] investigate turning strategies in PD patients based
on a motion capture system. They show decreased base of support
and higher postural instability at fast speeds for differently angled
turns in twelve PD patients. Further, they observe compensatory
strategies to cope with this instability (slowing down, widening
the turn) and deduct potential training targets to improve turning
capabilities in PD patients.
Due to the very detailed characterization of gait patterns allowed
by motion capture systems, laboratory biomechanical assessments
can provide deep insight in neurological cause of movement disorders as seen in the four examples presented above. This insight,
however, comes at the cost of the laboratory acquisition setting.
Biomechanical motion capture laboratories are limited by large
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costs and restricted availability in clinics. Measurement preparation, specifically the placement of markers, requires experience as
well as time. Due to the high costs associated with large capture volumes, data acquisition is often limited to a few consecutive strides
in overground walking conditions and generalization of treadmill
walking behavior to overground walking is at times challenging.
Hence, these systems are well suited in the context of clinical studies in small populations, but not applicable for patient assessment
in daily clinical routine or larger clinical studies.
Other systems used for clinical gait analysis include pressure sensitive walkways as, for example, the GAITRite system (CIR Systems,
Inc, Havertown, Pennsylvania; Figure 2.3b). Briefly, these systems
record interactions between the feet and the ground using arrays of
pressure sensitive elements. As such, they aim at a digital version
of traditional gait analysis using pressure-sensitive paper [Boe77;
FH91]. Image processing identifies single footprints in the acquired
pressure maps as well as important segments per footprint. Based
on this data, spatio-temporal stride parameters can be computed.
Positional estimates in the ground plane are not as precise as in MoCap systems, but are still reliable up to ±1.3 cm [WWF05]. Further,
GAITRite derived stride parameters exhibit strong concurrent validity and test-retest reliability with motion capture systems [McD+01;
BMW03; UB04; WWF05].
Applications of computerized walkways enable acquisition of objective gait data in large clinical studies as for example the Mayo Clinical Study of Aging [Rob+08]. From this data collection, Hollman et
al. [HMP11] report normative data on spatio-temporal stride parameters from 293 healthy older adults. Similarly, Hass et al. [Has+12]
report normative stride parameters on the basis of 310 PD patients
assessed by GAITRite. Further normative data on stride parameters
is available based on a study including 432 children reported by
Dusing and Thorpe [DT07]. Schülein et al. [Sch+17b] examine the
effect of assistive walking devices on objective, GAITRite derived parameters in relation with fall risk in 101 geriatric patients. A similar
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study on mobility, balance and falls in 52 multiple sclerosis patients
is reported by Sosnoff et al. [Sos+11].
Regarding advantages of computerized walkways over motion capture systems, patient preparation is by far less time consuming and
costs as well as availability in clinics are less critical. Moreover, pressure sensitive carpets are in principle portable. This increase in
clinical practicality, however, comes at the cost of detail. Characterization of gait profiles is limited to parameters in the ground plane
whereas motion capture systems can assess parameters outside
the ground plane as, for example, joint angles or foot clearance. In
summary, pressure mats are well suited for larger clinical studies
and might be used in daily clinical routine for therapy or symptom
monitoring. Nevertheless, gait assessment is limited to the clinical
environment and can not be transferred easily to the patient’s home
or ambient assessment of spatio-temporal stride parameters.

2.2.2 Mobile Assessment of Human Motion
For assessment of human motion outside of laboratory conditions,
mobility and/or wearability of the measurement technology is a
key aspect. Similar to the two examples of laboratory based motion
assessment above, this constraint imposes certain limits on the
applications while at the same time enabling the investigation of
previously uncharted research domains.
Regarding motion and specifically gait assessment, mobile IMUs are
the most often used measurement devices. Briefly, they make use
of the fundamental mechanical physics as expressed in Newton’s
first and second law:
1. If no forces are applied, movement of any given body is proportional to its velocity (Galilean principle of inertia).
and
2. In the case of applied forces, the body’s acceleration a is proportional to the force applied with the body mass m acting
as the factor of proportionality.
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These are used in conjunction with Einstein’s equivalence principle
that guarantees an inertial, i.e. non-accelerated, frame of reference against which measurements can be performed at any given
point in space-time. It follows that the laws of physics, in this case
specifically Newton’s laws, are identical in all these inertial frames.
This is the basis for reliable and valid measurement of acceleration
and angular velocity with IMUs. As a consequence, the effect of
gravity is indistinguishable from acceleration and it will cost some
effort to disentangle the two for the use of IMUs in human motion
assessment.
Technically, accelerometers and gyroscopes built into IMUs follow
two simple measurement principles. Linear accelerometers use a
test-mass suspended on a spring that can only move along one specified direction and relates displacement due to external forces to
acceleration. In practice, this displacement is usually measured via
capacitive interfaces where spatial distance of capacitor plates results in a different electrical behavior (Fig. 2.4a). Three orthogonally
oriented linear accelerometers then span a three dimensional measurement frame for acceleration. Linear gyroscopes make use of a
vibrating element confined within a plane of measurement. Due to
external rotation and the corresponding Coriolis force, the vibration
direction in the plane of measurement is changed proportionally
to the angular velocity applied. Practically, this change in vibration
direction can be quantified via torsion in a piezo-electric sensing
element (Fig. 2.4c). The underlying measurement principle is thus
very similar to how the oscillation plane in a Foucault pendulum
is displaced due to the earth’s rotation. Again, three orthogonally
oriented planes of measurement have to be combined to assess
angular velocity around all three axes. Miniature magnetometers
can be realized as well, but their use for mobile motion analysis that
is potentially done in indoor environments with unpredictable magnetic field distortions due to ferromagnetic construction materials
is not recommended [Vri+09].
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Figure 2.4: (a) Measurement principle and technical quantification via a capacitive interface in linear accelerometers. (b) Integration
of accelerometer and gyroscope in a Shimmer 2R system [Bur+10] including data transmission and storage capabilities. (c) Measurement principle and technical quantification via vibrating elements and a sensing arm in linear gyroscopes.
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Applications of IMUs for objective assessment of human motion
have the advantage that the measurement devices can be manufactured with small form factors (Fig. 2.4b). Therefore, IMUs are very
lightweight and can be attached to various parts of the human body
to probe acceleration and angular velocity during movement. Additionally, these systems are cost efficient compared to the lab-based
systems introduced above.
Roetenberg et al. [RLS13] propose a motion tracking suit equipped
with 17 magnetic inertial measurement units placed on various
parts of the human body for objective and mobile assessment of
movement. Applications of this Xsens motion suit range from human gait over ice skating to sky diving. In the context of gait assessment, concurrent validity against a gold standard laboratory system
is successfully evaluated [Khu+15]. Further, Spain et al. [Spa+14]
report on a study in 27 multiple sclerosis patients assessed with six
lower limb Xsens IMUs followed over a period of 18 months at regular intervals. Gait and balance are assessed and the authors find
that variability in between visits correlates with clinical measures
of disability [Spa+14].
Palmerini et al. [Pal+17] use a multi-sensor system for prediction of
freezing in PD patients based on IMU data from the hip as well as
both shins. They hypothesize that prior to a freezing episode, the
gait profile deteriorates. Based on their lab based study in 18 PD
patients performing tasks that are known to induce freezing of gait,
they confirm this hypothesis and provide promising results for automatic detection based on this deterioration in gait. As an outlook,
the authors intend to use this prediction of a freezing episode as a
trigger for preventive strategies such as audible cueing.
Hammerla et al. [Ham+15] assess disease state in PD patients using
only two IMUs located on the wrist. They record data from 34 PD
patients for about four hours in the motion lab and an entire week in
the patients’ home environment. Using deep learning approaches,
they are able to show good agreement between accelerometry based
disease state estimates, clinical scores in the lab and patient diaries
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at home. With this, they provide first insights into remote patient
assessment and automated scoring in the case of PD using mobile
and objective human motion analysis.
Mancini et al. [Man+11] investigate the use of a single IMU on
the lower back for center of pressure sway measurements in PD
patients for assessment in the home environment. They could
reach comparable results to force plates, the widely accepted gold
standard system for postural stability assessment in the lab.
Schlachetzki et al. [Sch+17a] use two IMUs attached below the ankle
joint to assess stride parameters in PD patients. In a cross-sectional
study with 190 PD patients and 101 healthy, age-matched controls,
they observe changes in gait patterns specific to PD as for example
short strides, shuffling gait or postural instability. They additionally
follow a cohort of 63 PD patients longitudinally with standardized
clinical gait assessment using IMUs equipped shoes and are able to
trace the progressive nature of the disorder in the measured stride
parameters. They conclude that objective and mobile assessment
of human gait with IMUs has high potential for large scale clinical
studies as well as individual patient care.
Finally, Vienne et al. [Vie+17] review the use of IMUs for gait assessment in neurological disease in general and give a good overview
on the specific diagnoses and research questions covered in literature. These include Parkinson’s disease, mild cognitive impairment
and Alzheimer’s as well as cerebral palsy, peripheral neuropathy or
spinocerebellar ataxia. However, a major challenge in applications
of mobile motion assessment prior to routine clinical use lies in the
homogenization of measurement protocols and establishment of
normative data regarding IMU derived measures [Vie+17].
In summary, wearability of the measurement technology is the
groundbreaking advantage of IMUs for human motion analysis and
specifically gait assessment. Patient preparation prior to measurement slightly depends on the application, but is almost neglectable
in the case of IMU-equipped shoes for example. This increase in
practicality and cost efficiency, however, comes with decreased
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biomechanical resolution compared to motion capture systems.
Regarding gait assessment, for example, each stride can be probed
at high temporal resolution w.r.t. acceleration and angular velocity
signatures using IMUs. The resulting challenge then lies in relating these signatures in constantly moving measurement frames
to interpretable stride parameters accessible by the physician and
meaningful in the clinical context. This problem will be addressed
in later parts of and throughout this thesis. Furthermore, wearable
sensing technology enables data collection during the swing phase
of the gait cycle and the assessment is hence no longer limited to
the ground plane as in the case of computerized walkways. This
enables larger clinical studies due to the practicality of measurement while at the same time allowing deeper characterization of
gait profiles. Moreover, wearability of the assessment technology
allows observations outside of the laboratory environment where
especially episodic phenomena like freezing of gait in PD are hard
to trigger. Such a monitoring of gait in everyday life promises ecologically valid measurements unbiased by the clinical examination
setting (white-coat bias) and consequently reflects patient behavior far better [Mae+13]. These characteristics of mobile human
motion assessment create the unique opportunity to revolutionize
current healthcare concepts built around snapshot observation in
laboratory settings [MKH16].

2.3 Related Work
This thesis aims at the development of a mobile gait analysis system
based on inertial sensing on the lower extremity of the human body.
The existing literature in this research domain is therefore introduced below. Further, the computation of stride parameters from
the measured data is of central importance to the thesis. Consequently, related work on the mobile estimation of such parameters
is reviewed in detail before open research questions are identified.
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2.3.1 Development of Mobile Gait Analysis Systems
In the past, several mobile gait analysis systems based on inertial
sensing on the shoe or lower extremity have beed developed and
partly commercialized. With applications in mind that relate to
ambient monitoring and ecologically meaningful measurement,
this review of existing systems is constrained to those systems that
require a minimal set of IMUs. This is mainly due to the associated
gains in practicality and unobtrusiveness. Therefore, systems like
the MobilityLab [APD] or Xsens [RLS13] are not considered here.
Table 2.1 provides an overview of the related literature.
Aminian et al. [Ami+02] and Salarian et al. [Sal+04; Sal+13] present
a mobile gait analysis system that only relies on gyroscopes. In the
background, biomechanical models of the human body are driven
with the measured data to achieve estimates of spatio-temporal
stride parameters. Aminian et al. [Ami+04] provide a validity assessment for application in total hip athroplasty patients also showing
first results regarding agreement with the clinical observations in a
small study population. Acker et al. [Ack+17] then assess treatment
outcome in terms of parameters derived by this mobile gait analysis
system at a five-year follow up visit in 20 patients and 72 controls.
The same research group also develops along a different line of
mobile gait analysis methodology. Mariani et al. [Mar+10] estimate
spatio-temporal stride parameters from inertial data captured at the
heel in ten young as well as ten elderly healthy participants. Technical validation of the estimated stride parameters is done against a
MoCap system. A similar study follows with sensors placed in the instep that evaluates specifically toe clearance parameters [Mar+12].
A year later, a clinical proof of concept is presented using the inertial sensors placed in the instep of ten PD patients and ten healthy
controls. Also in this population affected by impaired gait, technical
validity of the estimated stride parameters is assessed [Mar+13].
Further, Mariani et al. [Mar+13] find clinically interpretable differences in gait patterns between healthy controls and PD patients in
best as well as worse possible medication states. This constitutes a
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clinical proof of concept for the mobile gait analysis system. As a
reference in the clinical application setting, Dadashi et al. [Dad+13]
report normative data from more than 1400 healthy controls above
the age of 65 regarding inertial sensor derived stride parameters.
Furthermore, Brégou Bourgeois et al. [Bré+14] extend the clinical
applications to children suffering from cerebral palsy and the associated gait alterations. Again, technical validity is assessed in 14
children with cerebral palsy and 15 age-matched controls and alterations in inertial sensor derived stride parameters are in agreement
with clinical observations. This system is commercialized under the
product name GaitUp and holds medical product approval since
2017 [Gai].
Donath et al. [Don+16] present a validity as well as reliability assessment regarding inertial sensor derived stride parameters for
a mobile gait analysis system commercialized under the product
name RehaGait [HAS]. This system holds medical product approval
as well while little documentation in terms of scientific literature is
available.
Barth [Bar17] presents a mobile gait analysis system based on two
off-the-shelf IMUs located below the ankle and attached to a sport
shoe. Early work evaluates proof of concept in terms of classification between healthy controls and PD patients based on IMU
data captured during standardized gait tests [Bar+11; Klu+13]. Furthermore, segmentation of individual strides from free walking
movements is evaluated in healthy subjects, PD as well as geriatric
patients [Bar+15]. The extracted stride parameters are assessed w.r.t.
validity against a pressure sensitive walkway in 101 geriatric patients
[Ram+15]. Kanzler et al. [Kan+15] and Kluge et al. [Klu+17] provide
further validation against a MoCap system in healthy volunteers as
well as a small PD patient group. Kluge et al. [Klu+17] additionally
evaluates test-retest reliability of the system. Dedicated analysis
of standardized gait trials is proposed by Reinfelder et al. [Rei+15]
for the timed up and go test while Pasluosta et al. [Pas+15] as well
as Barth [Bar17] develop regression models towards clinical scales
used in PD based on the recorded data. Schlachetzki et al. [Sch+17a]
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Table 2.1: Overview on related mobile gait analysis systems grouped by system and ordered chronologically.
Sensor Setup

Short description of type and content of study

n

Type

Position

Aminian et al. [Ami+02]
Salarian et al. [Sal+04]
Aminian et al. [Ami+04]
Acker et al. [Ack+17]

3
4
4
4

G
G
G
G

Mariani et al. [Mar+10]
Mariani et al. [Mar+12]
Mariani et al. [Mar+13]
Dadashi et al. [Dad+13]
Brégou Bourgeois et al. [Bré+14]

2
2
2
2
2

AG
AG
AG
AG
AG

Heel
Instep
Instep
Instep
Instep

Tech. validation of stride parameter estimation
Tech. validation of stride parameter estimation
Clinical proof of concept in PD
Normative data in healthy older individuals
Extension of application domain to cerebral palsy

Klucken et al. [Klu+13]
Barth et al. [Bar+15]
Rampp et al. [Ram+15]
Kanzler et al. [Kan+15]
Marxreiter et al. [Mar+16]
Kluge et al. [Klu+17]
Schlachetzki et al. [Sch+17a]
Gaßner et al. [Gaß+17]

2
2
2
2
2
2
2
2

AG
AG
AG
AG
AG
AG
AG
AG

Below ankle
Below ankle
Below ankle
Below ankle
Below ankle
Below ankle
Below ankle
Below ankle

Clinical proof of concept in PD
Tech. validation of stride segmentation
Tech. validation of stride parameter estimation
Tech. validation of stride parameter estimation
MGA used as a diagnostic tool for drug adjustments in PD
Tech. validation + reliability of stride parameter estimation
Clinical validation in PD
MGA used in clinical research on gait & cognition

Bamberg et al. [Bam+08]
Rebula et al. [Reb+13]
Trojaniello et al. [Tro+14]
Jarchi et al. [Jar+14]
Ferrari et al. [Fer+15]
Donath et al. [Don+16]
Kitagawa and Ogihara [KO16]
Tunca et al. [Tun+17]

2
2
2
2
2
2
2
2

AG
AG
AGM
A
AG
AGM
AG
AG

Heel
Heel
Above ankle
Behind ear
Instep
Below ankle
Instep
Instep

Tech.
Tech.
Tech.
Tech.
Tech.
Tech.
Tech.
Tech.

Shank, r. thigh
Shank, thigh
Shank, thigh
Shank, thigh

Tech. validation of stride parameter estimation
Tech. validation of stride parameter estimation
Clinical proof of concept in THA
MGA used as diagnostic tool in THA

n: Number of sensors, A: Accelerometer, G: Gyroscope, M: Magnetometer, THA: Total Hip Athroplasty, MGA: Mobile Gait Analysis
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validation of stride parameter estimation
validation of stride parameter estimation
validation of stride parameter estimation
validation of stride parameter estimation
validation of stride parameter estimation
validation + reliability of stride parameter estimation
validation of stride parameter estimation
validation of stride parameter estimation
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finally provide a larger clinical validation of the system including a
cross-sectional as well as longitudinal study in PD and find good
correspondence between sensor-derived gait profiles and clinical
observations. On this basis, Marxreiter et al. [Mar+16] as well as
Gaßner et al. [Gaß+17] use the system for clinical research. Development continues with a thorough re-evaluation of segmentation performance and benchmarking of different approaches [Gha+18] as
well as the contributions in this thesis outlined above. This mobile
gait analysis system is available for clinical studies while medical
product approval is currently sought.
Outside the domain of commercialized mobile gait analysis systems, a multitude of proposed systems with slight adaptations in
methodology exists. Bamberg et al. [Bam+08] present a system
called GaitShoe that integrates IMUs as well as pressure-sensitive
insoles. Based on data from ten healthy volunteers and six PD patients, they assess technical validity of the extracted parameters.
Based on measurements obtained with IMUs located at the heel,
Rebula et al. [Reb+13] assess validity of estimated stride parameters
against a MoCap system in nine healthy volunteers. Jarchi et al.
[Jar+14] present a system based on two IMUs worn behind the ear.
This ensures clinical practicality as well while the biomechanical
resolution is quite low. Due to the large distance between foot and
the measurement location, only temporal stride parameters can be
assessed. Trojaniello et al. [Tro+14] estimate spatio-temporal stride
parameters based on M-IMU derived data from above the ankle.
They assess technical validity in ten healthy, ten healthy elderly, ten
PD as well as ten choreic movement disorder subjects and employ
magnetometer measurements for orientation estimation. Ferrari
et al. [Fer+15] present an integrated solution for real-time estimation of spatio-temporal stride parameters using Kalman filtering.
Their system consists of two IMUs located at the instep of a shoe
and they evaluate technical validity against a pressure sensitive
walkway in a small group of healthy volunteers and PD patients.
In a second study, the authors use this system for gait training in
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semi-supervised conditions. Based on data from eleven PD patients, they show usability as well as effectiveness of biofeedback
gait training [Fer+16]. The work by Kitagawa and Ogihara [KO16] is
the first to explicitly include a level ground assumption that corrects
clearance trajectories based on the assumption that the walking
sequence is obtained on level ground. For testing, they analyze 180
strides captured from 10 healthy subjects using an IMU located in
the instep. Tunca et al. [Tun+17] present a similar system based on
IMUs located in the instep including a good overview on related
literature. Particle filtering is used to obtain position and orientation estimates based on IMU data, but the extracted stride parameters for 22 subjects including 17 with neurological conditions
are only clinically discussed and not validated against an external
reference system.

2.3.2 Mobile Estimation of Stride Parameters
Following the introduction of existing mobile gait analysis systems
based on lower extremity IMUs, this section will specifically review
the stride parameters extracted by these systems. Table 2.2 gives an
overview on relevant publications, sensor systems, type of study as
well as stride parameters assessed within these works. Systems are
mostly evaluated in technical validation studies that compare the
extracted stride parameters from the proposed sensor-based system
to an external gold standard system. The other type of study listed
in Table 2.2 is the reliability analysis that assesses stability of the
extracted parameters by comparing repeated measurements with
the sensor-based system over shorter time spans. Further, sensor
placement does not seem to constrain the amount of assessable
stride parameters.
Aminian et al. [Ami+02], Salarian et al. [Sal+04] and Trojaniello et al.
[Tro+14] specifically assess estimation performance regarding event
detection within the gait cycle, whereas other works mostly report
performance metrics regarding the extracted temporal parameters
computed from these events.
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Sensor Setup

Aminian et al. [Ami+02]
Salarian et al. [Sal+04]
Bamberg et al. [Bam+08]
Mariani et al. [Mar+10]
Mariani et al. [Mar+12]
Rebula et al. [Reb+13]
Brégou Bourgeois et al. [Bré+14]
Trojaniello et al. [Tro+14]
Rampp et al. [Ram+15]
Ferrari et al. [Fer+15]
Kanzler et al. [Kan+15]
Donath et al. [Don+16]
Kitagawa and Ogihara [KO16]
Kluge et al. [Klu+17]
Orlowski et al. [Orl+17]

n

Type

Position

Study type

Results reported on

3
4
2
2
2
2
2
2
2
2
2
2
2
2
2

G
G
AG
AG
AG
AG
AG
AGM
AG
AG
AG
AGM
AG
AG
AG

Shank, r. thigh
Shank, thigh
Heel
Heel
Instep
Heel
Instep
Above ankle
Below ankle
Instep
Below ankle
Below ankle
Instep
Below ankle
Above ankle

TV
TV
TV
TV
TV
TV
TV
TV
TV
TV
TV
TV + RA
TV
TV + RA
RA

HS, TO, ST, DS, SL, GS
IC, TC, ST, StT, DS, SPA, SL, GS
ST, StT, SPA, SL
SL, GS, FC, TA
FC, HC
ST, SL, SW
SL, GS, TA, SPA
IC,TC, ST, SwT, StT, SL
ST, StT, SwT, SL
ST, SL, GS
FC, HC
C, ST, SL, GS
SL, FC
ST, StT, SwT, SL, GS
C, ST, StT, SwT, SL, GS, SPA

n: Number of sensors, A: Accelerometer, G: Gyroscope, M: Magnetometer, TV: Technical Validation, RA: Reliability Analysis IC: Initial contact, TC: Terminal contact, HS: Heel-strike,
TO: Toe-off, C: Cadence, ST: stride time, StT: Stance time, SwT: Swing time, DS: Double Support time, SL: Stride Length, GS: Gait Speed, FC: Foot Clearance, HC: Heel clearance, SW:
Stride width, TA: Turing angle, SPA: Sagittal plane angles (at heel strike/toe off or min/max)
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Table 2.2: Overview on stride parameters extracted in mobile gait analysis systems ordered by publication date and including type
of study as well as stride parameters assessed.

2.3. Related Work

Regarding temporal parameters, Aminian et al. [Ami+02] as well
as Salarian et al. [Sal+04] are the only authors to report estimation
performance on double support times. This requires time-wise
synchronization of signals from all measurement locations on the
body as the double support time is defined as the temporal distance
between initial contact / heel strike on one foot and toe-off on
the contra-lateral side. Aminian et al. [Ami+02] and Salarian et al.
[Sal+04] achieve this with a portable data-logger on the subject with
hard wired contacts to each IMU. All other systems from Table 2.2
are based on wireless Bluetooth technology where synchronization
is much harder to achieve. Hence, they focus on leg-wise spatiotemporal parameters. Interestingly, some works report results on
stride as well as stance time, but do not list estimation performance
on the swing time [Sal+04; Bam+08]. Although swing and stance
time add up to the stride time, explicit assessment of the estimation
performance regarding this parameter would be beneficial from a
practical point of view since swing time reductions are an important
measure in the clinical context [Fre+05; Che+05]. Along similar
lines, cadence defined as the average number of strides per minute
and stride time are two temporal parameters that are theoretically
dependent, but explicit assessment of estimation performance by
Donath et al. [Don+16] and Orlowski et al. [Orl+17] is of interest for
clinical applications.
The group of spatial stride parameters is quite homogeneous between all works from Table 2.2. Rebula et al. [Reb+13] specifically
investigate mobile estimation of stride width while the exact definition could be reported clearer. Gait speed is always defined as the
quotient of stride length and time and thus not a truly independent
parameter. Turning angles in the ground plane as well as sagittal
plane angles at heel-strike or toe-off are also very consistent in their
definition across systems. Regarding parameterizations of the clearance trajectory, however, some works [Kan+15; Mar+10] only assess
maximum toe clearance over the course of one stride while others
[Mar+12; KO16] extract first minimum and second maximum of the

37

Chapter 2. Clinical & Technical Background

toe clearance trajectory as well assuming a constant shape across
subjects that allows such definitions.
The stride parameter mentioned across the vast majority of studies
is stride length. Hence, Table 2.3 specifically compares estimation
performance and evaluation datasets across these studies.
Regarding the evaluation dataset, it is quite apparent that no generally accepted benchmark dataset exists for development of mobile
gait analysis systems, specifically stride length estimation. Further,
dataset size in terms of subjects is comparatively small with only
one exception (Rampp et al. [Ram+15]). Additionally, the number
of individual strides on the datasets varies from 180 strides from 10
subjects [KO16] to 5538 strides from 9 subjects [Reb+13]. Regarding the subjects’ age, however, most studies focus on the elderly
representing one important target population for application of mobile gait analysis systems. The type of gait profiles differs between
healthy, parkinsonian, geriatric with diverse gait disturbances as
well as patients suffering from cerebral palsy or arthrosis in the
hip joint. Mostly, MoCap systems are used as a reference while
some studies [Tro+14; Ram+15; Fer+15] use the pressure sensitive
walkway GaitRite with the associated advantages in acquisition
practicality.
An ideal evaluation dataset would offer large amounts of variation
across subjects as well as gait profiles and provide high numbers of
individual strides per subject. The apparent lack of such a benchmark dataset is most probably due to the high efforts and costs
associated with these kind of studies both in terms of subject recruitment and acquisition complexity in biomechanical motion
laboratories. The closest match towards this is certainly the dataset
provided by Rampp et al. [Ram+15] that is also used in this thesis.
Estimation performance is assessed in terms of mean accuracy
and precision between sensor-derived stride length estimates and
the external reference system. These correspond to the mean and
standard deviation of the (signed) error distribution computed on
the basis of the reference system. These results certainly have to
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Table 2.3: Overview regarding mobile estimation of stride length: Dataset characteristics vs. mean accuracies and precisions
achieved on the level of individual strides.
Subjects
n
Bamberg et al. [Bam+08]
Mariani et al. [Mar+10]
Mariani et al. [Mar+10]
Salarian et al. [Sal+13]
Rebula et al. [Reb+13]
Brégou Bourgeois et al. [Bré+14]
Trojaniello et al. [Tro+14]
Trojaniello et al. [Tro+14]
Rampp et al. [Ram+15]
Ferrari et al. [Fer+15]
Kitagawa and Ogihara [KO16]
Kluge et al. [Klu+17]

16
10
10
15
9
29
10
10
101
14
10
15

Age

Gait Profile

mixed
young
elderly
elderly
young
children
elderly
elderly
elderly
elderly
young
mixed

H, PD
H
H
H, CAX
H
H, CP
H
PD
G
PD
H
H, PD

# Strides
315
482
492
229
5538
1490
576
532
1220
1314
180
1166

Reference
MoCap
MoCap
MoCap
MoCap
MoCap
MoCap
GaitRite
GaitRite
GaitRite
GaitRite
MoCap
MoCap

Mean Acc. ± Prec.

Rel. Prec.

[cm]

[%]

7.4 ± 13.6
2.4 ± 7.5
0.7 ± 6.1
−0.8 ± 6.6
−1.2 ± 3.7††
3.4 ± 4.6
0.0 ± 1.9
0.1 ± 1.9
−0.3 ± 8.4
−0.2 ± 7.0
−2.3 ± 1.3
1.4 ± 6.7

11.7
6.8
6.1
6.0†
3.2
3.9†
1.0
2.0
10.7†
5.0
0.7
4.7†
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n: Number of subjects, H: Healthy, PD: Parkinson Disease, CAX: Coxarthrosis, CP: Cerebral palsy, G: Geriatric, † : Computed based on mean stride length reported, †† : Computed
after correspondence with the authors.
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be seen as a function of the evaluation dataset used which limits
their comparability as well as generalizability. This fact might also
explain the lack of a monotonic increase in estimation performance
over time one could expect due to gradually improving estimation
techniques (Tab. 2.3).
With the exception of Bamberg et al. [Bam+08], all accuracies are
in the range of several cm while precisions are below 10 cm. Particularly striking results are reported by Trojaniello et al. [Tro+14]
and Kitagawa and Ogihara [KO16]. Both studies, however, employ a
rather small evaluation dataset that results might have been tuned
to. Trojaniello et al. even come close to resolving their reference
precision of ±1.3 cm [Tro+14] most probably because they employ
magnetometer measurements which improve the orientation estimation. This is, however, not generally recommended due to ferromagnetic distortions caused by construction materials [Vri+09].

2.3.3 Open Research Questions
When reviewing the current state-of-the-art in mobile gait analysis,
several open research questions become apparent that this work
set out to pursue:
Although plenty of methods for reconstruction of sensor positions
and orientations from the measured data exist (Tab. 2.1), fair comparisons between these approaches on an identical dataset are missing in the current body of literature. Due to the diverse evaluation
datasets (Tab. 2.3), reported estimation performances regarding
stride parameters extracted from the reconstructed trajectories depend on the underlying dataset characteristics. This limits objective
comparison and motivated the scientific contributions centered
around benchmarking of trajectory reconstruction methods with
the aim to close this gap in the existing literature (chapter 4).
The set of available stride parameters in the literature (Tab. 2.2) focusses on characterization of a given stride w.r.t. temporal aspects
(total gait cycle time, timings / ratios of sub-phases, etc.) and spatial
attributes (stride length, sagittal plane angles, etc.). The kinetics
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involved in human gait, however, are not covered. This motivated
the scientific contributions pursuing definition and clinical application of surrogate markers for ground reaction forces from inertial
data covered in chapter 5.
Lastly, the type of gait impairments mobile gait analysis systems are
applied in is generically limited by the constraints these systems
are built upon. The most limiting assumption all existing systems
(Tab. 2.1) are based on is known as the zero velocity assumption. In
order to control estimation errors, a biomechanical configuration
(fixed velocity or orientation) present in each stride is assumed by
all these systems. All systems are therefore not applicable if the
given gait profile does not share this characteristic. One example
would be spastic gait featuring constant foot movement during
each stride (Fig. 2.2). Pursuing alternatives to current stride parameter estimation methods and potentially dropping the need for
a zero velocity assumption gives rise to the final set of scientific
contributions covered in chapters 6 and 7.
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Before diving into the individual contributions, however, it is worth
taking the time to introduce fundamental working principles of
mobile gait analysis systems based on inertial sensing as well as
reviewing the available data that enables these contributions.

3.1 System Overview
Mobile gait analysis systems are based on wearable sensing technology that allows mobile acquisition of the relevant data. One
example of such measurement technology are inertial sensors as
introduced in section 2.2.2 consisting of accelerometers and gyroscopes. After acquiring the relevant data, a signal processing
pipeline extracts a set of stride parameters that objectively describe
the subject’s gait profile. An exemplary acquisition scenario followed by the concepts of the underlying processing pipeline for
such a mobile gait analysis systems based on inertial sensing is
summarized in Figure 3.1 and described in the following.
In case of the prototypical system presented by Barth [Bar17], the
sensing unit is a Shimmer2R inertial sensor platform [Bur+10] consisting of a 3D accelerometer (range ±6 g) and a 3D gyroscope (range
±500 °/s). It is attached laterally below the ankle joint as shown in
Figure 3.2a since this was identified as one of two optimal positions
for externally mounted sensors by Peruzzi et al. [PDC11]. In order to
avoid gait changes due to different shoe characteristics [Men+09],
the same shoe model is used for every acquisition and a set of appropriate shoe sizes is available. Data is captured at discrete time
points with a sampling rate of 102.4 Hz and a resolution of 12 bit
per sample and variable of measurement.

3.1.1 Data Acquisition
The data acquisition scenario depicted in Figure 3.1 represent one of
two possible application scenarios for mobile gait analysis systems:
In a clinical setting and under supervised conditions, the patient
performs (standardized) clinical gait tests while the instrumented
shoe streams data to a mobile device for storage and analysis. This
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Data Acquisition

+
Preprocessing (per acquisition)
Sensor
Calibration

Axis
Alignment L/R

Stride
Segmentation

Gait Event
Detection

Gravity
Removal

Double
Integration

Stride Parameterization (per stride)
Orientation
Estimation

Coordinate
Transformation

Stride Param.
Extraction

Figure 3.1: The acquisition and analysis pipeline for mobile gait analysis systems
based on foot-worn inertial sensors.

a

b

Figure 3.2: (a) Exemplary instrumentation of a shoe (adidas Duramo 3) with an
inertial sensor unit. (b) The corresponding coordinate frames of measurement
from a top view.

is currently achieved via the classic Bluetooth protocol since robustness of the wireless connection is more important than low energy
consumption. Standardized clinical assessments with the mobile
gait analysis systems over short periods of time allow enough time
for re-charging the sensor units.
The other possible application scenario involves monitoring in a
patient’s home environment. Here, the sensing technology would
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not constantly stream the data to an external storage device, but
rather log it on internal memory due to battery constraints. Once
one day of monitoring is complete and the system could be returned
to a base station for re-charging, data-transmission, analysis as well
as reporting.

3.1.2 Preprocessing
Once the data is available for analysis, several preprocessing steps
are necessary. The incoming (raw) sensor readings need to be calibrated, i.e. mapped, to physically meaningful units (Fig. 3.1, Sensor
Calibration). After calibration, all sensor signals are given in units
of 1g ≡ 9.81 m s−2 in case of the accelerometer and in °/s for the gyroscope. This is achieved with the calibration procedure described
by Ferraris et al. [FGP95] that allows easy and yet precise calibration.
Since the sensor placement on both shoes is slightly different in
the current setup due to technical reasons, coordinate frames of
measurement have to be aligned (Fig. 3.1, Axis Alignment) in order
to achieve the configuration defined in Figure 3.2b.
With sensor signals in a common measurement frame on both feet,
contextual information in the form of a stride segmentation and
subsequent gait event detection can be added (Fig. 3.1). Single
strides are extracted from the continuous signal with a templatematching algorithm proposed by Barth et al. [Bar+15]. A stridespecific template is built based on 681 strides recorded during
straight walking bouts from 25 healthy, elderly individuals [Bar+15].
Matching between the sensor signal and this template is achieved
with multi-dim., sub-sequence Dynamic Time Warping (msDTW).
The main feature the matching procedure relies on is the foot rotation in the sagittal plane that is encoded in the angular rate around
the z axis. Invariance towards gait speed is gained by excluding
any accelerometer signals from the segmentation step and false
selection of turning strides is punished by additionally considering the gyroscope signal in the transversal plane in the matching
procedure. Strides are segmented at a threshold of 35 on the (rangenormalized) distance function (for details see [Bar+15]). For further
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reference, Ghassemi et al. [Gha+18] provide a benchmarking of
several approaches to stride segmentation.
In the following, three events are detected within each gait cycle: TO,
MS and HS. Detection of these is done as proposed by Rampp et al.
[Ram+15]. The TO event is identified based on the change from an
plantar flexion to a dorsal extension of the foot in the sagittal plane
rendering a zero-crossing in the corresponding angular-rate signal.
HS detection is based on the abrupt deceleration in movement
direction at ground-contact. Finally, MS is defined as the instant
with minimal energy in the gyroscope as this is the most suitable
definition for identifying zero-velocity update points within the gait
signal [Sko+10].

3.1.3 Stride Parameterization
With this contextual information on the continuous gait signal,
each stride can be characterized individually and clinically meaningful features can be extracted (Fig. 3.1). The coordinate frame
of measurement S , however, is tied to the shoe that is constantly
moving throughout each stride. A first step therefore consists of
transforming measurements from the local sensor frame to a stationary coordinate frame. Efficient handling of 3D rotations is a
key ingredient during this process and appendix B gives a short
overview regarding the relevant mathematics involved.
The acceleration signal ã s (t ) measured in the local sensor frame S
is assumed to contain one component a s (t ) due to movement and
one component g s (t ) due to gravity:
ã s (t ) = a s (t ) + g s (t )

(3.1)

The variable of interest, however, is the movement component a s (t )
and much of the following effort aims at extracting this from the
measurement.
At MS events, the local sensor frame is assumed to be motionless
(a s (t MS ) = 0) and the instrumented shoe is assumed to be on level
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a

b
St 1

Angular offset to W

St 2
St MS+1

W
St MS
A st 1→w
(frontal view)

(sagittal view)

A st 2→w

Figure 3.3: (a) Correction of potential sensor inclination in the frontal and sagittal
plane at t MS . (b) Illustration of the coordinate transformation A st →w aligning local
sensor frames St during a single stride to a global world frame W .

ground. Based on the accelerometer signal and its directional offset
to gravity g w in the world frame W , a transformation that aligns S
with W can be computed. This process is part of the zero velocity
update and corrects potential inclination of S w.r.t. W such that its
vertical axis is aligned with gravity (Fig. 3.3a). Since gravity is the
only external reference measure available, an initial heading of the
sensor / instrumented shoe can not be sensed with this setup.
Using the angular rates measured by the gyroscope in the local
frame S , this initial coordinate transformation S → W can be propagated over the stride to the next MS (Fig. 3.1, Orientation Estimation). This process is illustrated in detail in Figure 3.3b. It is also
known as orientation estimation since each coordinate transformation is equivalent to a rotation that encodes the foot orientation
with respect to the initial, stationary frame W .
Given a sequence of such rotations {A st →w , t ∈ [t MS . . . t MS+1 ]}, local
accelerations ã s (t ) can be transformed to the world frame (Fig. 3.1,
Coordinate Transformation) and the constant gravity component
g w can be subtracted (Fig. 3.1, Gravity Removal). This yields a
gravity-free acceleration signal for each stride:
a (t ) ≡ a w (t ) = A st →w · ã s (t ) − g w
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T
with g w = − 0, 1, 0

(3.2)
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With the gravity-free acceleration signal expressed in the global
world frame, the foot trajectory can be reconstructed (Fig. 3.1, Double Integration). Figure 3.4 illustrates an exemplary sensor trajectory from a sagittal and top view. Theoretically, position estimates
can be generated by double integration of the gravity-free acceleration signal a t . In practice, however, the resulting velocity and
position estimates have to be de-drifted in order to enforce several
constraints (e.g. zero velocity assumption, level ground assumption, etc.) and minimize accumulating error. This is due to intrinsic
measurement drift in currently available inertial sensors and there
are several methods known in literature that address this problem.
The majority of approaches aim at fitting (linear) drift functions
to the resulting integrals that incorporate prior knowledge about
initial and final values of the integral [Sab05; Mar+10; Reb+13;
Ram+15; KO16]. Other authors make use of that prior knowledge
by direct and time-reversed integration [Tro+14] or employ analytic
integration techniques that generically handle the cyclic boundary
constraints encountered [SLM15].
Once the trajectory has been reconstructed, each stride is characterized with a set of stride parameters (Fig. 3.1, Stride Parameter
Extraction). In the context of mobile gait analysis, these can generally be grouped into biomechanically interpretable and generic
features. The latter can be extracted at any stage of the pipeline
and are mainly used in classification or regression experiments.
Examples here are statistics (mean, standard deviation and higher
moments, entropy, minimum, maximum, etc.) on the sensor signal or features from the frequency domain (dominant frequency,
energy in certain bands, etc.). Although some of these generic features are clinically interpretable (e.g. maximal foot rotation in the
sagittal during swing phase), most of them are of little direct use to
clinicians due to the lack of interpretability. Nevertheless, generic
features are very useful in classification and regression pipelines
that produce clinically valuable information as an output. Barth
[Bar17] gives a good overview on generic stride features in chapter
7.4 and presents several use-cases in the following chapters.
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max. heel clearance
max. toe clearance

min. toe clearance
t MS+1

t MS

stride len

gth
max. late

ral swin

g

αturn

Figure 3.4: Foot trajectory reconstruction in the sagittal plane and from a top
view in between two mid-stance events t MS , t MS+1 . Additionally shown are the
definition of parameters stride length, swing width, turning angle αturn as well as
relevant points in the heel- and toe-clearance trajectory.

Regarding biomechanically interpretable features, a distinction is
commonly made between temporal and spatial parameters. In the
temporal domain, the time difference between two HS events is
defined as the stride time. Each stride can further be sub-divided
into its swing and stance phase based on the HS and TO events.
The percentage of both phases relative to the stride time yields two
additional temporal stride parameters generated by mobile gait
analysis systems.
In the spatial domain, any parameterization of the foot trajectory
has to fulfill one crucial boundary condition:
All spatial parameters have to be invariant towards rotations in the ground plane since we have no information
on initial heading of the instrumented shoe.
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The most widely used parameter here is certainly stride length defined as the distance between initial and final foot position in the
ground plane [Mar+10; PDC11; Mar+13; Reb+13; Tro+14; Ram+15;
KO16; Klu+17]. Another prominent example is the maximal lateral swing defined as the maximal distance in the ground plane
from a line connecting initial and final foot position as shown in
Figure 3.4 [Mar+13]. Besides these spatial parameters, the turning
angle αturn as defined in Figure 3.4 as well as sagittal foot angles
relative to the ground are of clinical interest especially at the TO
and HS events and can be estimated from the coordinate transformations at these events (Fig. 3.5). Based on these angles, it is
also possible to compute clearance trajectories for the toe or heel
from the sensor clearance course. Especially the toe clearance is of
clinical importance in the context of falls and fall risk assessment.
Assuming alignment of the local sensor coordinate frame with the
long axis of the shoe, a displacement vector in the local sensor frame
that maps the sensor position to the desired heel/toe position can
be estimated [Mar+12; Kan+15]. This is shown in Figure 3.5 for
the toe displacement vector d toe computed at t TO based on sensor
clearance s y , the toe-off angle αTO . With the direction e sx in the sensor frame, this displacement between sensor and toe position can
be propagated throughout the stride and a toe-clearance trajectory
is obtained. Commonly extracted parameters here include the first
and second maximum as well as the first minimum as indicated in
Figure 3.4 [Mar+12; Kan+15; KO16].
With the extraction of biomechanically and/or clinically relevant
stride parameters, mobile gait analysis systems accomplish their
task. Based on inertial sensing on the shoe, individual strides can
be identified, relevant events within each stride are determined, the
foot trajectory is reconstructed and relevant characteristics are extracted on a per stride basis. How these stride-by-stride parameters
bring additional value to the clinic largely depends on the concrete
application. Based on the very local, stride-by-stride analysis, summary measures need to be constructed that support clinicians in
their workflow. In a lab-based gait test over a short period of time
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t TO

sy



d toe = s y / sin αTO · e sx

t HS

αHS

αTO
Figure 3.5: Definition of TO and HS angle measured between shoe and ground at
the corresponding events within the gait cycle. Estimation of sensor clearance s y
and TO angle αTO additionally allows to relate sensor trajectories to toe trajectories
via d toe .

and with a standardized task, for example, the mean or coefficient of
variation over a series of strides might yield the desired information.
After a full day of continuous data acquisition in the patient’s home
environment with a multitude of strides, however, deeper analysis
might be necessary to reveal trends over time or identify different
stride types during the course of the day that contain the clinically
desired information. As there is much diversity in the applications
and workflows this might be used in, the overview on mobile gait
analysis ends with the extraction of stride-by-stride parameters.
Isolation and characterization of single strides from a continuous
inertial sensor signal then serves as a starting point for a multitude
of clinical research questions.

3.2 Available Data
Available data captured with the mobile gait analysis system described above is summarized in Figure 3.6. Existing datasets mainly
differ in the choice of external gait analysis reference system, study
population and dataset size. Their primary purpose is either technical validation of mobile gait analysis systems or oriented towards
validation against clinical outcomes such as functional assessments
or clinical rating scales.
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Technical Validation Studies

Clinical Validation Studies

16 healthy participants,
735 strides
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101 geriatric patients, 1220
strides
297 PD patients,
224 healthy controls,
910 recordings
Figure 3.6: Overview on available data. 3D motion capture reference data is
available for 16 healthy volunteers for technical validation purposes of sensorbased systems. A similar dataset with instrumented walkways as an external gait
analysis reference is available for a large cohort of 101 geriatric patients. Finally,
mobile gait analysis data without external reference has been recorded for 297 PD
patients and 224 healthy controls at mutliple visits for clinical validation against a
battery of functional assessments as well as questionnaires.

3.2.1 Motion Capture Reference Data in
Healthy Participants
The first dataset consists of inertial sensor data acquired with the
mobile gait analysis system described above in healthy volunteers.
As an external reference, a motion capture system was used. This
dataset was previously acquired and annotated with motion capture
derived stride parameters by Kanzler et al. [Kan+15].
As a means of external gait analysis reference, the well established
VICON motion capture system was employed in this study. It
provides direct, three dimensional position measurements with
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a

b

Figure 3.7: (a) Setup of the motion capture reference system including 16 VICON
T-Series cameras (red boxes), one force plate (green box) and video cameras (blue
boxes) for documentation purposes. (b) Positioning of photoreflective markers
on the instrumented shoe.

millimeter accuracy [Mil+16] and was was set up as depicted in
Figure 3.7a: 16 VICON T-Series cameras (red boxes) were partly
mounted on a scaffold at three meters height or on tripods on the
ground such that a volume of 5 × 3 × 2 m could be captured. Additionally, one force platform was integrated in the system, indicated
with the green box in Figure 3.7a. With this setup, data was captured at 200 Hz and later resampled to the IMU’s sampling rate.
In order to obtain direct measurements of foot position and orientation, photoreflective markers were positioned on the lateral
and medial calcaneus, the lower part of the calcaneal tendon, the
first and the fifth metatarsal head and the distal phalanx of the first
toe (Fig. 3.7b). Calibration of the VICON system was done with a
calibration wand and synchronisation between this reference and
the mobile gait analysis system was accomplished with a wireless
trigger as described by Kugler et al. [Kug+12].
In total, 20 healthy subjects between 16 and 80 years of age were
asked to complete 15 walking trials of 10 m each. In order to obtain
large variation in stride length and velocity, subjects were asked to
modulate both parameters to reach low, normal and high ranges.
Additionally, low and high range regimes were coupled to get data
on long strides at low gait velocity and vice versa. Each condition
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was repeated three times. Although IMU data was captured with
two different sensor systems, we only focus on the subset acquired
with the Shimmer2R sensor platform as the majority of available
data described and used in this thesis was acquired with this sensor
platform. The total amount of data summed to 735 strides from 16
healthy subjects1 . All subjects gave written, informed consent prior
to data acquisition.
Within the scope of this thesis, reference sensor trajectories and
orientations were added to the annotation based on the motion
capture data. In that process, the foot position and orientation
at mid-stance defined the coordinate system in which position
measurements were obtained from the VICON system for a given
stride. This is necessary in order to align measurement frames
between both gait analysis systems as we have no information about
initial heading of the instrumented shoe within the mobile gait
analysis system.
In comparison to the other datasets described in this section, the
study population is smallest in size here. Yet the annotation with
external gait analysis is optimally complete as full 3D reference trajectories and orientations are available for every stride captured
with the mobile gait analysis system. Table C.1 in appendix C characterizes the dataset in terms of the VICON derived stride parameters.

3.2.2 Instrumented Walkway Reference Data in
Geriatric Patients
The second dataset is a collection of inertial sensor data captured
with the instrumented shoe in a geriatric population. This dataset is
annotated with stride parameters obtained from an instrumented
walkway as a reference system. It was collected by Rampp et al.
[Ram+15] and is publicly available at https://www.mad.tf.fau.de/
research/activitynet/digital-biobank/.

1

Due to errors in data acquisition (reference system failure, etc.)
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Figure 3.8: Definition of spatial stride parameters based on heel and toe positions
measured with the GAITRite reference system.

As a reference system, the well established pressure mat GAITRite
[WWF05; McD+01] has been used in this study. It allows data acquisition with a spatial resolution of ±1.27 cm in the ground plane and
was sampled temporally at 100 Hz. Patients had to walk across the
instrumented walkway at self-selected speed and corresponding
strides between the sensor and the reference system were mapped
manually. In order to capture the participants gait in stable conditions, a margin of 2m before and after the instrumented walkway
was reserved for gait initiation and stopping [KBG06]. Patients performed an extensive assessment consisting of several standardized
gait tests (e.g. unconstrained walking, with a walking aid, dual tasking) described in detail by Rampp et al. [Ram+15]. To avoid fatigue
and fatigue induced symptoms in this geriatric population, patients
were allowed to rest for one to two minutes between trials. For the
scope of this thesis, however, we only focus on two of these walking
trials: The unconstrained, single pass over the pressure mat at self
selected walking speed and the equivalent with a wheeled walker.
In total, 116 geriatric inpatients were assessed at the Geriatrics Centre Erlangen (Waldkrankenhaus St. Marien, Erlangen, Germany).
Written informed consent was obtained prior to the gait assessment
in accordance with the ethical committee of the medical faculty at
Friedrich-Alexander University Erlangen-Nürnberg (Re.-No. 4208).
Due to medical reasons (i.e. patients could not complete the measurement protocol), inertial sensor malfunction or measurement
errors with the GAITRite system, several recordings had to be discarded (Tab. 3.1).

56

3.2. Available Data
Table 3.1: Dataset size in number of patients and individual strides per walking
trial and available number of reference stride parameters.

# reference
parameters

# patients

# strides

Unconstrained walking

4
8

101
99

1220
1112

Wheeled walker

8

75

673

Walking trial

Within the scope of this thesis, four additional reference stride parameters have been added to the dataset described by Rampp et al.
[Ram+15]. This is based on positions and timings of the patients’
heel and toe as measured by the GAITRite system. The spatial parameter set is enlarged to cover not only stride length, but also stride
width and change in medio-lateral foot angle. Additionally, the list
of temporal parameters is complemented with heel and toe contact times. These are defined as the temporal differences between
heel-off and heel-strike or toe-off and toe-on, respectively (Fig. 2.1).
Figure 3.8 gives an overview on the definitions of spatial parameters.
Stride width is defined as shown in Figure 3.8 and positive values are
measured towards the lateral side of the shoe. This extension from
four reference stride parameters to eight reference stride parameters induced additional data-loss due to measurement errors in
the reference system for heel and toe contact times. Table 3.1 gives
an overview on the dataset sizes per trial and available parameter
set. Table C.2 in appendix C holds a deeper characterization in
terms of all reference parameters regarding mean values, standard
deviations and minimal/maximal values.
Within the scope of Figure 3.6, this dataset still falls into the technical validation category due to the annotation with an external
gait analysis system. However, it is on the verge to clinical validation scenarios since gait disorders were diagnosed in 54% of the
study population. The other top three diagnoses were heart rhythm
disorder (70%), arterial hypertension (69%) and coronary artery
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disease (41%), which are also associated with gait and balance disorders [Sal10]. Thus, this dataset constitutes a clinically relevant
study population both in terms of the number of patients and the
presence of unpredictable gait alterations.

3.2.3 Mobile Gait Analysis Data in
Parkinson’s Disease Patients
The third dataset collected with the mobile gait analysis system
introduced above has been acquired in the outpatient unit of the
Molecular Neurology Department, University Clinic Erlangen, Germany. No external gait analysis system is available as a reference
here, instead study participants undergo an extensive clinical assessment paradigm prior to standardized gait testing with the mobile system described above. Data collection started in 2010 and
continues until today as already hinted at in Figure 3.6. As of the
beginning of 2018, 297 PD patients and 224 Healthy Controls (HCs)
are assessed in 910 sessions that include multiple visits per patient.
Written informed consent is obtained prior to the gait assessment
in accordance with the ethical committee of the medical faculty at
Friedrich-Alexander University Erlangen-Nürnberg (Re.-No. 4208).
The clinical testing battery includes most importantly the UPDRS
[FE87], where especially the assessment of motor abilities in part
three of the scale are of interest. Besides this, non-motor symptoms
[Cha+06], cognitive state [Nas+05], signs of depression [Zun65],
general mobility [Col+91], balance capabilities [PM95; Fra+10], fear
of falling [Yar+05], freezing of gait [Gil+00] as well as quality of life
measures [WKK96] are assessed with standard, questionnaire-based
instruments. Additionally, anthropometric variables such as height,
weight, gender and age are recorded and access to the detailed
clinical diagnoses for each patient can be gained. Here, especially
the clinical classification into the akinetic-rigid, tremor-dominant
or equivalent subtype of PD are of interest.
After completing clinical assessment, each patient undergoes standardized gait tests that are performed with the mobile gait analysis
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Figure 3.9: Number of acquisitions as a function of time as well as distribution of
UPDRS-III scores in the PD patient population assessed.

system described above. These include for example a 4 × 10 m walk
at self selected speed that is traditionally used to assess walking
speed over short durations. Another example is the 2 minute walk
that is traditionally used to assess aerobic capacity and functional
mobility. These standardized gait tests are oriented on traditional,
stop-watch or pen-and-paper assessments that are already part of
clinical practice. The clear advantage of performing these with mobile gait analysis systems lies in providing more information on the
gait pattern compared to a stop-watch based assessment. Besides
this, objective and detailed characterization of gait patterns and
potential gait alterations by means of mobile gait analysis aims at a
better understanding of the patients needs in terms of gait rehabilitation. Furthermore, this dataset might be used for development of
technology-assisted rating scales for gait performance in PD as first
results by Barth [Bar17] already show.
Due to the large time span of data collection, however, the quality
of acquired IMU data varies slightly since sensor model and acquisition settings have not been standardized from the beginning.
Especially in the early acquisitions, IMU data has been recorded at
three different sampling rates (51.2, 102.4 or 204.8 Hz) before standardization to 102.4 Hz in late 2011. Figure 3.9 shows the number
of acquisitions per year as well as the distribution of UPDRS motor
examination scores in part three of the scale for all PD patients.
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Within the scope of this thesis, 75 acquisitions have been added to
this dataset on 43 days in between 2015 and 2017. This included
collection of the mobile gait analysis data during standardized gait
tests as well as patient interviews for some of the clinical questionnaires. This dataset or subsets thereof will be used throughout this
thesis to evaluate clinical validity of the contributed methods.
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Chapter 4. Benchmarking Foot Trajectory Estimation

4.1 Introduction
This chapter focusses on the systematic benchmarking of trajectory
reconstruction methods in mobile gait analysis. Figure 4.1 visualizes the processing pipeline for such methods as well as extracting
stride-specific parameters such as foot angles in the sagittal plane
at key events during the gait cycle or stride length. A pre-requisite
for this pipeline are the data acquisition and preprocessing layers
from Figure 3.1 introduced in section 3.1.
The reconstruction pipeline consists of orientation estimation, coordinate transformation from the local sensor to the global world
frame, gravity removal and double integration. The following parameterization into stride features aims at capturing relevant information in a low dimensional space compared to the complete
trajectory data (position and foot orientation for every instant). In
the clinical use case, these summary descriptions of gait performance are the main output of mobile gait analysis systems that
ensure practicality [CG14]. Besides providing a basis for stride parameter extraction, trajectory reconstruction from inertial sensor
data can be used for other applications in mobile gait analysis systems. Examples here include visualizations of the foot trajectory
for e.g. tele-monitoring concepts or patient feedback mechanisms.
While some steps in Figure 4.1 are quite generic, other blocks like
orientation estimation or double integration can be based on many
methods known from literature. Regarding orientation estimation,
suitable methods range from gyroscope integration as proposed by
Sabatini [Sab05] to more advanced methods that incorporate accelerometer data for orientation sensing. Those advanced methods
include Complementary Filters (CFs) as proposed by Madgwick et
al. [MHV11] or Euston et al. [Eus+08]. Double integration methods
have to satisfy a variety of boundary conditions. One important
boundary condition is the zero velocity assumption that requires
the foot to be stationary at the beginning and end of a stride. Based
on this, integration is re-initialized by controlling initial and final
values of computed integrals.
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Stride Parameterization (per stride)
Orientation
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Coordinate
Transformation

Gravity
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Double
Integration

Foot
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Stride Parameters
(stride length, angle at TO, etc.)

Figure 4.1: The processing pipeline for foot trajectory reconstruction in mobile
gait analysis systems based on inertial sensing. This chapter will specifically
investigate methodological choices for the blocks Orientation Estimation and
“Double Integration”.

In literature, the zero velocity assumption is addressed in quite
diverse ways. One solution is direct integration followed by identification and removal of integration drift as implemented by Sabatini
[Sab05], Mariani et al. [Mar+10], Rebula et al. [Reb+13] or Rampp et
al. [Ram+15]. Other approaches, however, try to incorporate these
cyclic boundary conditions in less direct ways. Zok et al. [ZMD04]
proposed an integration scheme that fuses a regular with a timereversed integral in order to satisfy the boundary condition. This
is used by Trojaniello et al. [Tro+14] in the context of mobile gait
analysis. Other approaches include the recently proposed analytic
integration scheme described by Sabatini et al. [SLM15] that is based
on Fourier decomposition.
In summary, there is large variation in potential processing pipelines
for foot trajectory estimation in mobile gait analysis and no clear
objective which configuration to choose for a specific application.
Moreover, a lack of publicly available and generally accepted benchmark datasets in this field results in performance evaluations reported on a variety of datasets that are not comparable [Han+18].
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A unified evaluation of different processing pipelines for foot trajectory estimation on the same dataset is therefore needed to complement existing literature. This need was already expressed in prior
work [Han+17c; Han+18] and is addressed with this chapter and the
corresponding journal publication [Han+17d]. Specifically, orientation estimation and double integration methods for mobile gait
analysis are in the focus of this investigation. Three different methods are drawn from literature for each of the two processing steps.
These are evaluated on a common dataset with the aim to identify
the most suitable processing pipeline for foot trajectory estimation
in mobile gait analysis. Further, suitable visualization techniques
have to be developed in order to allow qualitative comparison of
methods based on estimated foot positions and orientations.
The main dataset used for this study is the mobile gait analysis
dataset with full 3D reference by means of optical motion capturing.
This dataset has already been described in detail in section 3.2.1.
In summary, the main aims of this chapter are:
1. Implementation of three orientation estimation and three
double integration methods from literature.
2. Joint evaluation of the associated trajectory reconstruction
algorithms on the same underlying dataset.
3. Identification of an optimal choice of reconstruction method.
4. Visualization of the sensor trajectory and orientation for exemplary strides and reconstruction methods.
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4.2 Methods
4.2.1 Preprocessing
In the context of the following experiments, preprocessing consists
of sensor calibration, stride segmentation and gait event detection.
The methods used here are identical to the ones already described
in the system overview in section 3.1. Two successive mid-stances
at t MS and t MS+1 define the underlying stride definition and allow
re-initialization of orientation estimation and double integration
after each stride due to the assumption that the foot is stationary at
these timepoints (zero velocity assumption).

4.2.2 Orientation Estimation
Orientation estimation heavily relies on efficient treatment of 3D
rotations. This is achieved with quaternions that can be seen as
a generalization of how complex numbers efficiently handle 2D
rotations in the complex plane. For further reference, appendix B
gives an overview on the relevant mathematics involved.
Estimation of initial sensor orientation during MS does not vary
between methods. It is limited to inclination estimation since heading information is not available from accelerometer or gyroscope
data. The inclination is estimated using the accelerometer signal
ã s (t ) in the local sensor frame. Due to the zero velocity assumption,
ã s (t ) should not contain any movement component at MS. Further,
gravity g w in the global world frame W should be aligned with the
vertical axis in W due to the level ground assumption. With these
two assumptions, rotation angles around the transversal (z ) and
anterior-posterior (x ) axis can be calculated. For the corresponding axis-angle rotations, two quaternions q z and q x are computed.
Concatenation of both quaternions by means of the inner product then yields the initial coordinate transform that corrects for
inclination in the local sensor frame:
q (t MS ) = q z ⊗ q x

(4.1)
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Since foot orientation changes throughout the stride, this initial
coordinate transformation needs to be updated for each timepoint
t MS < t ≤ t MS+1 . In the following, three different methods for this
update are introduced. These include gyroscope integration as well
as two complementary filters that additionally employ accelerometer readings to estimate orientation.
Gyroscope Integration The first approach is visualized in Figure
4.2b and uses the angular rate ω(t ) as measured in the local sensor
frame1 . The quaternion derivative w.r.t. time is calculated according
to Diebel [Die06]:
q̇ ω (t ) =


T
1
q (t − ∆t ) ⊗ 0 ω x (t ) ω y (t ) ωz (t )
2

(4.2)

This derivative is multiplied with the sampling interval ∆t and
added to the previous quaternion q (t − ∆t ). Additionally, normalization is applied in order to prevent translations and only allow
for rotations in the corresponding transformations. The update
equation is thus given by:
q (t ) =

q (t − ∆t ) + q̇ ω (t ) · ∆t
q (t − ∆t ) + q̇ ω (t ) · ∆t 

(4.3)

Madgwick’s Complementary Filter Madgwick et al. [MHV11] proposed a CF for updating the rotation quaternion based on accelerometer, gyroscope and magnetometer data. Since magnetometer data is not available in the current setting, the approach
is reduced to fusion of accelerometer and gyroscope data. Furthermore, orientation information can only be gained from the
accelerometer in static conditions with tolerable amounts of movement. Consequently, only the update path from accelerometer data
1

Since angular rate measurements are used exclusively from the local sensor frame
within this thesis, the superscript s is dropped for reasons of readability: ω ≡ ωs .
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Figure 4.2: (a) Moving local sensor frames in the sagittal plane. (b)–(d) Block diagrams for the three orientation estimation
techniques evaluated within this chapter.
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is used when the magnitude of the acceleration signal ã s (t ) in the
sensor frame is in certain bounds w.r.t. gravity in the world frame:


 s
w 

ã
(t
)
−
g

with g w  = 1
(4.4)

≤γ
Moreover, all orientation updates from the accelerometer are prevented in the swing phase of the gait cycle. In these high-movement
conditions, the orientation update is identical to the gyroscope integration scheme presented earlier. The complete workflow for orientation estimation according to Madgwick is shown in Figure 4.2c.
The update equation is identical to eq. (4.3). However, the purely
angular rate dependent quaternion derivative q̇ ω (t ) is replaced by
a corrected estimate where the correction term encodes orientation
clues gained from the accelerometer:
q̇ (t ) = q̇ ω (t ) − β

∇ε(t )
∇ε(t )


T
with ∇ε(t ) = J ε(t ) ε(t )

(4.5)

Here, β is a filter parameter proportional to the maximal gyroscope
measurement error [MHV11]. The error term ε(t ) is obtained by
transforming gravity in world coordinates g w to sensor coordinates and subtracting the accelerometer measurement in the sensor frame ã s (t ). For that matter, the coordinate transformation is
achieved via the rotation matrix A(·) associated with the previous
quaternion q (t − ∆t ):

T
ε(t ) = A q (t − ∆t ) g w − ã s (t )

(4.6)

It thus represents a mismatch between a sensed direction of gravity and its predicted direction based on the estimated orientation.
Since quaternions encode sensor-to-world rotations in the scope
of this thesis, the inverse transformation from the global world to
local sensor frame is given by transposition of the corresponding
rotation matrix.
The gravity vector g w has only one non-zero element and unit
length. Consequently, the multiplication in eq. (4.6) is identical to
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selecting a matrix column. In the case of gravity being aligned with
the y -axis, this yields (compare eq. (B.6)):


q
+
q
q
)
2(q
1
2
0
3

T
g s (t ) = A q (t − ∆t ) g w = − q02 − q12 + q22 − q32 
(4.7)
2(q2 q3 − q0 q1 )



Furthermore, the Jacobian J ε(t ) w.r.t. the quaternion elements
needs to be calculated in order to compute the corrected quaternion
derivative q̇ (t ):


2q3
2q2 2q1 2q0




J ε(t ) = J g s (t ) =−  2q0 −2q1 2q2 −2q3 
(4.8)
−2q1 −2q0 2q3 2q2
Finally, the corrected quaternion derivative can be calculated as
presented in eq. (4.5) and the update can be run with eq. (4.3).
Euston’s Complementary Filter Euston et al. [Eus+08] presented
a CF for orientation estimation of unmanned vehicles. Additionally
to gyroscope and accelerometer signals, measurements of airspeed
were available. Since such a variable is not of interest in the context
of mobile gait analysis, the corresponding path in the block diagram
presented in [Eus+08] is disconnected. Similar to Madgwick’s CF,
orientation updates from accelerometer data are disabled during
the swing phase of the gait cycle and only permitted when eq. (4.4)
is valid. The complete workflow is given as a block diagram in
Figure 4.2d.
Generally, eqs. (4.3) and (4.2) are used for the quaternion update.
However, the measured angular rate ω(t ) in the local sensor frame
is replaced by a corrected angular rate signal
ω∗ (t ) = ω(t ) + δ(t )

(4.9)

The term δ is obtained similar to the Madgwick CF. The first step
is to convert gravity from world coordinates to sensor coordinates
using the previously estimated quaternion. This corresponds to
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eq. (4.7). Calculating the cross-product between g s (t ) and the
acceleration ã s (t ) in the sensor frame, a dimensionless error e (t )
is obtained and used in the correction term δ(t ):

g s (t )
ã s (t )
e (t ) =
×
δ(t ) = kP e (t ) + k I e (t ) dt (4.10)
g s (t ) ã s (t )
Similar to Madgwick’s CF, the error term e (t ) describes the angular
mismatch between a predicted and measured direction of gravity.

In contrast to gyroscope integration or the Madgwick CF, the Euston
filter has two adjustable parameters. These are the proportional
gain factor kP and the integrator gain factor k I . The proportional
gain factor is used to separate low-frequency and high-frequency
estimates of orientation. For angular rates below kP rad/s, the filter
relies on the accelerometer based estimate. With rising angular
rate, the gyroscope data has a higher impact on the estimated orientation. The optimal value for this cross-over frequency kP needs
to be determined by type of application and the associated noise
sources influencing orientation estimates from the accelerometer.
The integrator part of the filter is designed to correct for gyroscope
bias. Again, an optimal value depends on the application and the
associated gyroscope integration times involved. Euston et al. proposes to choose k I 10 to 100 times smaller than the proportional
gain factor kP . One might even consider to disable the integrator
part of the filter (k I = 0) if the associated integration times are below
several minutes [Eus+08].

4.2.3 Coordinate Transformation & Gravity Removal
To represent measured accelerations ã s (t ) in the global world frame,
the rotation matrices for the computed sequence of quaternions
are used:


ã w (t ) = A q (t ) · ã s (t )
(4.11)
In the global world frame, gravity can be subtracted easily:
a (t ) ≡ a w (t ) = ã w (t ) − g w
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The remainder a (t ) is thus the movement component of the measured acceleration signal expressed in the stationary world frame.
In order to ensure the cyclic boundary condition a (t MS ) = a (t MS+1 ) =
0 that is needed for the re-initialization of the integration step but
might have been corrupted during orientation estimation, a dedrifting with a piecewise linear function as explained by Rampp et al.
[Ram+15] is applied before integration.

4.2.4 Double Integration
The input signal for the double integration block in Figure 4.1 is
the gravity-free acceleration signal in world coordinates a (t ). This
needs to be integrated twice with respect to time to estimate the
foot’s trajectory. Three approaches to accomplish this task are presented in this section. For each stride, the foot’s starting position is
initialized in the origin.
Direct Integration For this approach, the workflow is shown in
Figure 4.3a. It is based on direct integration and linear dedrifting.
An estimate for the velocity is obtained via the trapezoidal rule

ṽ (t ) =

t
t MS

it

a i + a i −1
a (t ) d t ≈
· ∆t
2
i =i +1

(4.13)

MS

where i MS = [t MS /∆t ] and i t = [t /∆t ] are the corresponding samples in the discrete signal. Due to inaccurate orientation estimation,
sensor drift and integration errors, the obtained velocity does not
necessarily satisfy the boundary condition v (t MS ) = v (t MS+1 ) = 0
(zero velocity assumption). In order to fulfill this constraint, a linear drift function d v (t ) as described by Rampp et al. [Ram+15] or
Kitagawa and Ogihara [KO16] is estimated and subtracted:
v (t ) = ṽ (t ) − d v (t )

(4.14)

The final velocity estimate v (t ) is integrated using the trapezoidal
rule and the trajectory s (t ) is obtained. It is further assumed that
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Figure 4.3: (a)–(c) Block diagrams for the double integration methods implemented for this benchmark.

Chapter 4. Benchmarking Foot Trajectory Estimation

72

a

4.2. Methods

the subject walks on level ground, leading to the boundary condition s y (t MS ) = s y (t MS+1 ) = 0. To enforce this, the vertical position
estimate is also dedrifted with a linear drift function as proposed
by Kitagawa and Ogihara [KO16].
Direct & Reverse Integration Zok et al. [ZMD04] proposed to incorporate boundary conditions like the zero velocity assumption by
fusing a direct and a time-reversed integral. The motivation behind
this is to use the known initial and final values of an integral as
anchor points and compute the integral between these anchors as
a weighted sum of both integrals. The workflow for this method is
visualized in Figure 4.3b.
In order to obtain a velocity estimate, the direct integral v → (t ) is
computed as shown in eq. (4.13). To calculate the time-reversed
integral v ← (t ), the original acceleration signal needs to be flipped
w.r.t. time and direction:
a ← (t ) = −a (t MS+1 − t )

(4.15)

Eq. (4.13) applied to this signal now yields the reverse integral v ∗← (t ).
Before fusion, the transformation t → t MS+1 − t applied earlier
needs to be inverted to ensure common support for both integrals:
v ← (t ) = v ∗← (t MS+1 − t )

(4.16)

For fusion of both integrals, a sigmoid shaped weighting function
w (τ) ∈ [0, 1] with τ ∈ [0, 1] is used
h(τ) − h(0)
w (τ) =
h(1) − h (0)





τ − τ0
with h (τ) = 1 + exp −
η

−1

(4.17)

The shape of w (τ) can be influenced by adjusting the steepness parameter η ∈ [0, 1] and its mid-point τ0 ∈ [0, 1] as shown in Figure 4.4.
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Figure 4.4: Several configurations of the weighting function w (τ) used in the
direct & reverse integration scheme for different the mid-points τ0 and steepness
parameters η.

The direct and reverse integral are then fused using this weighting
function to arrive at the final velocity estimate for each instant
t MS ≤ t ≤ t MS+1 within the current stride


v (t ) = 1 − w (τ) v → (t ) + w (τ) v ← (t )

with τ =

t − t MS
t MS+1 − t MS
(4.18)

The trajectory s (t ) is estimated by direct integration of the velocity
estimate v (t ) in the ground plane and direct & reverse integration
in the vertical axis since the level-floor assumption gives rise to
a similar boundary condition where initial and final value of the
integral s y are known a priori.
Analytic Integration Both double integration schemes presented
above make use of numerical integration via the trapezoidal rule.
As a third integration scheme, Sabatini et al. [SLM15] proposed decomposition of the acceleration signal in a Fourier basis followed
by analytic integration of the basis functions and reconstruction of
the signal. The theoretical motivation behind this is certainly twofold: On the one hand, Fourier decomposition ensures a generic
implementation of cyclic boundary conditions as the zero-velocity
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assumption. On the other hand, analytically integrable basis functions promise less integration errors. As an alternative for noncyclic boundary conditions, we extend the method proposed by
Sabatini et al. [SLM15] in the context of this work by decomposition
and analytic integration in a B-Spline basis. The workflow for this
integration scheme is visualized in Figure 4.3c.
Fourier–decomposition of the gravity-free acceleration signal a (t )
is given by
a reconstr (t , NFourier ) = c 0 +

N
Fourier


c 1 (k ) cos

k =1


c 2 (k ) sin

2πk
t
T

2πk
t
T


+

(4.19)



where T is the duration of the corresponding stride, c {0,1,2} are the
coefficients in the expansion and NFourier represents the order of
expansion. Following Sabatini et al. [SLM15], the DC component
c 0 is set to zero. Time-integration of a reconstr (t , NFourier ) can then
be carried out analytically to arrive at estimates for velocity. Likewise, clearance estimates can be obtained by analytical doubleintegration of the vertical component in a reconstr (t , NFourier ).
For the decomposition and integration in a B-Spline basis, Dierckx
[Die75] provides the required background for further reference. Relevant parameters regarding this decomposition involve the spline
order k and the sequence of control points. Both determine the
quality with which a signal can be reconstructed once decomposed.
Briefly, a given function is estimated as a piecewise polynomial
between a set of control points while each polynomial is of order
k − 1. Best practice is to select equidistant control points and to
determine the number of control points automatically as proposed
by Dierckx [Die75] to ensure good approximation.
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4.3 Experiments
4.3.1 Orientation Estimation
Before evaluation, suitable parameter sets need to be identified for
each of the two tunable CFs for orientation estimation introduced
above. This is done via grid-search over the relevant parameter
space and comparison to the reference angle courses obtained with
the motion capture system in the objective function.
For each parameter configuration θ , stride-specific error distributions εstride (αi , θ ) between the sensor-derived and the reference
angle courses in each axis i ∈ {x , y , z } are computed. Per variable
αi , these are then pooled over all available strides on the dataset
as shown in Figure 4.5.

Figure 4.5: Pooling of individual error distributions yields the error distributions
ε(αi , θ ) for a given axis i = z , variable and parameter configuration θ .
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As an objective function ψ(θ ) to determine optimal parameters
θ opt in the grid-search, the mean rms error over all axes is chosen:
ψ(θ ) =

 ε(α , θ ) 
1 
i
rmse
3 i ∈{x ,y ,z }
ρi

(4.20)

Since observed angular range of motion differs across axes, the
error distributions ε(αi , θ ) are normalized by the corresponding
reference range ρi attained by αi on the dataset. The parameter
grids on which ψ(θ ) is evaluated are shown in Table 4.1. Values for
γ are chosen such that the fraction of the stance phase that receives
an accelerometer update is sampled equidistantly in [0, 1].
During final evaluation, the metrics drawn from the error distributions ε(αi , θ opt ) are the mean (i.e. accuracy) and its standard
deviation (i.e. precision). These allow assessment of estimation
errors per axis, provide a comparison between methods and establish a ranking. Additionally, average execution times per stride are
monitored.

4.3.2 Double Integration
The double integration methods introduced above mainly differ in
handling of cyclic boundary constraints as given by the zero velocity
and level ground assumption. Furthermore, the direct integration
scheme is parameter-less, whereas direct and reverse as well as the
analytic integration involve two tunable parameters each.
The direct and reverse integration scheme is optimized by gridsearch. Only variables involving cyclic boundary conditions are
considered in order to determine the optimal parameter set θ opt ,
explicitly v (t ) and s y (t ). The design of the objective function ψ(θ )
guiding the grid-search is identical to the one described above for
orientation estimation methods. Instead of sensor-derived and
reference angle courses, however, the trajectories for v (t ) and s y (t )
are used. The normalization by the reference range thereby allows
for comparison of velocities and clearance error distributions in
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the same objective function by using relative, dimensionless errors.
The resolution of the parameter grid is shown in Table 4.1.
The analytic integration process involves decomposition of the
stride-specific acceleration signal in a functional basis and the parameters involved determine the reconstruction quality from that
decomposition. Computationally expensive grid-search is not applicable here, since sufficient reconstruction quality is the primary
necessity and can be tuned easily. Parameters are set such that average reconstruction errors are less than 5% on the complete dataset.
This corresponds to NFourier = 60 terms in the Fourier decomposition. B-Spline decomposition is done with splines of order k = 3
while the amount of control points is automatically selected based
on a given smoothness goal 2 .
Final evaluation of each method with optimal/selected parameters
is based on the same metrics as above drawn from the error distributions ε(vi , θ opt ) i ∈ {x , y , z } and ε(s y , θ opt ). These allow assessment
of estimation errors for all axes as well as establishment of a ranking.
Average execution times per stride for orientation estimation and
double integration are measured here as well.
Visualization of the resulting trajectories incuding foot orientation
at several key events is done for exemplary strides on the dataset
in order to compare estimation performance qualitatively. Based
on the sensor-toe distance d toe  = s y (t TO )/ sin αTO estimated at
TO (compare Figure 3.5), the shoe is scaled to the correct length
taking into account the sensor position on the shoe model used for
visualization.

2

This is determined from default settings in the python scipy.interpo-

late.splrep function, for details see [Die75]
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4.4 Results
4.4.1 Orientation Estimation
Optimal parameter configurations for the two CFs for orientation
estimation are shown in Table 4.1. The optimal choice for γ implies,
that the Euston CF is less sensitive to movement in the fusion of
accelerometer and gyroscope orientation estimates compared to
the Madgwick CF. Figure 4.6a relates γ with average stance-phase
fractions that receive an accelerometer orientation update for this
dataset. The optimal operating point for the Madgwick CF thus
corresponds to 55% stance-phase coverage while the Euston CF
is able to cover 95 % of the stance phase with orientation updates
from the accelerometer.
Table 4.2 shows mean and standard deviation of the corresponding
error distributions per plane for all three orientation estimation
methods. Furthermore, average execution times per stride for one
orientation estimation and double integration step are listed. Fusion of gyroscope with accelerometer signals as done in the CFs
shows marginal improvements over gyroscope integration regarding estimation accuracy and precision.
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Figure 4.6: (a) Average fraction of the stance phase with an accelerometer orientation update for a given value of γ on the complete dataset. One standard deviation
around the mean is shown in light color; (b) Optimal weighting function w (τ) in
the direct and reverse integration scheme for τ0 = 0.6 and η = 0.08.
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Table 4.1: Parameter grids for all methods optimized via grid-search as well as
resulting optimal parameter configuration with respect to the objective function
ψ(θ ).
Method
Madgwick CF

Euston CF

Parameter Grid

Optimal Configuration

γ ∈ {0.04, 0.07, 0.09, 0.14, 0.24,
0.45, 0.77, 1.48, 2.50, 4.00}
β = 10−i /3 i ∈ {0, 1, · · · , 9}

γopt = 0.24
β opt = 0.046

γ ∈ {0.04, 0.07, 0.09, 0.14, 0.24,
0.45, 0.77, 1.48, 2.50, 4.00}

γopt = 2.5

K p = 10−i /3 i ∈ {0, 1, · · · , 9}

K popt = 0.0046

η = 10κ−i ·δ i ∈ {0, 1, · · · , 9}

ηopt = 0.08

K i ∈ {0, 0.01, 0.10}

opt

Ki

=0

κ = log10 (1/2)

Direct & Reverse Int.

δ=

log10 (1/2)+2
9

τ0 = 0.05 · i with i ∈ {0, 1, · · · , 20}

opt

τ0 = 0.6

Based on these results, a top-down ranking for orientation estimation methods is given by Madgwick CF > Gyroscope Integration >
Euston CF. Moreover, CFs need roughly three to five times longer
to evaluate on a single stride. In applications that involve real-time
orientation estimation or are limited in computational power, gyroscope integration would be the method of choice as the gain in
estimation performance with CFs is only marginal.

4.4.2 Double Integration
Optimal parameter configuration for the direct and reverse integration scheme are listed in Table 4.1 and Figure 4.6b shows the corresponding weighting function w (τ). Table 4.3 lists mean and standard deviation of the error distributions for all integration endpoints
involving cyclic boundary conditions and all integration methods
introduced above. Orientation estimation is accomplished with
the Madgwick CF in all three cases as it was ranked best above.
Furthermore, average execution times per stride are listed.
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Table 4.2: Mean ± standard deviation of the error distribution for the estimated angles as well as average execution time for all
three orientation estimation schemes with optimal parameter configurations.

Method
Gyro Integration
Madgwick CF
Euston CF

Sagittal Plane [deg]

Transversal Plane [deg]

Frontal Plane [deg]

0.62 ± 2.94
−0.16 ± 2.93
0.62 ± 2.94

−2.06 ± 5.29
−2.04 ± 5.24
−2.06 ± 5.29

−1.41 ± 10.82
−1.44 ± 10.83
−1.41 ± 10.82

Avg. Exec. Time
per Stride [ms]
6.13
21.34
31.76

735 strides, 16 healthy subjects

Table 4.3: Mean ± standard deviation of the error distribution for the estimated velocity/clearance as well as average execution
time for all three double integration schemes with optimal parameter configurations and integration endpoints involving cyclic
boundary conditions like the zero-velocity assumption.

Method

Transversal Vel. [m/s]

Longitudinal Vel [m/s]

Clearance [cm]

−0.11 ± 0.37
−0.09 ± 0.36
−0.10 ± 0.37

−0.09 ± 0.69
−0.09 ± 0.70
−0.09 ± 0.69

−0.27 ± 0.44
−0.23 ± 0.41
−0.28 ± 0.44

0.24 ± 6.66
−0.84 ± 3.98
0.32 ± 6.69

Madgwick CF used for orientation estimation in all three cases.

Avg. Exec. Time
per Stride [ms]
20.91
22.33
101.56

735 strides, 16 healthy subjects
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Direct Integration
Direct & Reverse Int.
Analytic Integration

Ant.-Post. Vel. [m/s]
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There is large agreement regarding the methods’ performance in velocity estimation. All integration schemes accomplish this task with
comparable accuracy and precision. Yet, a considerable margin of
over 2 cm in precision is observed in clearance estimation with direct and reverse integration as compared to the two other methods.
Based on this, a top-down ranking of double integration methods is
given by Direct & Reverse Integration > Direct Integration > Analytic
Integration. Moreover, there is neglectable overhead in execution
time when using the direct & reverse integration scheme as shown
in Table 4.3.
Figure 4.7 shows the sagittal plane foot trajectory and orientation for
the direct & reverse as well as the direct integration scheme for one
exemplary stride on the dataset. The shoe is scaled to appropriate
length at t TO and the shoe orientation is shown at 6 distinct points in
time: t MS , t TO , two instances within the swing phase, t HS and t MS+1 .
Differences between both clearance trajectories are most obvious at
HS where the trajectory from the direct integration is not at all close
to the desired position on the ground. The result obtained with
the direct & reverse integration method, however, almost reaches
zero clearance at HS. Shoe sizes in both visualizations differ due to
different sensor clearances at t TO while the result in the direct & reverse integration scheme is very close to the ground truth clearance
trajectory shown in light, dashed line. Final foot positions in movement direction differ by 5cm between both integration schemes
in this example while the direct & reverse integration again aligns
nicely with the ground truth.
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Figure 4.7: Visualization of resulting foot trajectories and orientation for one exemplary stride on the dataset in the sagittal plane.
The visualised foot positions and orientations correspond to identical timepoints at t MS , t TO , two instances within the swing phase,
t HS and t MS+1 . The upper graph is the reconstruction with the direct integration scheme while the lower one is produced by the
direct & reverse integration scheme. Both visualizations include the light, dashed ground truth clearance trajectory from the
MoCap system.
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4.5 Discussion
With the aim to close a gap in existing literature, three different
methods for orientation estimation and double integration of inertial sensor data for mobile gait analysis have been compared.
Evaluation of these methods was performed on an identical dataset
resulting in a fair comparison of estimation performance. Furthermore, the most suitable processing pipeline could be identified
within the space of the experimentally explored methods.
In the evaluation of orientation estimation methods, grid search
identified optimal parameter configurations for both CFs. The adjustable β in the Madgwick CF is closely
 related to the maximal
gyroscope measurement error ω̃max = 4/3 β (see [MHV11] for
details). The optimal configuration β opt = 0.046 rad/s thus corresponds to a maximal gyroscope error of 3.04 deg/s. This order
of magnitude seems reasonable given that the calibration of the
gyroscope was not done on a turntable, but based on a 360° rotaopt
tion. The optimal parameter configuration of K i = 0 rad/s and
opt
K p = 0.0046 rad/s in the Euston CF coincides with the values
chosen by Euston et al. [Eus+08] who argue that below integration
times around 5 − 10 min, a bias gain of K i = 0 is a suitable choice
due to the slow dynamics involved.
In the evaluation of double integration techniques, no reference
values could be found for optimal parameter settings in the direct & reverse integration scheme for application in mobile gait
analysis. The optimal weighting function, however, is shown in
Figure 4.6b and its shape seems reasonable. Analytic integration
in this work needed Fourier expansions up to order NFourier = 60
which also explains the long execution times. This is different to
Sabatini et al. [SLM15], who report expansions up to order 20 with
similar reconstruction errors compared to this work. However, they
preprocess the data with a low-pass filter which is not part of the
pipeline presented here. Hence, the cut-off frequency of 25 Hz chosen by Sabatini et al. [SLM15] explains the smaller expansion order
in Fourier decompositions.
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The main difference in orientation estimation performance between the three evaluated methods is observed in the mean error
for the sagittal plane angles. Here, the Madgwick CF gives a slightly
more balanced error distribution compared to the other methods.
However, this improvement comes at a cost of approximately four
times longer execution time as compared to the gyroscope integration scheme. Furthermore, gyroscope integration is parameter-free
and thus ensures much broader applicability. Based on the results
presented above, gyroscope integration is as valid as the more advanced sensor fusion approaches to orientation estimation in the
context of mobile gait analysis.
Regarding performance in double integration, differences between
methods are more pronounced. A gain of over 2 cm could be observed for clearance estimation with direct & reverse integration as
opposed to the other two methods. Surprisingly, the analytic integration scheme does not outperform the other integration schemes
based on numeric integration. Superior performance was one of
the theoretical motivations for the analytic integration scheme, but
this could not be observed in practice.
The rankings given above also identify the most suitable processing pipeline for foot trajectory estimation in mobile gait analysis.
Orientation estimation should be performed with a Madgwick CF
while the best double integration result is achieved with a direct
& reverse integration scheme. Both of these methods, however,
require tuning of the parameters involved. This threatens generalization of one specific parameter configuration to other datasets
and the dataset used here is certainly not sufficient in size to evade
this kind of problem. Nevertheless, with the gyroscope integration
scheme a parameter-less orientation estimation method is available that achieves similar accuracies and precisions compared to
the top-ranked Madgwick CF. Regarding the double integration,
sufficient generalization of the weighting function w (τ) used in the
top-ranked direct & reverse integration scheme still needs to be
experimentally evaluated.
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The exemplary visualization of the clearance trajectory is included
in this work and was not part of the original publication [Han+17d].
Figure 4.7 nicely highlights the shortcomings of simple, linear dedrifting functions as used in the direct integration scheme. Especially the clearance at HS will suffer from the naive assumptions
made during drift estimation. The more data-driven direct & reverse
integration scheme handles these situations much better as seen in
this example and the improved precision in clearance estimation
shown in Table 4.3.
Besides the original aim of comparing estimation performance of
different algorithms on an identical dataset, the results achieved
above should also be put into the context of existing literature. For
this task, the clearance trajectory represents a useful measure as its
parameterization is easier and therefore more often used in literature as compared to a parameterization of the velocity profile for
a given stride. Kitagawa and Ogihara [KO16] report accuracy and
precision relative to a motion capture system for three distinct timepoints within the foot clearance trajectory estimated from inertial
sensor data captured at the dorsum of the foot. Based on 180 strides
from 10 healthy subjects, they achieve accuracy and precision of
−0.8 ± 5.3 cm, 1.0 ± 5.1 cm and −1.8 ± 3.2 cm for the first and second maximum, as well as the first minimum in the foot clearance
trajectory. Mariani et al. [Mar+12] provide results from a similar
study, but report absolute accuracy and precision. For maximum
heel clearance, they achieve absolute accuracy and precision of
4.1 ± 2.3 cm based on 378 strides from 12 healthy adults. The top
ranked method described in this work reaches sensor clearance
estimation with −0.84 ± 3.98 cm regardless of the timepoint within
the clearance trajectory which corresponds to an absolute accuracy
and precision of 1.97 ± 3.56 cm. These results compare well to the
studies listed above both in terms of estimation performance as
well as number of subjects and type of study population.
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4.6 Conclusion
In summary, three orientation estimation and three double integration methods are drawn from literature giving rise to nine different
processing pipelines for foot trajectory estimation in mobile gait
analysis. Performance is evaluated per method and on a common
dataset against reference angle courses and trajectories obtained
from a motion capture system. Due to this characteristic, the current study closes a gap in existing literature where diverse evaluation datasets hinder fair comparison of results. Further, an optimal
processing pipeline for foot trajectory estimation in mobile gait
analysis could be identified: Fusion of accelerometer data with gyroscope signal for use in orientation estimation only gave slight
benefits in performance over the parameter-less gyroscope integration scheme. Addressing cyclic boundary conditions by fusion
of regular and time-reversed integrals, however, does proof beneficial. Contrary to prior assumptions, analytic integration does
not outperform the other numeric integration schemes. Finally,
the resulting foot trajectories could be visualized in the sagittal
plane in order to highlight differences specifically between double
integration techniques.
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5.1 Introduction
While the previous chapter systematically examined state-of-theart stride parameter extraction pipelines via parameterizations of
the foot orientation and trajectory, the current chapter will focus on
an extension of stride parameters within that framework (Fig. 5.1).
These additional parameters will be defined based on theoretical
considerations and applied in a clinical context with the aim to
complement the domain of biomechanical parameters captured
by mobile gait analysis systems.
One biomechanical domain that is so far not sufficiently captured
by mobile gait analysis systems based on inertial sensing are the kinetics involved in human gait. Most importantly, quantification of
peak Ground Reaction Forces (GRFs) in a mobile recording scenario
would complement the currently provided spatial and temporal
stride parameters. Quantification of peak GRFs would then focus on
the initial contact or loading response as well as the terminal stance
or pre-swing phase of the gait cycle. In these phases, the foot either
enters into an interaction with the ground or prepares for leaving it
[Per92]. Both scenarios involve force transfer that characterizes the
interaction. The first contribution of this chapter is the assessment
of these force transfers. Since the system setup based on inertial
sensors does not allow direct measurement of forces, the assessment of GRFs can only provide surrogate markers. Measurement
of these surrogates by accelerometry is based on the fundamental
relationship between acceleration and force expressed in Newton’s
second law. In the foot trajectory reconstruction pipeline shown in
Figure 5.1, a stride-specific, gravity-free acceleration signal is obtained. This signal will be used to extract surrogate GRF-markers as
additional stride parameters in the mobile gait analysis framework.
The approach of ambulatory monitoring of GRFs with accelerometry is already reported in literature. Lafortune et al. [LLH95] aim at
capturing this relationship via transfer functions linking tibial acceleration measurements to GRFs. Data is recorded with a piezoresistive 3D accelerometer surgically attached to the subject’s right
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Figure 5.1: The processing pipeline for foot trajectory reconstruction in mobile
gait analysis systems based on inertial sensing. This chapter will specifically investigate the definition of surrogate ground reaction forces based on the gravity-free
acceleration signal as additional stride parameters complementing the biomechanical domains covered by mobile gait analysis systems.

tibia with an intra-cortical traction pin. Hence, their acceleration
data is not corrupted by soft-tissue artifacts. With this study, Lafortune et al. show a person-specific as well as a general relationship
between both variables for five subjects during running. Charry
et al. [Cha+13] then replace the surgical insertion of the acceleration measurement device with a skin-mounted wearable IMU and
studied GRFs during running in three subjects. They conclude that
a 3D accelerometer is a valid tool to assess GRFs in an ambulatory
setting after validating their method against a force plate. Elvin et al.
[EEA07] report on a similar study focussing on jumping in six male
subjects and come to the same conclusion. Lastly, Liikavainio et al.
[Lii+07] investigate the repeatability of loading measurements from
skin-mounted IMUs with ten healthy subjects during walking over
a study period of two days based on the results from the previous
studies. They find good repeatability for the initial peak acceleration in vertical direction and the peak to peak distance during the
landing phase. Hence, they conclude that wearable and unobtrusive IMUs can not only provide correlates of vertical peak GRFs in
clinical environments, but are also reliable in terms of repeatability
of results.
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Besides directly exploiting the connection promised by Newton’s
second law to estimate peak GRFs, other methods for computing
complete GRF profiles are reported in literature. Guo et al. [Guo+17]
for example learn a model to transform trunk acceleration measurements to stride-specific, vertical GRF-profiles. Based on data
acquired from nine healthy participants with a pressure-sensitive
insole as reference system, they train a regression algorithm linking both variables. During unconstrained outdoor walking, their
method is capable of estimating vertical GRF profiles with average
prediction errors below 5% in nine study participants. One limitation in the approach, however, is the need for a training dataset and
the conflict of non-trivial generalization from that training sample to unseen test data. This issue is not present in the methods
described above where underlying mechanisms are analytically derived from fundamental mechanical physics. Other approaches
for ambulatory GRF measurement completely leave the scope of
inertial sensor based systems and measure forces under the foot
directly [Bam+08; Ben+09; LIS10; Cre+14]. These systems, however,
are not yet developed enough to be worn unobtrusively and over
longer periods of time. Especially sensorized insoles providing mobile measurements of pressure currently have several draw-backs
in this context: Calibration of raw measurements to actual forces
is not stable enough over time. Direct measurement of pressure
is confined to defined positions not capturing the full area of the
foot and hence only measuring fractions of the actual force applied.
Lastly, life-time of these systems is currently limited due to the cyclic
mechanical stress on force sensing elements. For these reasons,
inertial sensor based systems currently outperform these direct
measurement systems especially in the domains of mechanical
robustness and wearability.
With this chapter, the estimation of surrogate GRFs from inertial
sensor data is included in a mobile gait analysis system. Unlike
the solutions explored in literature so far, the extracted markers are
now part of a larger set of stride parameters and complement the
biomechanical domains assessable by mobile gait analysis.
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Further, GRFs or corresponding surrogate markers have not been
used extensively in literature in the context of PD, let alone postural
impairment in larger studies. This is probably due to the absence
of practical ambulatory measurement systems. Clinically, postural
stability in PD patients is assessed by the Pull Test that is part of
the Unified Parkinson’s Disease Rating Scale (UPDRS) [FE87]. The
test instructs the physician to expose the patient to sudden displacements by pulling his/her shoulders backwards and scoring
the patient’s response on a five level scale: 0 (normal recovery) – 1
(retropulsion with unaided recovery) – 2 (would fall if unaided) – 3
(tendency to spontaneous imbalance) – 4 (requires assistance to
stand) [HS06b]. The main criticism regarding this scale targets its
subjectiveness as well as its coarseness and non-linearity in early
stages of the disease [Mun+04]. Further, it is hard to standardize across examiners and subjects with different postural status
[Blo+98]. Hence, more objective measures are desired. The current chapter provides a medium-sized clinical study with 200 PD
patients and 100 healthy controls that is made possible by and additionally proves the clinical practicality of mobile gait analysis
systems. It further aims at objective measures of postural instability
and evaluates the relationship of the two surrogate markers of GRFs
with the patient’s postural impairment.
In summary, the main aims of this chapter are:
1. Definition of two surrogate GRF markers from stride-specific
inertial sensor data.
2. Assessment of associations between these novel parameters
and existing stride parameters.
3. Clinical exploration regarding relations between GRF surrogates and postural control status in PD patients and healthy
controls.
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5.2 Methods
The stride parameterization proposed in this chapter is based on
the gravity-free acceleration signal a (t ). The processing pipeline
that computes a (t ) based on an inertial sensor data acquisition
has already been introduced in the system overview (section 3.1).
Methods used for sensor calibration, measurement frame alignment, stride segmentation and gait event detection are identical.
For orientation estimation, the gyroscope integration scheme proposed by Sabatini [Sab05] and introduced in detail in section 4.2 is
used. Based on the estimated orientation and the corresponding
coordinate transformation between the local sensor frame and a
global world frame, the sensor signal can be transformed to a fixed
coordinate frame and gravity can be subtracted easily.
Lafortune et al. [LLH95], Charry et al. [Cha+13], and Liikavainio et al.
[Lii+07] laid the foundations of GRF measurements from accelerometry. Based on their work and the gravity-free acceleration signal
obtained in the trajectory reconstruction pipeline, two surrogate
markers for GRFs are defined. Definition of these parameters aims
at quantifying the dynamics in the terminal stance or pre-swing
phase of the gait cycle as well as the impact intensity at heel strike.
The peak forward acceleration during terminal stance / pre-swing
(PushOffAcc), is computed as the maximum forward acceleration
observed in a temporal window t ∈ [t MS , t TO ] for each stride. Further, the absolute of the minimal vertical acceleration (LandingAcc)
is found in a 100 ms window around t HS for each stride.
PushOffAcc =

max

t ∈[t MS , t TO ]

a (t ) · e x






LandingAcc =  min a (t ) · e y 

t =t HS ±50ms

(5.1)

(5.2)

Figure 5.2 provides a visualization of these definitions based on an
exemplary gravity-free acceleration signal for a single stride. The
temporal search windows t ∈ [t MS , t TO ] and t = t HS ± 50 ms are
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Figure 5.2: Definition of surrogate markers for ground reaction forces, namely
PushOffAcc and LandingAcc, based on an exemplary gravity-free acceleration
signal for one stride. Dashed lines correspond to detected toe-off and heel-strike
events and a sketch of the foot trajectory provides additional context for the signals
shown. Light areas indicate the search range for both parameters.

intended to disconnect the parameter definition from potential
errors in gait event detection. With this, the two surrogate markers
capture the intended signal characteristic regardless of the precise
location of gait events.

5.3 Experiments
The dataset used in this study stems from the large collection of
clinically labeled mobile gait data introduced in section 3.2.3. From
this body of data, a cohort of 200 idiopathic PD patients and 100
HC are manually selected. The PD group is then further stratified
into the two conditions normal (Pull Test = 0) and impaired (Pull
Test > 0) postural control. The manual selection process aims at
comparable group sizes as well as a matching w.r.t. age, height and
weight between the patient and control cohorts (Tab. 5.1). Figure 5.3
shows the distributions of clinical scores in the PD patient group.
The selected subset of data was recorded between 2010 and 2017
at the Molecular Neurology Department of the University Clinic
Erlangen, Germany.
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Figure 5.3: Clinical score distribution for the 200 idiopathic PD patients regarding
the UPDRS-III score, Hoehn & Yahr disease stage (H&Y) stage as well as the pull
test scores.
Table 5.1: Study population characteristics in the HC and the PD groups. Additionally p -values from an independent t-test are shown to check if the groups are
matched w.r.t. the corresponding variable.

# recordings
Gender (m/f )
Age [years]
Height [cm]
Weight [kg]
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PD

HC

200
0.64 / 0.36
61.43 ± 10.04
172.69 ± 8.94
77.66 ± 15.21

100
0.46 / 0.54
62.00 ± 8.76
171.04 ± 7.77
76.16 ± 13.36

p

0.629
0.569
0.371

5.3. Experiments

For each patient, a battery of standardized walking trials was collected while wearing the instrumented shoe. For this study, however,
only the 4 × 10 m walk at self-chosen walking speed is analyzed. In
this test, the patient is asked to walk a 10 m distance four times
at self-selected speed. Each 10 m track is separated by a turning
and the complete test distance of 40 m is walked without stopping
at the turning points. Focussing on this specific gait test for the
present study is on the one hand due to the large amount of data
available. On the other hand, this standardized walking trial is practical enough to be implemented in a variety of clinical settings and
might even be transferable to the home environment.
Since sampling rates differed in the inertial sensor data recorded
for the present study population, all acquisitions are downsampled
to a common sampling rate of 51.2 Hz. From each recording and
every individual stride identified within the standardized clinical
walking trial, a set of stride parameters is extracted with the methods
described above. The set of stride parameters includes temporal
parameters (stride time, swing and stance time percentages), spatial
parameters (stride length, maximal lateral swing, gait speed, TO,
HS and turning angle as well as the maximal toe clearance) and the
two novel parameters defined above. Finally, the subject-specific
gait pattern is parameterized with the mean value of every stride
parameter over the 4 × 10 m test sequence.
The GRF markers defined above are included in the set of stride
parameters available in mobile gait analysis systems. As such, they
should ideally provide complementary information to the already
existing set of stride parameters in order to add clinical value. This
aspect is investigated by computing pairwise Pearson correlation
coefficients between all available stride parameters on the level
of all 13 048 individual strides available in the current selection of
patients.
In order to gain insight into the relation between postural instability
and the two novel surrogate markers for GRFs, group separation
by these parameters is investigated. The groups of interest are
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the healthy control group and two conditions in the idiopathic PD
patient group. Based on the clinical pull test, PD patients either
have normal (Pull Test = 0) or impaired postural control (Pull Test >
0). Due to the distribution of pull test scores in the patient group
(Fig. 5.3), binarization into these two groups is the only sensible
stratification of PD patients w.r.t. their postural status. Separation
of groups by the two surrogate GRF markers is then analyzed using
a one-way Analysis Of Variance (ANOVA) with Bonferroni-corrected
t-tests for group-wise comparisons. Normality of the underlying
distributions is ensured by visual inspection of qq-plots (acceptance
criterion: coeff. of determination r 2 > 0.9) [Fil75].

5.4 Results
On the level of individual strides, high correlation of ρ = 0.7 between the PushOffAcc and gait speed is observed (Fig. 5.4). Stride
length, toe off angle, LandingAcc and the temporal parameters
(stance, swing as well as stride time) show moderate associations
with the novel parameter (0.3 ≤ ρ ≤ 0.5). The remaining set of gait
parameters shows only weak to no correlation with the PushOffAcc.
The second parameter LandingAcc, however, does not correlate
strongly with other stride parameters (Fig. 5.4). Only moderate associations are observed for gait speed, PushOffAcc and HS angle
(0.3 ≤ ρ ≤ 0.4).
Regarding the comparison to postural status on the population level,
both GRF surrogates are reduced in PD patients when compared to
the healthy control group, regardless of their postural control status
(Fig. 5.5). This especially holds for the parameter LandingAcc where
the group means and SEMs are clearly visually separable from the
healthy control group (Fig. 5.5).
Moreover, PushOffAcc shows a medium effect (η2 = 0.118) while
the parameter LandingAcc has a strong effect (η2 = 0.147) with
respect to the postural control status (Fig. 5.5). Significant group
differences are observed between the healthy control group and
posturally impaired PD patients in both parameters.
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Figure 5.4: Pearson correlation coefficients between PushOffAcc, LandingAcc and the set of existing gait parameters for all 13 048
individual strides from the current study population.
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Figure 5.5: Group differences for the two gait parameters PushOffAcc and
LandingAcc between a healthy control group (HC) and PD patients with normal
(Pull Test = 0) and impaired (Pull Test > 0) postural control. Data is presented as
group means with Standard Error of the Means (SEMs), reductions correspond to
the group means. Significance codes: * (p < 0.05), ** (p < 0.01) and *** (p < 0.001).
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PushOffAcc is reduced by 17% while the LandingAcc is 30 % less in
posturally impaired PD patients (p < 0.001 in both cases). Additionally, the LandingAcc separates PD patients with normal postural
control from healthy controls by a gap of 19 % on the mean value
(p < 0.001). Moreover, the two conditions inside the PD patient
group can be distinguished in both parameters with a 12% decrease
in PushOffAcc (p < 0.001) and a 14% reduction for LandingAcc
(p < 0.05) in posturally impaired patients.

5.5 Discussion
The rationale for a definition of surrogate GRF markers via peak
acceleration aims at capturing cautious behavior in patients’ gait
profile and provides the link to dynamic postural stability: Hard
impacts at ground contact as well as high dynamics during stride
initiation are demanding from a postural control perspective. Furthermore, the definition based on gravity-free acceleration signals
provides the link to weight-normalized GRFs as is extensively shown
in literature by Lafortune et al. [LLH95], Charry et al. [Cha+13], and
Liikavainio et al. [Lii+07].
Both parameters are reduced in PD patients. This reduction can
also be observed in vertical and frontal GRFs during heel-strike
and push-off in PD patients using direct force plate measurements
[Koo+87]. Although Koozekanani et al. [Koo+87] only investigate
a pilot population of two PD patients, their study provides initial
evidence of this effect. The small number of patients and the lack
of a larger follow up study is most probably due to the huge effort
involved with capturing and analyzing motion capture data in a
clinical environment. Mobile gait analysis systems overcome these
issues and provide practicality in the clinical acquisition context.
With this study, a reduction of surrogates for vertical and frontal
GRFs during landing and pre-swing in PD patients could be shown
on a medium-sized population of 200 PD patients and 100 healthy
controls.
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Additionally, both parameters provide a separation of the PD group
into the two conditions normal and impaired postural control. PD
patients with postural impairments show a 12% reduction on the
mean peak accelerations in movement direction during loading
(PushOffAcc) and a 14% decrease in average vertical peak acceleration during landing (LandingAcc). This sensitivity to the postural
control status in PD patients is an early indicator that both parameters could become relevant in all domains connected to postural
control. Above all, fall risk estimation is a very relevant application in this context, since the clinical state-of-the-art (pull test or
questionnaire-based assessments) provide little objective scoring
options. Moreover, multivariate analysis of connections between
objective stride parameters and postural control status might provide even clearer associations as all investigations in this chapter
have been univariate.
Correlations between the two novel parameters and the set of existing stride parameters is analyzed to assess their clinical relevance.
The parameter PushOffAcc correlates highly with gait speed and
shows moderate associations to stride length, TO angle and the
temporal parameters stride, swing and stance time. This has to be
expected since propulsion is primarily produced during the terminal stance / pre-swing phase of the gait cycle. Gait speed, stride
length and temporal parameters are measures of propulsion and
the peak acceleration in movement direction during loading hence
provides similar information. The negative association with TO angle can be interpreted along similar lines. A decrease of TO angles
with gait speed seems plausible [SRT08] and hence TO angles could
be seen as a very indirect measure of propulsion as well.
The peak acceleration during landing (LandingAcc), however, only
shows moderate to no correlation with other stride parameters
and thus provides additional knowledge on the impact-intensity
at ground contact that could not be gained before. Also from a
conceptual standpoint, this is complementary information to the
set of existing stride parameters that mainly encode temporal gait
phase durations and geometric properties of the foot trajectory.
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Differences to the original publication The set of available stride
parameters in Figure 5.4 is extended with the maximum lateral
swing as a spatial stride parameter in comparison to the original
publications [Han+17b; Han+17a]. Further, the assessment of correlations between the two new parameters and the existing set of
stride parameters is done on the basis of individual strides as opposed to the analysis regarding the mean values reported in the original publications. This additionally takes the variability between
strides into account and provides a clearer picture of associations
between stride parameters.
More importantly, however, the numbers of PD patients and healthy
controls could be increased by a factor of two. This leverages the
proof-of-concept study in the original publications to a mediumsized study population. The larger study population confirms the
group differences between the healthy control group and the impaired PD patient group as well as between both conditions inside
the PD patient groups found in the original publications. Moreover, posturally unimpaired PD patients can now be separated from
healthy controls based on the parameter LandingAcc. This was not
evident in the original publication.
Regarding the effect sizes, the original publications show a medium
effect for the parameter PushOffAcc (η2 = 0.093) and a medium
effect for the parameter LandingAcc (η2 = 0.136) according to the
interpretation of η2 provided by Cohen [Coh88]. With the present
study, this can be confirmed for the parameter PushOffAcc showing
a medium effect (η2 = 0.118). The association between the parameter LandingAcc and postural control status, however, shows a
large effect (η2 = 0.147) given the larger study population used in
this work. The evidence for associations between postural control
status and the maximum vertical acceleration during HS as a surrogate marker for the GRF seen in the original publication could thus
be strengthened in this work.
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Limitations and future work One limitation certainly is a missing
age-match between the two patient groups. As postural impairment
develops along the course of the disease, patients experiencing
impairments in this regime are usually older compared to posturally
unimpaired patients. This is the reason why an age match between
the two conditions could not be achieved in the current patient
group. Certainly, this has to be further investigated in future work by
looking at new experiments designed to test links between postural
instability and quantifiable gait characteristics in PD patients in
more detail.
Prior to inclusion in a medical product or clinical application outside the research domain the surrogate GRF markers defined above
would need to be technically validated against force plate measurements. Methodologically, however, the technical validation study by
Charry et al. [Cha+13] is close to the presented approach and shows
this relationship between GRFs and surrogate markers based on
IMU data acquired at the medial tibia. This presents good grounds
for an investigation of technical validity of the defined parameters
in a future study.

5.6 Conclusion
In summary, two objective markers of GRFs from inertial sensor
data are introduced in this chapter. These parameters aim at quantifying dynamics in stride initiation and the impact intensity at heel
strike during standardized clinical gait tests. While the parameter
PushOffAcc mainly measures propulsion, the parameter LandingAcc shows little to no associations with existing stride parameters
and thus provides complementary information on the gait profile.
A clinical study with 300 mobile gait analysis sessions in healthy
controls and PD patients with or without postural impairment evaluates the practical use of these parameters for postural instability
assessment. Medium and large effects could be seen regarding
group separation within this experiment. Especially, the two conditions inside the PD patient group could be separated on the basis
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of the defined surrogate markers. The current study thus presents
a first step towards quantifiable gait measures from inertial sensors
that express impairments in postural control.
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6.1 Introduction
In the scope of the processing pipeline applied for mobile gait analysis with inertial sensors (Fig. 6.1), this chapter focusses on the
replacement of state-of-the-art stride parameterization routines
with machine learning methods, specifically Deep Convolutional
Neural Networks (DCNNs). The motivation for this lies in the constrained clinical applicability of state-of-the-art trajectory reconstruction techniques due to the zero velocity assumption. Since this
assumption is easily violated in diverse clinical situations including
e.g. spastic gait, alternative stride parameter extraction routines
are desired. The current chapter therefore aims at exploring a new
type of estimation technique on the example of stride length as a
parameter of interest.
State-of-the-art There is a growing body of literature regarding
stride length estimation from inertial sensors placed at the lower
extremity of the human body. These methods generally divide into
two classes: (Bio)mechanical model based approaches and doubleintegration approaches.
The model based approaches employ a double pendulum model
for the swing phase and an inverse double pendulum model for
the stance phase [Ami+02; Sal+04; Sal+13]. Three joints (hip and
knees) and four segments (shank and thigh) are modelled. Integration of the respective equations of motion is driven by gyroscope
data captured at the shank and thigh of the subjects. Apart from
the amount of sensor needed on the subject, most models confine
the movement to the sagittal plane. One of the major benefits, however, is the intrinsic implementation of biomechanical constraints
between both legs.
The vast majority of stride length estimation techniques, however,
comes from the class of double integration methods [Vel+03; Sab05;
Mar+10; Reb+13; Tro+14; Ram+15; Fer+15; KO16]. This family of
algorithm has already been described in the system overview (section 3.1) and different methods within this class have been bench-

108

6.1. Introduction
Data Acquisition

+
Preprocessing (per acquisition)
Sensor
Calibration

Axis
Alignment L/R

Stride
Segmentation

Gait Event
Detection

Stride Parameterization (per stride)
Deep Convolution Neural Network

Stride Specific
Sensor Data

Stride Length
Estimate

Figure 6.1: The processing pipeline for mobile gait analysis based on inertial
sensing. This chapter will specifically investigate the replacement of foot trajectory
reconstruction and stride parameter extraction with machine learning methods
mapping stride specific sensor data directly to stride parameters (compare with
Fig. 3.1). This will be done on the example of stride length as one of the parameters
of interest.

marked in chapter 4. These algorithms are mostly evaluated per
leg and biomechanical constraints are hard to implement. Nevertheless, three-dimensional sensor trajectories can be reconstructed
allowing a deeper analysis of gait characteristics or disease-specific
alterations. The latter, however, only applies for gait profiles that
satisfy the zero velocity assumption which is one of the major limitations of double integration methods.
Clinical applicability For clinical applications of mobile stride
length estimation, the precision of the estimation technique in
relation to the Minimal Clinically Important Difference (MCID) is
of crucial importance. If the MCID in a given situation is below the
measurement precision, mobile stride length estimation will not be
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able to resolve a clinically observable effect. Clinical phenomena of
interest could for example include the decline in stride length with
age in healthy controls, the reduction in stride length with disease
progression in e.g. PD patients or the effect of medication.
Hollman et al. [HMP11] report normative data on mean stride length
in elderly, healthy controls. Between the age groups 70 − 75 years
and 85+ years, stride length decreases by 20 cm in males and 14 cm
in females in the mean values over 294 participants [HMP11]. This
translates to a reduction around 1 − 2 cm/year. Resolving this difference with mobile sensors requires the effect to be larger than
typically twice the standard deviation of the error distribution (i.e.
precision) obtained in the validation study of a stride length estimation method. In order to resolve the yearly decline with age,
the precision in estimating mean stride length of a person would
therefore need to be around 5 mm.
Hass et al. [Has+12] report normative values on mean stride length
in PD patients over the course of the disease as measured by the
Hoehn & Yahr disease stage (H&Y) [HY67]. Between the groups H&Y
< 1.5 (mild) and H&Y = 3-4 (severe), they observe a reduction in
mean stride length of 11 cm for males and 12cm for females based
on data from 310 PD patients [Has+12]. Following the argument
above, mobile stride length estimation methods would require precisions around 5cm in order to resolve the effect of stride length
reduction with disease progression even on the very coarse H&Y
scale ranging from 0-5.
Bryant et al. [Bry+11a] investigate the change in stride length between the best possible (on) and worst (off) medication state in PD
patients. Based on data from 21 PD patients, they find an average
stride length difference of 18cm between the on- and off-state.
From these three examples, an intuition on the MCID and the
required precision regarding the parameter stride length can be
gained. One problem, however, is that most authors report precision on the basis of single strides while multiple strides are used in
clinical applications. The average stride parameters then have the
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benefit of higher precision compared to single stride parameters
due to repeated measurement. The actual improvement in precision due to repeated measurement is, however, hard to model.
Moreover, the clinician is probably interested in more minute
changes in clinical scores or medication levels corresponding to
smaller effects on the parameter stride length. To this date, mobile
stride length estimation is not yet precise enough for this kind of
tasks. From a clinical perspective, the problem of mobile stride
length estimation thus stays challenging.
Towards a new type of methodology Until now, the choice of
method for stride length estimation has been based on biomechanical or physical / geometrical reasoning. However, one could
also aim to learn a regression function linking the raw sensor data
of a stride directly with the corresponding stride length. Similar approaches were reported by Aminian et al. [Ami+95] in 1995, where a
two-layer perceptron was used to estimate speed and incline of human walking. Most probably due to the limits of computing power
20 years ago, the neural network structure presented by Aminian
et al. is very shallow with 10 input nodes, one hidden layer of five
units and one output node. A 10 feature parametrization of the accelerometer signal based on physiological and statistical reasoning
is used as input to the network.
With the recent advances in deep learning [LBH15; KSH12; HS06a]
and user-friendly interfaces to such techniques like torch [CKF11],
Microsoft’s Cognitive Toolkit [YH15; Yu+14], caffee [Jia+14] or
google’s TensorFlow library [Aba+15], the parameterization of the
input data has become obsolete. By regressing against raw sensor
data instead of parameterizations and by employing sufficiently
deep architectures, the full potential of the neural network approach can be utilized. These include in particular the advantages
of representation learning and task unspecific implementations.
Based on a publicly available and clinically relevant benchmark
dataset, a method to learn a non-linear relationship between stridespecific sensor data and the corresponding stride length with a
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convolutional neural network is proposed in this chapter. This
adds a completely novel approach to the problem of stride length
estimation from inertial sensor data. The processing pipeline does
not rely on a zero velocity assumption. Therefore, the current work
could enable spatial gait parameter estimation in situations where
this assumption is violated, e.g. in patients with spasticity if the
measurement precision is found to be sufficient.
A concurrent validity assessment against a reference system gives
mean accuracy and precision regarding stride length estimation
on the level of individual strides. Although any clinical application
rather targets accumulated summary measures (e.g. average stride
length) instead of estimates on the level of individual strides, this
evaluation is critical to ensure validity of the proposed approach.
Further, the concurrent validity assessment is done in a cross-validation scheme to ensure robustness against the selection of the
training set. In order to assess the method’s dependency on stride
definition and thus the need for a zero velocity assumption in practice, this analysis is repeated for three different stride definitions:
Individual strides are defined from HS→HS, MS→MS or not directly
related to any biomechanical events in the datastream while capturing the relevant information (i.e. the swing phase where stride
length is produced). Since the foot is at rest at MS events, comparison against performance for this stride definition can be used to
test the practical need of a zero velocity assumption.
In a second experiment, the generalization performance of the
model is evaluated. Therefore, it is trained on a population of geriatric and healthy subjects and evaluated on a dataset containing
recordings of PD patients and healthy controls. Since reference
values are not available on the latter dataset, stride length estimates
are compared to the state-of-the-art double integration results on
the stride level. More importantly, however, the proposed system
is evaluated on the population level by comparing average stride
length estimates per subject to their clinical status.
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In summary, the main aims of this chapter are:
1. Assessment of feasibility regarding estimation of spatial gait
characteristics with deep convolutional neural networks on
the example of stride length.
2. Evaluation whether that change in methodology eliminates
the need for a zero velocity assumption that constrains stateof-the-art double integration methods and limits their clinical
applicability.
3. Examination of generalization capabilities in the trained
model to other populations on the stride level.
4. Exploration of potential clinical applications for the proposed
system by comparing stride length estimates for PD patients
against their clinical status cross-sectionally as well as longitudinally.
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6.2 Methods
6.2.1 Preprocessing
Before inertial sensor data is shown to the convolutional neural
network, a series of preprocessing steps are performed. In a first
step, sensor calibration from raw sensor readings to physical units
according to Ferraris et al. [FGP95] is performed. Due to different
sensor mounting on the shoe, coordinate system transformations
are needed to align sensor axes on the left and right foot. In a next
step, the continuous signal needs to be segmented into individual
strides before gait events are detected within each stride (Fig. 6.1).
So far, this is identical to the preprocessing in state-of-the-art mobile gait analysis systems already described in the system overview
3.1. Specific to the current approach, however, the signals from
accelerometer and gyroscope are normalized w.r.t. the respective
sensor ranges. Finally, zero-padding to a fixed length of 256 samples per stride ensures equally scaled and fixed size input to the
network.
Since one of the main objectives of this chapter is a comparison
of estimation performance on different stride definitions, the MS
and HS events detected within each stride are used to extract the
corresponding signals from the continuous recordings. The stride
definition given by the segmentation algorithm will be referred to as
msDTW because of the multi-dimensional sub-sequence dynamic
time warping used for segmentation.
Figure 6.2 shows an exemplary input signal to the neural network
for one stride defined from MS to MS after all preprocessing steps.

6.2.2 Network Architecture
The neural network architecture proposed for stride length estimation from inertial sensor data in this chapter is a two layer convolutional network followed by one fully connected layer and a readoutlayer (Fig. 6.3). The main theoretical motivation behind this choice
is the locality of features gained by these architectures [LBH15].
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Figure 6.2: Exemplary input signal for one stride from the dataset defined from
MS→MS after preprocessing. Shown are the accelerometer signals for all three
axes and the gyroscope signal in all three planes.

Using the convolutional layers, the network is forced to take the
true topology of the input data as multi-channelled, synchronized
time series into account and maintain its temporal context. It only
considers local connections and does not combine information
from temporally far away regions in the input signal.
The network architecture described above is based on three elementary building blocks: Convolutional, max-pooling and fully
connected layers.
A convolutional connection between layers is defined by a set of
Ni kernels ψ1 . . . ψNi of length L i and biases b1 . . . bNi . Using this
notation, the index i represents a label for the layer at hand. Given
a multi-channeled input vector x j with j = 1...Ni −1 , the activation
or output of the convolutional connection is computed as


a k = ReLU
(6.1)
ψk , j ∗ x j + bk
j

with k = 1 . . . Ni . Rectifying linear units (ReLU) defined as
ReLU(z ) = max(0, z )

(6.2)

are used as activation functions for this layer. This type of nonlinearity has proven to be very successful in combination with convolutional layers in other domains as for example object recognition
[Jar+09]. Further, rectifying linear units have shown faster learning
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Figure 6.3: Architecture for the neural network regression approach presented
in this chapter: Two convolutional layers followed by max-pooling, one fully
connected layer and a readout layer contracting the last hidden layer to the single
target variable (stride length).
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rates in deeply layered networks which consequently allows training of deeper networks in a supervised fashion without the need
for unsupervised pre-training [GBB11].
Convolutional layers are often followed by max-pooling layers to
increase robustness of the extracted features [BPL10]. This type of
connection effectively downsamples the feature maps obtained by
the convolutional connection by taking the maximum in temporal
windows of length r . The downsampling factor is thus 1/r .
The third type of connection used here is the fully connected layer.
This type of connection is defined by a set of weight vectors W 1 . . .
W Ni and biases b1 . . . bNi . Given a single-channel input vector x ,
the activation of the fully connected layer is computed by matrix
multiplication as
a j = ReLU



Wi , j xi + b j

(6.3)

i

with j = 1 . . . Ni . In case the output of the previous layer is a multichannelled vector, the single-channel input vector x is constructed
by concatenation of the individual channels (flattening). Again,
rectifying linear units are used for activation.
Finally, a readout layer compresses the last fully connected layer to
the number of output variables defined by the task at hand. The
readout layer is identical to a fully connected layer with the identity
instead of the ReLU as a choice of activation function. The number
of output variables is then encoded in the number of weight vectors
for this layer.
For the current application to stride length estimation, the input
data is of length L 0 = 256 with N0 = 6 channels. On the first layer
of the network, N1 = 32 filters of length L 1 = 30 samples are learnt,
followed by N2 = 64 and L 2 = 15 on the second. Max-pooling is done
in non-overlapping windows of length r = 2 samples and the fully
connected layer has Nfc = 1024 nodes. Given the downsampling
factor and the sampling rate, the filter lengths both correspond to
approximately 0.29 s. The theoretical motivation for this choice is
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to keep the resulting receptive field size constant (L 1 = r L 2 ) while
increasing the amount of feature maps (N2 > N1 ) with network
depth.

6.2.3 Learning a Regression Function
Determining the parameters involved in the previously defined
network architecture (kernels/weights and biases on each layer) is
based on a training dataset.
Training neural networks is commonly posed as an optimization
problem regarding a scalar error function (implicitly) depending on
the network parameters. This error implements a discrepancy measure between the predicted output and a ground truth reference
on the training dataset or subsets thereof. Using back-propagation,
weights and biases on all layers are changed with the aim to minimize the error. In practice, only random subsets of the training
dataset, called mini-batches, are shown to the optimization routine
in one iteration of the training loop to speed up the learning phase
(stochastic learning) [GBC16].
Given the relative error distribution
εi =

yi − yi ,ref
yi ,ref

with i ∈ [1, Nbatch ]

(6.4)

on such a mini-batch of size Nbatch , the discrepancy measure to
minimize is defined as E (ε) = rmsq(ε), where rmsq stands for the
root-mean-square-error.
Kingma and Ba [KB15] proposed a state-of-the-art optimization
method for stochastic learning that is also used within this work.
Their method shows faster convergence than other stochastic optimization routines on benchmark datasets and default settings of
α = 1e−3 , β1 = 0.9, β2 = 0.999 and ε = 1e−8 are used (for details see
[KB15]). All weights are initialized randomly by sampling a truncated normal distribution with standard deviation 0.1 and biases
are initialized from 0.1. Training is done for a fixed number of 4000
iterations with a mini-batch size Nbatch = 100 strides.
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As a measure against over-fitting, dropout is used on the fully connected layer. Dropout effectively samples a large number of thinned
architectures on the hidden layer by randomly dropping nodes and
their connections during training. This technique has been shown
to prevent over-fitting significantly in many use-cases and is superior to weight-regularization methods [Sri+14]. A fixed dropout
probability of pdrop = 0.5 is used, so every node on the fully connected layer has a 50/50 chance of being dropped during training.
During testing, however, the full architecture is used and no connections are dropped.
The network is implemented and trained using google’s TensorFlow
library [Aba+15] version r1.2.0.

6.3 Experiments
6.3.1 Concurrent Validity Assessment in Geriatric Patients
The first experiment with the proposed method focusses on an evaluation against an external gait analysis system. The mobile gait
dataset that has reference stride parameters from the instrumented
walkway GAITRite is used for this experiment. This dataset is preferred over the motion capture referenced dataset due to its clinical
nature and the amount of individual subjects. Detailed description
of this dataset is available in section 3.2.2. A segmentation of the
continuous inertial sensor signal into strides is available on this
dataset to ensure stride to stride correspondence with the reference
parameters. From the two gait tests available for concurrent validity
analysis, the unconstrained walking task without a wheeled walker
is selected for this experiment.
Evaluation of the proposed method is based on a 10-fold cross validation scheme. The strides from 101 patients on the dataset are
sorted into training and test set depending on the patient identifier
to ensure distinct splits of the dataset. For each of the three stride
definitions msDTW, HS→HS and MS→MS, the model is evaluated
in such a cross-validation scheme and the stride length is estimated
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on the test set in each fold. The predictions from individual folds
are then pooled to arrive at average statistics for the current stride
definition. Evaluation statistics include average accuracy ± precision which correspond to the mean and standard deviation of
the (signed) error distribution ε = y − y ref . Additionally, precision
relative to the mean stride length, average absolute accuracy ± precision as well as Intraclass Correlation Coefficient (ICC) between
the reference system and the proposed approach are reported.
In order to assess the learning speed and performance of the convolutional neural network, the training error and the corresponding
precision on the training set is logged during training. This allows an
evaluation of the training procedure and underlying assumptions,
e.g. the fixed number of training steps.

6.3.2 Clinical Validity in PD Patients
The second experiment focusses on generalization of a trained
model to other populations. This is done on the example of the
large collection of mobile gait data from PD patients and healthy
controls introduced in section 3.2.3. Here, only clinical annotations
are available as no external gait analysis reference system was used
during acquisition.
First, a deep convolutional neural network for stride length estimation is learnt. As a training dataset, all data from the technical
validation studies is utilized. The training dataset thus consists of a
16 healthy subjects from the motion capture referenced dataset and
101 geriatric patients from the GAITRite referenced acquisitions.
The total number of strides in these two datasets sums to 1998 and
reference values for the parameter stride length range from 13 to
228 cm. The individual datasets are described in detail in sections
3.2.1 and 3.2.2. The underlying stride definition for inertial sensor
data is given by the HS events, i.e. strides are defined from HS→HS.
The motivation behind this choice aims at a stride definition without a zero velocity assumption. At HS, the foot is not stationary
and hence state-of-the-art trajectory reconstruction methods can
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Table 6.1: Characterisation of the cross-sectional study population for model
performance on other populations. Additionally p -values from an independent
t-test for age and a χ 2 test for gender are shown to check if the groups are matched
w.r.t. the corresponding variable.

# patients
Gender (M/F)
Age [years]
UPDRS–III
H&Y stage

HC

PD

61
0.61/0.39
63.56 ± 8.02

180
0.63/0.37
62.08 ± 9.97
17.77 ± 9.52
2.07 ± 0.82

p = 0.965
p = 0.295

not be initialized. However, these points of initial ground contact
still provide a valid segmentation of the continuous signal into individual strides. Moreover, it can be argued that the initial contact
and the corresponding signal characteristics due to the impact are
reasonably invariant to specific gait profiles.
In a second step, individual HS→HS strides are extracted from the
4×10 m standardized gait tests performed by each PD patient or HC
subject on the large clinical dataset (section 3.2.3). These strides are
then shown to the trained network and yield stride length estimates.
In other words, the HC and PD population serve as independent
test sets for the proposed stride length estimation approach.
Evaluation of generalization capability is two-fold: On the one hand,
stride length estimates are compared to state-of-the-art double integration estimates based on MS→MS strides. The state-of-the-art
system thereby acts as an approximation to an external gait analysis
reference. Again, concurrent validity can be assessed on a strideby-stride level and the corresponding error metrics are identical
to the ones already introduced above. On the other hand, clinical
annotations are available for each mobile gait dataset. These labels
are used to assess the relationship of stride length estimates from
the proposed approach with clinical ratings.
For a cross-sectional comparison against clinical ratings, the maximum number of first visits for an age- and gender-matched PD
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patient and healthy control population is selected (Tab. 6.1). As
an additional selection criterion, inertial sensor data had to be
recorded at 102.4 Hz. The PD patients are stratified according to
Hass et al. [Has+12] and Schlachetzki et al. [Sch+17a] into a mild
(H&Y ≤ 1.5), medium (1.5 < H&Y ≤ 2.5 ) and a severe (H&Y ≥ 3)
disease stage. Stride length is estimated with the proposed as well
as the state-of-the-art approach and the mean stride length per
subject is computed. To assess potential group differences w.r.t.
the mean stride length, a one-way ANOVA with post-hoc t-tests
(Bonferroni-corrected) is used. Data is presented as group means

as well as their SEM, defined as σ/ n .
Further, data from multiple visits is available for 98 PD patients to
assess the proposed approach longitudinally. With a restriction of
minimum time between baseline and follow-up visit of 6 months,
373 pairs of such recordings are available. The time difference between two visits ranges from six months to five years with a mean
and standard deviation of 20.1 ± 12.1 months. According to the
change in the item gait from the UPDRS assessment, the clinical
status at follow-up is considered improved, stable or worse compared to the baseline visit. Mean stride length per visit is computed
with the proposed and the state-of-the-art approach and the change
in percent relative to the baseline assessment is used as the objective outcome variable in this experiment. To assess potential group
differences w.r.t. the relative change in stride length, a one-way
ANOVA with post-hoc t-tests (Bonferroni-corrected) is used. Data
is presented as group averages along with their SEMs.
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6.4 Results
6.4.1 Concurrent Validity Assessment in Geriatric Patients
Training Figure 6.4 shows the fold statistics for the error as well as
the precision evaluated on the entire training set during the training.
The solid lines represent the mean over all folds while the shaded
regions indicate 95% confidence intervals.
On a mobile workstation equipped with an Intel Core i7 processor
(8 cores), 16GB of RAM and no GPU acceleration, training takes
around six minutes per fold. After the fixed number of 4000 iterations, the training in all folds reaches a stable regime in the error
E (ε) as well as the precision.
Moreover, the precision confidence intervals reach the reference
precision of 1.3 cm after around 2000 training steps. This demonstrates potential usability of the approach for individualized, mobile
estimation of stride length with high precision in the range of pressure mats. Monitoring of precision on the training set, however,
only gives an very optimistic approximation of such individualized
models in this case.
Precision on entire training set
Reference precision (GAITRite)

Precision [cm]

0.200

Error

20

Error E (ε) on entire training set

0.400
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Training iterations

0
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Figure 6.4: Mean values (solid lines) and ±1.96σ confidence intervals (shaded)
over all folds on logarithmic scales for the error as well as the precision evalutated
on the entire training set during the training procedure.
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Stride length estimation on unseen test data Table 6.2 reports average statistics regarding stride length estimation performance on
the unseen test data from the 10-fold cross validation. Results are
shown for each of the three stride definitions. Correlation as well as
Bland-Altman plots in Figure 6.5 visually assess the agreement between the two measurement systems for all three stride definitions.
Further, Table 6.3 shows the performance metrics regarding estimation of the average stride length per patient for one single pass over
the GAITRite reference system corresponding to a distance of 10 m.
The model yields best performance on single strides when strides
are defined from MS→MS with a mean accuracy and precision
of −0.69 ± 5.50 cm. The range of single-stride precisions ranges
between ±1.55 cm in the best case (patient P114) and ±13.31 cm in
the worst case (patient P55).
Regarding estimation of average stride length per patient, the same
ranking of estimation performance seen on the individual stride
level can be observed. Best performance is achieved when strides
are defined from MS→MS with mean accuracy and precision of
1.16 ± 2.91 cm.

Furthermore, the stride length estimation with the proposed approach is robust w.r.t. the stride definition. When trained and evaluated on the HS→HS stride definition, the mean precision differs
only marginally from the one achieved on the MS→MS strides.
This holds on the individual stride level as well as for the patientaverages. Only the msDTW stride definition that has no direct link
to biomechanical events in the datastream performs slightly worse.
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Table 6.2: Concurrent validity analysis regarding single strides between the DCNN approach and the GAITRite reference system for
three stride definitions. Mean stride lengths on the dataset are shown for both systems, the measurement agreement is assessed by
mean accuracy ± precision, relative precision, mean absolute accuracy ± precision and ICC(C,1).
Stride definition
HS→HS
MS→MS
msDTW

Proposed approach
[cm]

GAITRite
[cm]

Mean acc. ± prec.
[cm]

Rel. prec.
[%]

Mean abs. acc. ± prec.
[cm]

ICC(C,1)

79.33 ± 22.40
79.28 ± 22.47
79.35 ± 22.56

80.02 ± 23.41
80.02 ± 23.41
80.02 ± 23.41

−0.69 ± 5.50
−0.74 ± 5.58
−0.67 ± 5.81

6.9
7.0
7.3

4.21 ± 3.61
4.19 ± 3.77
4.47 ± 3.78

0.97
0.97
0.97

n = 1220 individual strides, 101 geriatric patients

Table 6.3: Concurrent validity analysis regarding patient-wise averages between the DCNN approach and the GAITRite reference
system for three different stride definitions. The measurement agreement is assessed by mean accuracy ± precision, relative
precision, mean absolute accuracy ± precision and ICC(C,1).
Stride definition

Rel. prec.
[%]

Mean abs. acc. ± prec.
[cm]

ICC(C,1)

1.13 ± 3.20
1.16 ± 2.91
1.09 ± 3.64

3.7
3.4
4.2

2.55 ± 2.23
2.41 ± 2.00
2.72 ± 2.65

0.99
0.99
0.98

estimation of average stride length over 10 m for 101 geriatric patients
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HS→HS
MS→MS
msDTW

Mean acc. ± prec.
[cm]
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Figure 6.5: Concurrent validity assessment on a geriatric population of 110 patients
and 1220 individual strides: Correlation plots including a linear fit to the data
(solid line) as well as Bland-Altman plots including mean (solid line) and ±1.96 σ
confidence intervals for stride length estimation on unseen test data. Results are
shown for all three stride definitions HS→HS (a), MS→MS (b) and msDTW (c).
The measurement difference in Bland-Altman plots is defined as y − yref .
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6.4.2 Clinical Validity in PD Patients
Comparision against double integration estimates Overall, an
ICC of 0.84 w.r.t. the state-of-the-art mobile estimates of stride
length is achieved by the proposed approach when trained on the
union of the motion capture and GAITRite referenced datasets
(Fig. 6.6). Compared to the double integration estimates, the proposed approach underestimates stride length by 7.6 cm on average
with a precision of 11.2 cm. However, accuracy and precision seem
to be constant regarding the stride length regime covered (Fig. 6.6).

ICC(C,1) = 0.84

Measurement difference [cm]

Estimated stride length [cm]

The dataset for this experiment is identical to the cross-sectional
study population introduced above and the number of individual
strides considered sums to 10 060.
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Figure 6.6: Concurrent validity assessment on the PD and HC population of 241
subjects and 10 060 individual strides. The reference is given by MS→MS derived
double-integration stride lengths while the estimated stride length is computed
with a DCNN based on HS→HS strides. The underlying model is trained on
geriatric as well as healthy subjects.
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Cross-sectional analysis Disease severity as measured by the H&Y
has a large effect (η2 > 0.14 according to [Coh88]) on the mean stride
length measured per subject for both approaches. The respective
effect sizes are η2 = 0.171 for the state-of-the-art and η2 = 0.209
for the zero velocity free approach. Furthermore, group-wise comparisons show the same significance patterns and levels in both
approaches, the DCNN even reaches a higher significance level for
the comparison between mild and severe stage PD (Fig. 6.7).
The underestimation of stride length w.r.t. the state-of-the-art double integration approach is, however, visible here as well. All estimates from the proposed DCNN model are offset by a systematic
error since the absolute group-wise differences only show small
deviations with a maximum difference of 1.7 cm between both approaches (Fig. 6.7) .
Longitudinal analysis The change in the clinical UPDRS item gait
between consecutive visits at least six months apart has a small
effect (0.01 < η2 ≤ 0.06 [Coh88]) on the relative change in stride
length assessed by mobile gait analysis. The effect sizes between the
state-of-the-art approach (η2 = 0.049) and the proposed approach
(η2 = 0.040) are well comparable. The group-wise comparisons,
however, show slightly different patterns and significance levels
due to a different behavior in the group that was clinically rated
worse at follow-up. Still, the general trend as well as absolute values
in the two other groups and the SEMs are very comparable (Fig. 6.8).
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Figure 6.7: Cross-sectional evaluation of HS→HS derived stride lengths with the proposed approach in contrast to state-of-the-art
MS→MS double-integration results. Group means and SEM are shown, reductions correspond to the mean values. Significance
codes: * (p < 0.05), ** (p < 0.01) and *** (p < 0.001).
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Figure 6.8: Longitudinal evaluation of HS→HS derived stride lengths with the proposed approach in contrast to state-of-the-art
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with the change in the item gait from the clinical UPDRS assessment. Mean values and SEM are shown per group, reductions
correspond to the mean values. Significance codes: * (p < 0.05), ** (p < 0.01) and *** (p < 0.001).
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6.5 Discussion
6.5.1 Concurrent Validity Assessment in Geriatric Patients
With respect to the training procedure, the network adapts very
well to the training dataset and even reaches reference precision
(Fig. 6.4). This is the reason why e.g. ε-insensitive error functions
that were initially tested during method and experiment design
do not improve results. Moreover, the excellent adaptation to the
training set promised highly precise stride length estimation with
the proposed method in case of individualized models. If a training/calibration dataset to tune the neural network to the patient at
hand is available, i.e. by collecting one gait sequence instrumented
with inertial sensors and the GAITRite, the proposed method could
reach the precision of the reference. This would enable highly precise stride-by-stride analysis of spatial gait parameters in daily clinical routine or outpatient monitoring at a level sufficient to address
clinically relevant phenomena as for example the decline in stride
length with disease progression with higher resolution compared
to the H&Y scale. Certainly, this has to be formally evaluated in the
future and is a possible extension of the presented method.
The best result on unseen test data during the cross-validation
reached with the proposed method outperforms the approach by
Rampp et al. [Ram+15] by 2.9 cm (34%) in precision on the level
of individual strides. These results can be compared directly since
identical datasets are used during evaluation. This is not the case
for the other methods found in literature (Tab. 2.3). Although the
proposed method reaches similar performance, the discrepancy in
evaluation datasets and their characteristics limits direct comparability between studies.
Most importantly, estimation performance is independent of the
stride definition. The MS→MS stride definition representing the
case with a zero velocity assumption does not perform considerably better than the network trained on HS→HS or msDTW strides.
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Especially for the HS→HS case, this is a promising result. In situations with e.g. spastic gait, HS or initial contact events in the case
of forefoot walkers could provide a segmentation of the continuous
signal into strides. The proposed method will then still be able to
compute stride length estimates while there is no theoretical basis
to re-initialize double integration methods at these events within
the gait cycle due to the large amount of movement present.
The performance regarding clinically important outcome measures,
most importantly average stride length in a standardized test setting, are usually not reported in literature. In technical validation
studies, the category most related work falls into, the level of individual strides is the relevant criteria for evaluation. The fact that
repeated measurement will improve the accuracy and precision
is only implicitly included. In the current work, however, this is
explicitly evaluated. Repeated measurement over the 6 − 12 strides
available per patient and foot does almost double the average measurement precision while stride length is on average overestimated
by 1 − 2 cm (Tab. 6.3). This is again independent of the stride definition and specifically holds for strides defined from HS→HS used
in the clinical experiments in this chapter.
Differences to the original publication The training time per fold
could be reduced by a remarkable margin of 70% compared to the
results reported in [Han+18]. This is on the one hand due to a newer
version of TensorFlow that comes with speed improvements compared to the very first release used in [Han+18]. On the other hand,
compiling the library from source made cpu-specific optimizations
available that further reduced the 20 minutes per fold stated in
[Han+18] to current training time of only six minutes per fold.
Further, slight differences in estimation performance between
the current chapter and the results reported in the original paper [Han+18] are due to different initialization of random number
generators in the processing pipeline. This affects various parts
of the proposed method and evaluation scheme: Patient distribution into training and test set in all folds, initialization of network
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weights and training behavior due to random mini-batch collection
and dropout. Yet, the achieved precision is in the range of results
reported in [Han+18]. This demonstrates robustness of the proposed approach and its evaluation in the cross-validation scheme.
Further, initialization of random number generators is controlled
for in the code-base and all experiments are deterministic for a
given seed value.

6.5.2 Clinical Validitiy in PD Patients
The experiments on clinical validity are not included of the original publication [Han+18] and are specifically designed to test the
proposed method in two standard clinical study situations: Crosssectional and longitudinal assessment of PD patients.
The mobile gait analysis system used for comparison is certainly not
a hard reference system. Still, it can give an approximation towards
an external reference system regarding gait analysis as concurrent
validity and test-retest reliability were previously assessed by Kluge
et al. [Klu+17]. Yet, stride length is on average underestimated in the
proposed approach compared to the double integration method
(Fig. 6.6). The reasons for this can be manifold, as the underlying
methods are very different from a theoretical standpoint and further operate on different stride definitions. Due to the rather small
training sample compared to applications of DCNNs in object recognition [KSH12] or face recognition [Tai+14] with millions of training
instances, the most probable solution for the underestimation of
stride length is larger amounts of training data.
However, training the proposed DCNN approach on the technical
validation studies and evaluating on the HC and PD clinical validation population works surprisingly well. The concurrent validity
assessment against the double integration approach reaches an
ICC of 0.84. Regarding interpretation, an ICC > 0.75 is considered
excellent [Cic94]. Moreover, this result is even achieved without
unsupervised adaptation of the network to the target population.
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In the cross-sectional analysis, the proposed method of stride length
estimation without the need for a zero velocity assumption achieves
a larger effect size. This indicates a larger clinical resolution regarding disease staging compared to the double integration method
most probably due to the improved measurement precision. The
group difference between mild and severe PD patients also reaches
a slightly higher significance level with the proposed approach indicating higher discriminative power. The absolute reductions in
stride length between groups are comparable hinting at a systematic offset between both approaches. Further, the reduction in
stride length between the mild and severe PD patients group is
in agreement with the range reported by Hass et al. [Has+12] for
both approaches. Measurement precision regarding average stride
length is estimated at ±3.2 cm based on a different population and
less measurement repetition (Tab. 6.3). Still, effects seen in the
cross-sectional analysis are well above two standard deviations of
the measurement error and hence resolvable from a technical view.
In the longitudinal assessment, both approaches reach comparable
effect sizes. The group-wise comparison between improvers and
patients with stable clinical ratings is astonishingly similar between
both approaches (Fig. 6.8). The patient group that received worse
clinical ratings at follow-up shows slightly different behavior between both approaches. One interpretation for this finding could
be that gait profiles in improvers and patients with stable ratings are
more similar to gait profiles on the training set. Hence, the DCNN
estimates stride lengths that are in agreement with the state-of-theart approach in these groups while it is too optimistic on the change
in stride length for the clinically deteriorating group. A second factor along these lines of argument could be measurement precision.
The absolute differences between stable and worsening patients
correspond to 3.15 cm in the DCNN derived parameters. With an
optimistic estimation of measurement precision at ±3.2 cm, measurement uncertainty might additionally obfuscate the biological
effect expected here.
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6.5.3 Limitations and future work
As already touched in the discussion of clinical validity, the main
limitation of the proposed method is the implicit dependency on
the training set. Therefore, the dataset used for training has to capture sufficient variability in the input data for the problem at hand.
Otherwise, application on a population that differs from the one
used for training might result in lack of model-validity. This is the
profound difference between the data-driven approach described
here and a double-integration approach. The latter is based on
geometric and physical reasoning and does not encounter this kind
of problem. This could be one reason why the network consistently
underestimates w.r.t. the state-of-the-art mobile gait analysis system. Still, this seems to lead to a systematic offset on every stride
length estimate as the clinical resolution between different patient
groups and healthy controls is retained. Eventually, this problem
can be solved given enough training data.
A rigorous exploration of the parameter space (number of layers,
kernels, weights, etc.) is out of the computationally feasible scope
of this work due to the large number of possible network configurations. Therefore, future work should target the empirical selection
of network architecture and parameters via automatic model selection in DCNNs [Gur+01; Jin+16; Bak+17]. Introduction of a
dynamic stop criterion for the training procedure that depends
on the current performance and potential early stopping could
additionally improve the training phase of the proposed approach.
Regarding the implicit dependency of the learnt model on the training data and the need for diverse and big training datasets, biomechanical models could be utilized. By sampling the space of realistic,
three-dimensional foot trajectories in these biomechanical models,
stride-specific inertial sensor data and a range of corresponding
target parameters as e.g. stride length could be simulated. This
would also enable much richer datasets for training of the proposed
approach.
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Furthermore, stride length estimation is not the only application of
the methodology described. Targeting the underlying regression
task at a different stride-specific gait characteristic e.g. stride width
or timings of individual gait phases does not involve changing the
underlying algorithms. The very same technology can be used to estimate different target parameters by simply changing or extending
the reference annotation on the training dataset.

6.6 Conclusion
Overall, the presented results indicate that stride length estimation
with deep convolutional neural networks based on stride-specific
inertial sensor data is possible. This is the first major contribution
of this chapter. By showing feasibility, a new type of algorithm is
contributed to the field of mobile stride length estimation.
The second main contribution of this chapter is the independence
of stride definition. The mean accuracy and precision of the proposed method is only marginally affected by the stride definition
(Tab. 6.2, 6.3). From a clinical perspective, this opens up new possibilities regarding analysis of impaired gait since the zero velocity
assumption is easily violated in clinical practice. One prominent example is given by spastic forms of gait alterations as e.g. experienced
by post-stroke, multiple sclerosis or spastic paraplegia patients.
Standard double-integration methods would fail in estimating spatial stride parameters in these clinically relevant situations. This is
not the case with the approach presented here.
The third main contribution in this chapter is the evaluation regarding clinical validity of the trained model for HS→HS stride segments
on other populations. Even without any adaptations as unsupervised conditioning or pretraining of the network on the PD and HC
population, a high intraclass correlation coefficient of 0.84 with
state-of-the-art mobile gait analysis systems using MS→MS stride
segments and the zero velocity assumption could be obtained. This
is remarkable since there is no physical or geometric reasoning that
would allow re-initialization of the trajectory estimation pipeline
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at HS events. Yet, the proposed approach is able to produce stride
length estimates that are in good agreement with the state-of-theart approach.
Moreover, the clinical resolution in the cross-sectional as well as
longitudinal experiment is very comparable to the results obtained
with state-of-the-art systems constrained by a zero velocity assumption. This again stresses that mobile gait analysis systems without
zero velocity assumptions are realizable in the future. This work
lays foundations for this journey while full clinical application of
the proposed zero velocity free stride length estimation requires
most of all more diverse and larger training datasets.
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7.1 Introduction
This chapter investigates the extension of the stride parameter extraction algorithm proposed in the previous chapter to a more diverse set of stride parameters. This again aims at investigating the
possibility of mobile gait analysis systems outside the constraints
of zero velocity assumptions and could give insights into previously
uncharted diseases in terms of mobile gait analysis in the future.
Figure 7.1 gives an overview on such a mobile gait analysis system.
The zero velocity assumption constrains current state-of-the-art
systems to a certain set of gait patterns and hinders analysis in a
variety of clinically interesting gait alterations as for example the
spastic gait experienced by multiple sclerosis patients. Since the
stride-specific trajectory reconstruction in state-of-the-art systems
is based on this assumption, the current chapter aims at replacing
it with an assumption-free method. As in the previous chapter, the
method of choice is a Deep Convolutional Neural Network (DCNN)
regressor that maps stride-specific sensor data directly to a set of
stride parameters. To ensure independence from a zero velocity assumption, the underlying stride segments are defined from HS→HS.
As a consequence, initialization of state-of-the-art trajectory reconstruction methods is not achievable for this stride definition due to
the non-static sensor condition at heel strike.
A concurrent validity assessment against the accepted gold-standard system GAITRite investigates the main theoretical question of
joint vs. individual modelling approaches. The first research questions is thus whether one DCNN regressor is capable of estimating
a diverse set of stride parameters from the spatial, geometrical and
temporal domain from the same hidden representation of the data
or if several target-specific regressors with their own representation
of the input data optimized to the task at hand perform better. This
experiment will be conducted with data from 99 geriatric patients
performing an unconstrained walking test at self-selected speed.
The superior modelling approach is then characterized in more
detail regarding estimation performance per stride parameter.
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Figure 7.1: The processing pipeline for mobile gait analysis based on inertial
sensing. This chapter will specifically investigate the replacement of foot trajectory
reconstruction and stride parameter extraction with machine learning methods
mapping stride specific sensor data directly to stride parameters. This will be
done on examplary stride parameters from the spatial as well as temporal domain.

To test the model’s validity in a concrete clinical application, a study
by Schülein et al. [Sch+17b] is re-evaluated using different estimation techniques. Schülein et al. assess the associations between use
of as well as experience with wheeled walkers as assistive devices
for the elderly and objectively measured stride parameters. This
clinical study is performed with parameters mostly extracted from a
GAITRite pressure-sensitive walkway, only three out of eight stride
parameters reported in [Sch+17b] are based on an instrumented
shoe and inertial sensing. Here, however, all stride parameters originate from the DCNN approach outlined above. To compare to the
original study by Schülein et al. [Sch+17b] and the result based on
the GAITRite derived parameters, the individual change in stride
length due to the use of a wheeled walker will be assessed. This
comparison will provide information on the practical use of DCNN
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models in clinical studies on the basis of this concrete example.
Additionally, two parameters specific to the model proposed in this
chapter, namely heel and toe contact times relative to gait cycle
duration, will be assessed in this context. The latter will provide
further inside on the change in gait profiles due to wheeled walkers
and extend the findings reported by Schülein et al.
In summary, the main aims of this chapter are
1. Assessment of joint vs. individual modelling approaches in
DCNN regressors mapping stride-specific inertial sensor data
to stride parameters.
2. Selection and detailed characterization of a superior approach in a concurrent validity study against an accepted
gold-standard for stride parameters extraction.
3. Application in a concrete clinical example on the effect of use
and experience with wheeled walkers in geriatric patients.

7.2 Methods
7.2.1 Preprocessing
Prior to feeding stride-specific input data to a DCNN for training
or evaluating a stride parameter regressor, several preprocessing
steps are necessary. These coincide with the ones mentioned in the
previous chapter: The raw sensor readings have to be calibrated to
physical units [FGP95], coordinate systems of measurement have
to be aligned due to different mounting on the shoe and strides
have to be extracted from the continuos signals, for example using
a msDTW approach for template matching.
Independent of the form of gait alteration, the point of initial ground
contact leaves distinct characteristics in the inertial sensor data
due to the impact. Based on these events, a valid segmentation
of the continuos signal into strides can be achieved regardless of
the specific gait pattern. To mirror this scenario given the available datasets, a stride definition from HS→HS is selected. This
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Figure 7.2: Exemplary input signal for one stride from the dataset defined from
HS→HS after preprocessing.

requires detection of heel strike events within each stride segment
provided by the dataset and adjustment of stride borders within the
continuos signal based on these events.
Further, normalization of the stride-specific sensor data by sensor
ranges and padding to a length of 256 samples ensures a common
numeric range as well as fixed dimensionality for all DCNN input.
Figure 7.2 shows such an exemplary input signal after all preprocessing steps.

7.2.2 Network Architecture
The network architectures used in this chapter are based on the
three elementary building blocks introduced in section 6.2.2: Convolutional, max-pooling and densely connected layers. Based on
these elementary blocks, two models are built:
• Model A: Estimating the complete set of output variables with
a combined model (Fig. 7.3, left).
• Model B: Estimating each output variable individually resulting in an ensemble of networks (Fig. 7.3, right).
Consequently, the individual network architectures in model B can
be less complex compared to model A in order to achieve comparable model complexities.
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Figure 7.3: The two network architectures investigated in this chapter: Model A consists of three convolutional layers with maxpooling followed by three densely connected layers. Model B, however, spawns smaller networks consisting of two convolutional
layers with max-pooling and one densely connected layer for each of the output variables. Additionally, dimensionalities of
important layers are indicated.

7.2. Methods

Model A is built from three convolutional layers with max-pooling
followed by three densely connected layers and a readout layer. In
the convolutional layers, N1 = 32, N2 = 64 and N3 = 128 kernels of
size 30, 15 and 7 samples respectively as well as the corresponding
number of bias terms are trained. Max-pooling is done in nonoverlapping, temporal windows of size r = 2 samples. Given the
sampling frequency, the kernel size corresponds to approximately
0.29 s on all three layers. The three densely connected layers are
trained with N4 = 2048, N5 = 1024 and N6 = 512 weight vectors and
bias terms respectively. The readout layer has Noutput = 5 nodes for
model A.
For model B, the individual network architectures are built from
two convolutional layers with N1 = 16 and N2 = 32 filters of size 30
and 15 samples respectively and one densely connected layer with
N3 = 1024 nodes. The max-pooling layers are identical to model A
with a downsampling factor of 1/2. The readout layer, however, has
only Noutput = 1 node as each individual architecture is responsible
for one of the output parameters.
The theoretical motivation for these choices is to address the most
crucial question in network design of global vs. individual modelling with two representative cases. In model A, different kinds
of output parameters are only distinguished at the last layer of the
network. The features extracted in this architecture therefore have
to be general enough to capture information about all of the output
parameters. In model B, however, each output parameter has its
own feature extraction path that can be optimized to the parameter
at hand. Model complexity in terms of the number of free parameter
are selected to be comparable in these two cases.

7.2.3 Training
Training of these architectures is analogous to the training procedure introduced in section 6.2.3: An error function (implicitly) depending on the network parameters and the discrepancy between
predicted output and a given reference is minimized on a training
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dataset or subsets thereof. Using back-propagation, all weights
and biases are adapted to minimize the error. By only showing random subsets of the training dataset (mini-batches) to the optimizer,
stochastic learning is applied here as well.
Since the target variables (stride parameters) are usually given in
different physical units and attain non-comparable numeric ranges,
the network is trained to estimate normalized and dimensionless
output variables ŷi . Each reference yi ,ref is scaled to the range [0, 1]
using the minimum/maximum value attained on the entire training
set Strain :
 


max yi ,ref − min yi ,ref
(7.1)
ŷi ,ref = yi ,ref − min yi ,ref
Strain

Strain

Strain

The inverse transform is then used to obtain correctly scaled output
in the corresponding physical unit for network predictions ŷi .
Given predictions ŷi on a mini-batch of size Nbatch for each output
variable i = 1 . . . Noutput , the individual root-mean-square errors on
the mini-batch
Ei = rmsq( ŷi − ŷi ,ref )

(7.2)

are computed. In the individual modelling case (model B), these
suffice to train each target variable specific submodel. For the
global model A that estimates all target variables, the accumulated
error E = i Ei gives the loss function that is minimized during
training. Learning is accomplished with the optimizer proposed
by Kingma and Ba [KB15] using default settings (α = 1e−3 , β1 =
0.9, β2 = 0.999 and ε = 1e−8 , for details see [KB15]). All weights
are initialized by sampling a truncated normal distribution with
standard deviation 0.01 and biases are initially set to 0.01. Training
lasts for a fixed number of 4000 iterations with a mini-batch size of
Nbatch = 100 strides.
To prevent over-fitting, the densely connected layers are trained
with dropout. Fixed dropout probabilities of p (4) = 0.75, p (5) = 0.5
and p (6) = 0.0 are used for model A. For the individual architectures
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in model B, a dropout probability of p (3) = 0.5 is chosen. During
testing, however, the full architectures are used and no connections
are dropped.
Both models are implemented and trained using google’s TensorFlow library [Aba+15] in revision r1.2.0.

7.3 Experiments
7.3.1 Concurrent Validity Assessment in Geriatric Patients
As in the previous chapter, the initial experiment focusses on an
evaluation against a reference system. The mobile gait dataset that
has reference stride parameters from the instrumented walkway
GAITRite is used for this experiment. A detailed description of this
dataset is available in section 3.2.2. The five stride parameters available on this collection are stride length and width, change in foot
angle over one stride as well as heel and toe contact times with the
ground. A segmentation of the continuous inertial sensor signal
into strides is available to ensure stride to stride correspondence
with the reference system. From the two gait tests available for concurrent validity analysis, the unconstrained walking task without a
wheeled walker is selected for this experiment. Due to the enlargement of the reference parameter set on this dataset, the number
of patients and strides is slightly less than in the original dataset
reported on by Rampp et al. [Ram+15]. This is due to measurement errors in the GAITRite system regarding the additional stride
parameters stride width, foot angle and heel / toe contact time.
Evaluation of the proposed method is then based on a 10-fold cross
validation scheme. The strides from 99 patients on the dataset are
sorted into training and test set depending on the patient identifier
to ensure distinct splits of the dataset. Since the previous chapter showed that stride length estimation on data segments from
HS→HS is possible with the proposed approach, the same stride
definition is used in this chapter. This is due to the aforementioned
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advantages, most of all the independence of a zero velocity assumption in the processing pipeline.
Both modelling approaches (Fig. 7.3) are evaluated in such a crossvalidation scheme and stride parameters are estimated on the test
set in each fold. Predictions from individual folds are then pooled
to arrive at average statistics for the complete dataset. Based on the
average accuracy ± precision which correspond to the mean and
standard deviation of the (signed) error distributions εi = y i − y i,ref
for each stride parameter yi with i = 1 . . . Noutput , both approaches
are compared. Potential differences between both approaches are
statistically tested with an independent t-test regarding the average
accuracy achieved and a Levene test regarding the average precision.
Normality of the underlying distributions is tested with qq-plots
(acceptance criterion: coeff. of determination r 2 > 0.9) [Fil75].
Estimation performance per stride parameter on the superior
model is then assessed by average accuracy ± precision, ICCs between the reference system and the proposed approach as well as
Bland-Altman plots.
In order to assess the learning speed, the errors on the complete
training set are logged for both modelling approaches during training. This allows an evaluation of the training procedure and underlying assumptions, e.g. the fixed number of training steps.

7.3.2 Clinical Validity in Geriatric Patients
To test this approach to parameter estimation on a concrete clinical
example, a study by Schülein et al. [Sch+17b] is re-evaluated using
the proposed methods. Schülein et al. examined whether the use of
and experience with a wheeled walker has an effect on stride parameters in hospitalized, geriatric patients. The dataset used for this
study stems from the same data collection used in the concurrent
validity assessment above and is described in detail in section 3.2.2.
Here, however, the second acquisition containing unconstrained
walking at self selected speed with a wheeled walker is used as well.
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Clinically, each patient is characterized using the Mini Mental State
Exam (MMSE) [TM92], Geriatric Depression Scale (GDS) [Yes+82]
and the International version of the Falls Efficacy Scale (FES-I)
[Yar+05] while functional status is evaluated using the Performance
Oriented Mobility Assessment (POMA) [Tin86], Timed Up & Go
(TUG) [PR91] and the Barthel index in geriatrics (Barthel) [LMV04].
Due to inertial sensor data loss during acquisition of the wheeled
walker trial, the study population differs in size compared the study
reported on by Schülein et al. Further, clinical data could only be
retrieved for 67 of the 75 patients with valid inertial sensor data
under both conditions (compare section 3.2.2 and Table C.2). Still,
Frequent Users (FU) and First Time Users (FTU) of wheeled walkers
are matched regarding anthropometrics and clinical assessments
(Tab. 7.1). Only functional status assessments reveal differences between both groups. This finding, however, is expectable since lower
functional status is most probably responsible for the frequent use
of a wheeled walker. Regarding the characterization of the study
population (Tab. 7.1), the smaller study population used in this
experiment is very comparable to the one used by Schülein et al.
[Sch+17b, Table 1].
Table 7.1: Study population characteristics in terms of anthropometrics, clinical
as well as functional status for the two groups of frequent users (FU) and first time
users (FTU) of wheeled walkers. Additionally, p-values from either independent
t-tests or χ 2 tests assess differences between both groups.

Anthropometrics

Age
Gender (m/w)
Body Mass Index (BMI)

Clinical Assessment

MMSE
GDS
FES-I

Functional Status

POMA
TUG
Barthel

FU (n = 29)

FTU (n = 38)

p

81.88 ± 5.93
0.59 / 0.41
25.83 ± 4.43

83.10 ± 6.48
0.42 / 0.58
26.21 ± 4.46

0.431
0.738
0.728

27.21 ± 2.29
2.76 ± 2.10
28.31 ± 8.92

26.18 ± 2.66 0.103
3.58 ± 2.94 0.207
31.32 ± 10.63 0.224

22.00 ± 3.76 19.26 ± 3.13 0.002
14.85 ± 4.60 20.85 ± 11.10 0.008
55.86 ± 12.33 53.16 ± 11.24 0.353
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For the unconstrained walking as well as the wheeled walker assisted acquisition, average stride parameters are computed for each
patient. While Schülein et al. mainly employed stride parameters
estimates from the GAITRite instrumented pressure mat, this experiment uses the ones estimated by the previously trained DCNNs.
During training, the DCNNs are not exposed to strides from wheeled
walker trials and the same train/test splits used in the concurrent
validity assessment are used. Estimation of stride parameters at the
two measurement timepoints for each patient is therefore based
on data from distinctly different patients.
Moreover, the two parameters stride width and foot angle are not
subject to analysis in this experiment since their mean value during
straight walk should be close to zero and hence holds little information. Merely an assessment of variational coefficients would be
experimentally meaningful in this situation, but is prohibited by the
low number of strides collected during one pass over the GAITRite
carpet. The stride parameters analyzed in this study therefore include stride length as well as heel and toe contact times. The latter
two are not part of the original study by Schülein et al. [Sch+17b].
In order to account for the dependency on gait cycle duration,
heel and toe contact times are expressed as ratios relative to the
stride time.
Statistically, the effect of wheeled walkers in geriatric patients is
evaluated using a repeated measures ANOVA with an interaction
effect. While the repeated measures refer to the two assessments
without and with a wheeled walker, the interaction effect differentiates between the two conditions FU and FTU.
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7.4 Results
7.4.1 Concurrent Validity Assessment in Geriatric Patients
Training The training error is evaluated for model A and for each
of the submodels that constitute model B (Fig. 7.4). In all cases,
the fixed number of 4000 iterations is sufficient to reach a stable
regime on the entire training dataset. Furthermore, model B is able
to predict stride parameters more accurately on the training data
compared model A as the accumulated errors show (Fig. 7.4).
Accumulated Errors
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Figure 7.4: Mean values (solid lines) and ±1.96σ confidence intervals (shaded)
over all folds on logarithmic scales for the training error evalutated on the entire
training set during the training procedure for both modelling approaches. The
accumulated error for model B is shown for comparison against model A.

Model selection Average accuracy and precision achieved by the
two models w.r.t. the pooled estimates on the unseen test data from
each cross-validation fold are compared in Table 7.2. The ensemble
approach B that spawns one DCNN for each output variable reaches
significantly better accuracy and precision regarding stride length
and width. On the remaining three parameters foot angle, heel
and toe contact time, both models perform similarly. Thus, the
ensemble approach B is considered the superior model here.
Detailed results for all output parameters achieved with the ensemble approach B are shown in Figure 7.5 in terms of Bland-Altman
plots and Table 7.3 reports results on the level of individual strides
as well as regarding average stride parameters per patient.
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Table 7.2: Comparision of both modelling approaches: Model A estimates all stride
parameters while model B spawns one DCNN per parameter. Average accuracy ±
precision per stride parameter are compared with an independent t-test regarding
deviations in accuracy (∆µ) and a Levene test regarding differences in precision
(∆σ) at a significance level α = 0.01 .
Stride parameter
Stride Length [cm]
Stride Width [cm]
Foot Angle [deg]
Heel Contact Time [s]
Toe Contact Time [s]

Model A

Model B

2.40 ± 8.82
0.87 ± 4.73
0.17 ± 3.35
0.01 ± 0.06
0.01 ± 0.10

0.79 ± 6.82
0.03 ± 4.07
0.05 ± 3.55
0.00 ± 0.05
0.00 ± 0.10

sign. ∆µ
sign. ∆µ
n.s. ∆µ
n.s. ∆µ
n.s. ∆µ

sign. ∆σ
sign. ∆σ
n.s. ∆σ
n.s. ∆σ
n.s. ∆σ

n = 99 geriatric patients, 1112 individual strides

Table 7.3: Estimation performance of the superior modelling approach B on
the level of individual strides as well as regarding average stride parameters per
patient. Performance is reported in terms of mean accuracy ± precision as well as
intra-class correlation coefficients ICC(C,1).
On the stride level
Stride parameter
Stride Length [cm]
Stride Width [cm]
Foot Angle [deg]
Heel Contact Time [s]
Toe Contact Time [s]

Mean acc. ± prec.
0.79 ± 6.82
0.03 ± 4.07
0.05 ± 3.55
0.00 ± 0.05
0.00 ± 0.10

ICC(C,1)
0.95
0.95
0.24
0.88
0.68

n = 1112 individual strides
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On the patient level
Mean acc. ± prec.
0.12 ± 4.80
−0.01 ± 2.36
0.03 ± 1.30
0.00 ± 0.02
0.00 ± 0.05

ICC(C,1)
0.97
0.80
0.17
0.97
0.89

n = 99 geriatric patients
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Figure 7.5: Concurrent validity assessment on a geriatric population of 99 patients
and 1112 individual strides: Bland-Altman plots including mean (solid line) and
±1.96 σ confidence intervals for each stride parameter on unseen test data. The
measurement difference is defined as y − yref .
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7.4.2 Clinical Validity in Geriatric Patients
Average statistics on the individual change for all three stride parameters are reported in Table 7.4. The individual change is defined as
the improvement in the wheeled walker trial relative to the baseline
assessment without the assisting device.
On the complete study population of 67 geriatric patients, the parameter stride length increases by 15% when patients use a wheeled
walker. This improvement is even stronger in first time users compared to frequent users. Both effects are found to be significant. For
the other two stride parameters, a shorter contact ratio is observed
when using a wheeled walker for assistance. Toe contact ratios are
reduced by 5% on the complete study population whereas heel
contact ratios decrease by 9% on average. However, no statistically
significant effect regarding prior experience with wheeled walkers is observed. Absolute differences between the wheeled walker
trial and the baseline assessment correspond to + 9.8 cm for stride
length, − 30 ms for heel and −5 ms for toe contact time.

On the example of the parameter stride length, Table 7.5 compares
generalized η2 effect size measures [Bak05] between stride parameter estimates from the stationary reference system (GAITRite)
and the proposed mobile, zero velocity free gait analysis system.
Effect size classifications are comparable between both systems for
the main effect while the reference system achieves a larger effect
on the interaction effect compared to a medium effect with the
proposed approach.

7.5 Discussion
7.5.1 Concurrent Validity Assesment in Geriatric Patients
The proposed DCNN approach is able to not only estimate stride
length as already presented in the previous chapter, but is also
extendable to other stride parameters. Specifically, two model architectures are compared within this chapter: Joint modelling of all
parameters and individualized modelling where each one model
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Table 7.4: Mean and standard deviation of the individual change by use of a
wheeled walker versus unaided walk for the complete study population (Total),
frequent users (FU) and first time users (FTU) of such assistive devices. ANOVA
results for the main (use of a wheeled walker) and interaction (FU vs. FTU) effect
are reported in terms of F and corresponding p values.
Total

FU

FTU

∆ stride length [%]
15 ± 20
6 ± 13 21 ± 23
∆ toe contact ratio [%] −5 ± 14 −3 ± 13 −6 ± 15
∆ heel contact ratio [%] −9 ± 15 −7 ± 15 −11 ± 15

Main Effect
F (p )

Interaction
F (p )

46.76 (< 0.001)
11.16 ( 0.001)
30.57 (< 0.001)

9.07 (0.004)
2.54 (0.116)
2.97 (0.090)

n = 67 geriatric patients

Table 7.5: Generalized η2 effect size measures and classifications according to
[Coh88] for the main (wheeled walker usage) and the interaction (prior experience with wheeled walkers) effect on the example of the parameter stride length.
Summary statistics on the individual change are listed as well for both systems
and the complete study population.
Reference system

Proposed approach

0.117 (medium)
0.165 (large)

0.091 (medium)
0.114 (medium)

∆ stride length
Main Effect
Interaction Effect
Individual change [%]

17 ± 24

15 ± 20

n = 67 geriatric patients

is trained for each parameter at hand. The model complexities in
terms of the number of free parameters are thereby designed to be
of comparable complexity. Otherwise, better performance in one
model could merely be due to its larger complexity and not because
of the underlying architecture. On the basis of the stride parameters assessed within this chapter, the latter case of individualized
models is found to be superior at the α-level of 0.01. This is most
probably due to the diverse nature of the stride parameters from
spatial, geometric and temporal domains. In the individualized
modelling case B, each feature extraction path can be optimized
to the parameter at hand whereas the joint modelling approach A
has to follow a “one fits all” strategy. This could also explain the
superior adaptation of model B to the training data resulting in
smaller accumulated errors compared to model A (Fig. 7.4).
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On the level of individual strides, the superior model B is able
to estimate stride length up to 0.79 ± 6.82 cm, stride width up to
0.03 ± 4.07 cm and the change in foot angle between two strides
up to 0.05 ± 3.55 deg. Heel and toe contact times are estimated up
to 0.00 ± 0.05 s and 0.00 ± 0.10 s respectively. ICCs are excellent
for stride length, width and heel contact time whereas good comparability to the GAITRite derived parameters is achieved for toe
contact times. The difference in estimation quality between heel
and toe contact times is most probably due to the sensor position
near the heel. Hence, heel behavior is represented better in the
signal characteristics compared to toe motion. The parameter foot
angle, however, has a poor ICC with the reference system. This result might be due to the low variability in foot angles during straight
walking and could potentially be improved given more diverse training data with examples on curved walking or turning strides. Until
then, foot angle estimates from the proposed approach are not reliable although mean accuracy and precision compare well with
results reported by Mariani et al. [Mar+13].
Compared to estimation performance reported in the literature,
stride length precision on single strides is improved by a margin of
1.6 cm (19%) compared to Rampp et al. [Ram+15]. Absolute values
correspond to 8.4 cm as reported by Rampp et al. and 6.8 cm in
this work. Most probably due to the lower complexity of the model
applied in this chapter, the improvement in precision is slightly
less compared to the previous chapter (2 · 106 vs. 4 · 106 trainable
parameters). These results are directly comparable as the same
dataset was used during evaluation in all three cases. Regarding
other datasets, Ferrari et al. [Fer+15] report a measurement error
of −0.16 ± 7.02 cm for the parameter stride length based on double
integration and a dataset of 1314 strides captured from 10 elderly
PD patients. Trojaniello et al. even reach an average accuracy and
precision of 0.1 ± 1.9 cm and thereby almost resolve their reference
precision of ±1.3 cm [Tro+14]. However, this result is evaluated
only on a small dataset of 532 strides from 10 elderly PD patients
and points out the limits of comparison: The results achieved have
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to be seen as a function of the variability across subjects captured
in the evaluation dataset. Furthermore, it is worth mentioning that
all results presented in literature are based on mobile gait analysis
systems constrained by the zero velocity assumption whereas the
approach presented here is not limited by this aspect.
Regarding stride width, there is little related work. Horak and
Mancini even consider it “difficult to obtain with body-worn sensors” [HM13]. Nevertheless, Rebula et al. [Reb+13] report an ICC
of 0.88 between a motion-capture reference and a sensor-based
estimation of stride width. The superior model B with an ICC of
0.95 for stride width is thus outperforming state-of-the-art doubleintegration methods and dropping the zero velocity assumption.
Estimation of heel and toe contact times has not been reported in
the literature to the best of the author’s knowledge. Sabatini [Sab05]
proposes the detection of heel-off and toe-on/foot-flat events by
thresholding the angular velocity in the sagittal plane. However,
this approach is rather heuristic and the precision regarding these
events was not evaluated in [Sab05]. Thus, results presented here
constitute the state-of-the-art regarding sensor-based estimation
of heel and toe contact times.
On the patient level, i.e. for average stride parameters computed
from the estimates per stride, measurement precision could be
improved as expected. For average stride parameters over the 10 m
track used in the experiment, excellent ICCs are reached for stride
length, width as well as heel and toe contact times.
Differences to the original publication In contrast to the original
publication [Han+17c], the dataset size in terms of the number
of individual strides is slightly smaller in this chapter. This is due
to outliers in the reference parameters, particularly regarding the
minimal swing time (Tab. C.2, unconstrained walking). Outlier
detection regarding the reference stride parameters is done with a
µ ± 3σ rule and yields plausible minimal and maximal values for
each reference parameter at the cost of a slightly smaller dataset
size (Tab. C.2).
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As in the previous chapter, random number generators in the processing pipeline are initialized differently compared to the original
publication. Yet, the results are comparable to the ones reported in
[Han+17c].
Furthermore, the temporal stride parameters stride, swing and
stance time are not considered here since they are computed on
the basis of gait events in the original publication and the focus
of this chapter is the DCNN regressor. Regarding presentation of
results, estimation performance metrics are complemented with
ICCs as well as performance metrics on the patient level that are
more relevant in concrete clinical applications.

7.5.2 Clinical Validity in Geriatric Patients
The experiments on clinical validity are not part of the original
publication [Han+17c]. They represent an exemplary situation
in a clinical study using objective, (mobile) gait analysis and are
designed to test the proposed approach in a practical application. A
published study by Schülein et al. [Sch+17b] is used as an example
and re-evaluated here.
Schülein et al. [Sch+17b] investigate whether the use of and/or prior
experience with wheeled walkers are associated with a change in
objectively measured stride parameters in hospitalized, geriatric
patients. This is based on a population of 101 patients that perform
a standardized walking trial with and without a wheeled walker.
Due to measurement errors in the inertial data acquisition, however,
only data for 67 patients is available for inertial data analysis. Yet,
anthropometrical, clinical and functional assessments (Tab. 7.1)
are very comparable to the study population statistics reported by
Schülein et al. [Sch+17b] as first time and frequent users of wheeled
walkers are matched w.r.t. age, gender, BMI, MMSE, GDS, FES-I as
well as the Barthel index. Analogous to Schülein et al., both groups
differ in the functional scores POMA and TUG.
Out of the three stride parameters analyzed in this context, stride
length estimates with the proposed approach provide the means for
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comparison against published results. Further, the use of GAITRite
as an external gait analysis system in this study enables comparison
of clinical outcomes between both gait analysis systems. The latter,
however, is a very hard comparison as a generally accepted, high
precision, but stationary system is compared against a mobile gait
analysis system that opposed to state-of-the-art systems does not
depend on a zero velocity assumption.
In the present study, stride length is increased by 15% due to the
use of a wheeled walker and this effect is stronger in first time users.
Both effects are statistically significant. This compares well with
the published results on the larger study population (18% improvement) as well as the outcome based on GAITRite derived stride
length on the identical study population (17% improvement). Regarding effect sizes, these can not be compared to published results
since Schülein et al. do not report such measures. In the comparison between both gait analysis systems, however, medium effects
are observed regarding the use of wheeled walkers in both cases.
The discrepancy between a large and medium effect seen w.r.t. the
experience with these assistive walking devices is most probable
due to the higher measurement precision in the stationary GAITRite
system. Furthermore, the absolute improvement of 9.8 cm is resolvable given the measurement precision of ±4.8 cm determined in the
concurrent validity assessment (Tab. 7.3). The observed difference
in stride length is therefore due to the use of a wheeled walker and
outside the bounds of measurement uncertainty.
Heel and toe contact ratios are not assessed in the study by Schülein
et al. and provide further insight on the change in gait profile due
to the use of wheeled walkers. Heel contact ratios are decreased
by 9% by the use of wheeled walkers whereas toe contact ratios are
reduced by 5%. This effect is found to be statistically significant
whereas no statistically significant difference between first time
and frequent users is observed. One possible interpretation of this
result would be that wheeled walkers improve roll-over motion of
the foot, since the heel and toe spent less time on the ground relative
to the gait cycle duration. As such, this would imply that wheeled
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walkers improve gait profiles in geriatric patients towards healthy
gait as already found by Schülein et al. on the basis of different
stride parameters. Regarding measurement precision, however,
this finding has to be slightly weakened. The absolute differences
correspond to 30 ms for heel contact and 5 ms for the toe contact
time whereas they can only be measured up to ±20 ms and ±50 ms
respectively (Tab. 7.3). To fully disentangle biological difference
from measurement uncertainty, future investigations are needed
on these parameters.
Overall, effects regarding the use of and experience with wheeled
walkers in a geriatric population could be shown with the proposed
mobile gait analysis system that does not depend on zero velocity assumptions. Very comparable clinical results regarding the
stride length differences could be achieved with this mobile system whereas the original publication by Schülein et al. is based
on GAITRite derived measurements. Furthermore, the change in
gait profile due to wheeled walkers could be characterized in more
detail due to the heel and toe contact ratios introduced here.

7.5.3 Limitations and future work
Since this chapter is an extension of the approach presented in the
previous chapter, similar limitations apply. The implicit dependence on the training data is the most important limitation. Possible solutions here include more diverse training datasets collected
in the future or created as community-maintained collections of
externally referenced inertial sensor data acquisitions for human
gait. Other approaches could employ biomechanical modelling to
synthesize large inertial sensor datasets with ground truth sensor
positions and orientations.
Future work should include a rigorous exploration of the model’s
parameter space (architecture, number of layers, kernels, etc.) and
eventually explore automatic selection of network architecture and
parameters [Gur+01; Jin+16; Bak+17]. Further, the underlying data
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used in this chapter did in principle comply with a zero velocity assumption while the choice of stride definition did not include such
limitations. Future work should therefore investigate applications
of the proposed methodology to gait alterations that do clearly not
comply with such assumptions such that HS→HS stride segments
are the only option available.
Finally, the target parameters estimated by the DCNNs are determined by the annotations available on the training dataset. Due
to this flexibility in the proposed pipeline, the current focus on estimation of spatio-temporal stride parameters could be shifted to
other clinically desired and/or relevant parameters for mobile gait
analysis by interchanging the underlying dataset used for training.
Here, examples could include the estimation of clinical scores from
inertial sensor data. In the concrete context of PD, this could be
based on gait-related (sub)-scores of the UPDRS similar to the traditional machine learning approach driven by handcrafted features
that Barth proposes [Bar17, Chapter 9].

7.6 Conclusion
Overall, the reported results indicate that the proposed approach to
stride length estimation using deep convolutional neural networks
is extendable to other stride parameters. Showing feasibility regarding this problem is the first major contribution of this chapter.
Secondly, a fundamental question regarding network architecture
design could be answered in this context. Due to the diverse nature
of the stride parameters investigated, individualized models that
can optimize the internal representation of the data to the parameter at hand are superior to a joint modelling approach that has to
follow a “one fits all” strategy.
Using the independence on stride definition discussed in the previous chapter, the present analysis pipeline is specifically developed
without the need for zero velocity assumptions. This is achieved by
defining strides from HS→HS and will enable application in a more
diverse spectrum of gait alterations in the future.
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Finally, a re-evaluation of an exemplary clinical study from the
literature proves clinical validity of the proposed method with comparable results to the stationary GAITRite walkway and extends
the insight on gait profile change due to wheeled walkers in geriatric patients. Routine application in clinical practice will, however,
require larger training datasets and further research in this direction as the last two chapters and corresponding journal articles
[Han+17c; Han+18] represent the very first investigations of deep
learning approaches for mobile estimation of stride parameters
and open the door to a vast scope of related research questions.
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8.1 Summary and Discussion of Contributions
This thesis set out to bring mobile gait analysis systems based on inertial sensing on the shoe one step further in the evolution towards
a clinical grade wearable. This would not have been possible without the implementations of algorithmic toolboxes, graphical user
interfaces and analysis concepts developed throughout the thesis.
The additional patient data and insights gained from acquisition
sessions at the Molecular Neurology Department of the University
Hospital Erlangen were of similar, crucial importance to the overall
aim of this thesis. These aspects are presented in the appendix
since they represent pre-requisites for the actual contributions that
build the core of this work. These scientific contributions were
grouped in three main areas, each of which is jointly summarized
and discussed here:
Foot trajectory reconstruction from inertial sensor data was identified as an important component in mobile gait analysis systems
in the sense that this processing step transforms the abstract variables of measurement (acceleration, angular rate) to the desired
quantities of foot positions and orientations for a given stride. The
contributions in this area were presented in chapter 4.
Nine different reconstruction methods have been implemented
from literature and evaluated as well as compared on an identical
dataset. For the task of orientation estimation, advanced CFs that
did take into account all available sensing modalities to arrive at
orientation estimates did not give considerable performance benefits over the baseline method given by integration of gyroscope
signals. In the reconstruction of foot positions throughout each
stride, however, the direct & reverse integration scheme did proof
beneficial in estimation performance, particularly regarding the
clearance trajectory. This was even achieved without considerable
drawbacks in runtime. Contradicting theoretical expectations, an
analytic integration scheme did not outperform the other methods.
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Selection of methods for comparison in this study was based on
an initial screening of the available literature and corresponding
reference implementations. One reference implementation was
available for the Madgwick CF and could be used with slight adaptations. All other methods had to be re-implemented based on the
original papers. Implementational constraints in terms of time and
method complexity were the main reasons for not including examples of Kalman or particle filters that also find application in mobile
gait analysis systems [Fer+15; Tun+17]. This remains to be done in
future work. Further, the evaluation dataset used in this work for
comparison of methods originated from healthy volunteers. This
should be extended to include other populations targeted by mobile gait analysis systems as discussed within this work, namely
elderly patients suffering from neurodegenerative disease showing
a variety of gait impairments.
In order to highlight qualitative differences between the reconstruction methods, visualization techniques of the resulting foot trajectory data were developed. These allowed visualization of foot trajectory and orientation for a given stride in fixed planes. A three dimensional visualization has also been developed during this project and
integrated into the GUI for automatic as well as semi-automatic gait
analysis described in appendix A. In printed format, however, two
dimensional visualizations in fixed planes proved more effective
and informative.
In the future, stride-specific visualization of foot trajectories could
be used to provide feedback to a patient and thereby complement
therapy targeting impaired gait. This could be accomplished by
replaying particularly good or worse strides of a given acquisition in
order to stimulate behavioral change or trigger motor (re)learning.
Other future applications of stride trajectory visualization could lie
in tele-monitoring concepts. Here, such visualizations could help a
physician by increasing presence and close the (missing) gap to the
actual patient assessment.
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Comparison of estimation performances with existing literature
showed good agreement with published results regarding sensor
clearance estimation. Moreover, this work closed a gap in current
literature by providing a joint comparison of multiple reconstruction techniques on the same dataset that allows a fair comparison
of approaches.
Parameterization of gait patterns makes the reconstructed trajectories per stride assessable in clinical applications by providing
summary measures for each stride. In order to counteract information loss due to this dimensionality reduction, the set of extracted
stride parameters has to be sufficiently descriptive. In this area,
covered in chapter 5, the available stride parameters in the prototypical implementation by Barth [Bar17] have been complemented
with turning angles as well as maximal lateral swing measures. Furthermore, two surrogate markers for GRFs have been developed on
the basis of the existing literature. The rationale behind this was to
quantitatively capture the impact intensity at ground contact and
the generation of propulsion during each gait cycle.
In order to investigate associations between the defined surrogate
GRF markers and existing stride parameters, correlation coefficients
have been computed on the basis of 13 048 individual strides from
healthy controls as well as PD patients. The GRF marker regarding
generation of propulsion (PushOffAcc) did show high correlation,
especially with the parameter gait speed. This had to be expected
since both parameters effectively measure propulsion. The second GRF marker targeting the impact intensity at ground contact
(LandingAcc), however, did not show strong associations with other
stride parameters, hence it provides complementary information
to the existing set of stride parameters.
This technical as well as biomechanical experiment regarding the
conceptual information captured by the two GRF markers introduced was followed by a clinical study focussing on postural instability in PD. A medium-sized cohort of 200 PD and 100 HC clinically
characterized subjects underwent standardized gait testing using
166

8.1. Summary and Discussion of Contributions

the proposed mobile gait analysis system. Based on the clinical
rating regarding postural stability status, impaired and normal PD
patients were identified. Potential separation of these groups from
each other as well as from the healthy control group was assessed on
the basis of the GRF markers alone. Both parameters were found to
be reduced in PD patients. Further, both markers allowed a separation into normal and impaired postural control status according to
the clinical rating. This finding fostered the evidence that both GRF
markers introduced are sensitive to impairments in postural stability and as such valuable additional stride parameters in mobile gait
analysis systems.
In the future, especially the parameter quantifying the landing impact should receive additional attention since large correlations
with gait speed identified the surrogate marker PushOffAcc as a
measure of propulsion. Prior to integration into medical products,
however, a technical validation study against force plate measurements is needed. As the current work is based on uni-directional
accelerations, future investigations could also investigate direction
as well as magnitude of maximal acceleration at HS. This might give
additional insight into the postural stability status of PD patients.
Moreover, more diverse clinical applications should be the focus
of further work along this line of research. With the sensitivity of
landing impact intensity to postural stability impairments shown in
this work, one interesting research question would open up around
associations with fall risk.
Reducing critical assumptions has been identified as a key factor
for application of mobile gait analysis systems in diverse clinical scenarios. This was mainly due to the applicational constraints caused
by the assumption set in state-of-the-art mobile gait analysis systems. The most striking example was given by considering spastic
gait profiles, where stride-by-stride re-initialization of orientation
estimation and double integration methods is not achievable due
to the lack of sufficiently static foot positions during the gait cycle.
In order to gradually reduce the assumption set and open up new
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applications of mobile gait analysis, these aspects were addressed
with the scientific contributions in chapters 6 and 7.
In chapter 6, deep convolutional neural networks have been used to
estimate stride length based on stride-specific inertial sensor data
captured at the subject’s feet. This contributed a novel methodology to the problem of stride length estimation from inertial data
while not posing constraints on the type of gait profile. The chosen
methodology rather aimed at learning from the gait profiles presented during training and adapting the estimation accordingly. To
test these theoretical advantages over state-of-the-art methods in
practice, a technical validation study in geriatric patients was presented. For three different stride definitions and the corresponding
segments of inertial data, concurrent validity against the pressurized walkway system GAITRite has been evaluated for the DCNN
derived stride length estimates. These different stride definitions
also provided a link to the zero velocity assumption since one was
specifically chosen to coincide with the definition used in stateof-the-art systems. Estimation performance with the proposed
methodology did, however, not depend on stride definition giving rise to the conclusion that the proposed method is capable
of estimating stride length without this constraint. Compared to
estimation accuracy and precision reported in the literature, the
proposed approach was well comparable and even outperformed
state-of-the-art systems evaluated on the identical dataset.
Chapter 7 elevated this concept to more than just one stride parameter including stride length, stride width, change in medio-lateral
foot angle as well as heel and toe contact times. Along with this
increase in target parameters came a crucial modelling question
related to the underlying network architecture: Is one joint architecture capable of extracting relevant features for estimation of diverse spatial and temporal stride parameters or would a distributed
modelling approach with the ability to optimize to one specific
parameter perform considerably better? To answer this rather technical modelling question, two exemplary networks of comparable
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complexity have been set up and tested in practice. Again, concurrent validity against the pressurized walkway system GAITRite
was evaluated for each of the five stride parameters estimated with
either the joint or the individual modelling approach. Especially
for the spatial parameters stride length and width, differences in
modelling accuracy and precision were found to be statistically
significant with a clear decision towards the individual modelling
approach. Hence, this approach with individual DCNNs per stride
parameters was selected as the superior model and characterized
in more detail in terms of its estimation performance.
Compared to estimation performances reported in the literature,
the proposed approach was well comparable in most stride parameters and even constituted state-of-the-art for some. In line with
chapter 6, stride length could be estimated comparatively well while
the proposed method even outperformed reported results on stride
width estimation from inertial sensor data. Estimation of mediolateral change in foot angle with the proposed approach had to be
discarded due to the low ICC achieved in the concurrent validity
assessment against the GAITRite carpet. The temporal parameters
capturing heel as well as toe contact times, however, did constitute
state-of-the-art regarding mobile assessment.
So far, investigations into data-driven stride parameter estimation
methods that do in particular not rely on the zero velocity assumption have been limited to a technical scope. General feasibility
as well as technical validity have been shown extensively. In order to open the scope of the proposed methods towards clinical
applications, three concrete applications have been investigated:
Cross-sectional, longitudinal and interventional clinical studies.
In chapter 6, a cross-sectional as well as longitudinal study in PD
patients [Sch+17a] has been re-evaluated with the proposed approach and compared to state-of-the-art stride length estimates
constrained by the zero velocity assumption. In the cross-sectional
study population, individual stride length estimates have been
compared between the proposed and the state-of-the-art system
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resulting in excellent agreement in terms of an ICC of 0.84. This has
been achieved by training the DCNN on geriatric as well as healthy
gait profiles without any (unsupervised) adaptation to the primarily
PD target population. Further, average stride length estimates from
4 × 10 m standardized gait tests have been compared between 61
age- as well as gender-matched healthy controls and 180 PD patients. The latter were additionally stratified in terms of disease
severity on the basis of their H&Y score. Despite a consistent underestimation of stride length by the proposed approach, group-wise
differences in stride length were well comparable to the state-ofthe-art. Moreover, the proposed method reached a larger effect size
regarding group separation on the basis of average stride length
indicating increased clinical resolution in this cross-sectional study.
The longitudinal study assessed 373 pairs of follow-up visits at least
six months apart from 98 PD patients. Change in stride length between both visits as estimated with the proposed as well as the
state-of-the-art method was compared to the difference in clinical
status regarding gait quality assessed via the UPDRS. Effect sizes
were well comparable between both approaches while group-wise
differences showed slightly different patterns. Nevertheless, these
results in both clinical studies were remarkable since the proposed
method is on the one hand not subject to a zero velocity assumption and on the other hand not optimized to the specific target
population, e.g. by means of (unsupervised) domain adaptation.
In chapter 7, an interventional clinical study in geriatric patients
was re-evaluated and compared with the original results from the
pressurized walkway GAITRite. An intervention was accomplished
by the use of a wheeled walker as an assistive device. Aim of the
study was to investigate change in stride parameters in response to
this intervention. Patients were further grouped in terms of their
prior experience with wheeled walkers. In 67 geriatric patients,
stride length improved by use of the assistive device while missing
prior experience with such devices triggered a higher response.
Both effects were found to be statistically significant. Compared
to the stationary, high-accuracy reference system, effect sizes for
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the change in stride length estimated with the proposed, mobile
approach were well comparable. Furthermore, the two novel stride
parameters related to heel and toe contact times have not been part
of the original study [Sch+17b]. Here, statistically significant effects
for the use of wheeled walkers were found while no dependence on
prior experience was evident. Qualitatively, the changes in heel and
toe contact times were interpreted as a sign of improved stability
due to the wheeled walker.
Despite of their importance, however, contributions in this area
have to be seen as exploratory investigations into the future of mobile gait analysis systems. This is mainly due to the indirect dependence on the available data used to train the underlying models.
Until sufficiently large datasets are available for training, either
from actual acquisitions or from reliable simulation studies, this
will not find concrete application in clinical practice or commercial medical products. Future work should therefore center around
the collection and/or synthesis of larger training datasets as well
as optimizations in the chosen network architecture following the
approaches from other domains [Gur+01; Jin+16; Bak+17].
To conclude, the scientific contributions presented in this thesis
and summarized above bring mobile gait analysis systems closer
to a clinical grade wearable in two aspects: On the one side, the
benchmarking of methodological choices in chapter 4 and the extension of available stride parameters with GRF surrogate markers
in chapter 5 represent important milestones along the evolution towards clinical grade of state-of-the-art systems. On the other hand,
the exploratory investigations into technical feasibility as well as
clinical application of new estimation methodologies in chapters 6
and 7 point out current disadvantages of state-of-the-art systems
and offer possible solutions. By identifying optimal methods, extending the domains of assessable stride parameters and reducing
the assumption set, this thesis moves mobile gait analysis systems
forward towards integration into everyday clinical practice.
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Unlike laboratory based human motion assessment by pressure
sensitive carpets or optical motion capturing, inertial sensing technology integrated in footwear allows objective as well as practical
assessment of human gait. As such, these mobile systems represent
a viable solution to overcome the subjectiveness and high effort
associated with visual gait observation that is currently used in the
management of gait disorders due to its practicality. Consequently,
diagnosis, treatment as well as monitoring of gait impairments will
benefit from mobile gait analysis systems. The underlying (preclinical) neurological, cerebrovascular or cardiovascular diseases
might be identified and treated earlier. Finally, human gait that
appears so trivial and automatic at first sight thereby provides a
window into fundamentally important human physiology and the
possibility to detect and react to potential dysfunction.

8.2 Outlook
Transforming mobile gait analysis systems from a prototypical implementation to a clinical grade wearable fully integrated into clinical routine is a huge endeavor outside the scope of this thesis. Recalling the schematic overview on mobile gait analysis systems in
Figure 3.1, the scientific contributions covered in this thesis mainly
aimed at the last block of stride parameterization given a pre-processed acquisition. From a technical standpoint, open research
questions thus remain in sensor calibration, stride segmentation
as well as gait event detection. Additionally, parameterization of
detected strides as well as the generation of summary statistics for
a given acquisition leave room for further investigation that would
be beneficial from an application standpoint.
Calibration of raw sensor readings to the physically desired units
in sensor signals requires a transform that is based on a calibration recording as outlined by Ferraris et al. [FGP95]. This transform
needs to be accurate as well as up to date due to potential change
in mechanical properties of the sensing elements over time. This is
well controllable for acquisitions in clinical lab environments with
standardized testing and expert supervision, but might need more
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attention in unsupervised home monitoring scenarios. Calibration
quality metrics as well as automatic re-calibration in the field have
to be addressed in the continued development. Aside from the
purely technical transformation of sensor readings to sensor signals, the placement of the IMU on the shoe could be automatically
identified and accounted for.
On the topic of stride segmentation, several open research questions remain. The currently implemented and most practical approach uses msDTW to match a template against the incoming
inertial data for identification of single strides. Due to the template,
this can only be specific to a certain type of stride and turning strides
are for example generically excluded given a template for straight
walking. A more generic approach towards stride segmentation
would aim at identifying all strides present in a given recording regardless of their nature before characterizing each one individually.
The work by Ghassemi et al. [Gha+18] already started investigations
into this domain.
Gait event detection has been developed for application in straight
strides and is not sufficiently tested for turning strides for example.
This is of special importance w.r.t. applications in home monitoring
where the acquisition context is not as tightly controlled compared
to standardized testing in a clinical environment.
Regarding the estimation of stride parameters, the temporal context
across strides is not taken into account in current state-of-the-art as
well as methods described in this thesis. This could be one line of research worth pursuing, e.g. by using recurrent network architecture
for the approaches from chapters 6 and 7.
The selection of strides to be analyzed presents another open research question to be answered in the future development of mobile
gait analysis systems. The totality of strides given by a segmentation
method might be sub-divided into different stride types, each of
which might be of importance to the (clinical) application. Stride
parameters might then also be summarized per stride type and
not per acquisition as it is usually done. In case of a multitude of
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stride types, as for example straight, initiation and stopping strides,
summary statistics over the entire acquisition regardless of stride
types might diminish clinical value. This aspect has already been
presented in a patent application [Bar+17] the author was involved
in. But since this patent application did not leave a theoretical
scope, practical investigations into this line of research including
clinical experiments would be necessary.
From a clinical standpoint, mobile gait analysis in particular and
wearable assessment technology in general is only starting to revolutionize healthcare. Currently, most available mobile gait analysis
systems are in a research stage and only few medical products exist
on the market [HAS; Gai]. Certainly, this transition from research
into clinical practice has to be intensified in order to actually integrate mobile gait analysis into healthcare pathways. This integration in daily clinical practice and patient care would certainly
be the final proof for a clinical grade wearable. Another aspect in
this regard is the space of assessable indications that could be extended. Future applications could aim at mobile gait analysis in
the context of stroke rehabilitation or multiple sclerosis addressing
spastic gait. This could, for example, be based on the explorations
into data-driven parameter estimation presented in this thesis.
Furthermore, the available medical products primarily target supervised assessment in clinical environments. Unobtrusive and remote
monitoring of gait in the patient’s home environment is starting to
appear in research while no medical products are currently available for this application [MKH16]. This is primarily due to the fact
that research on unobtrusive monitoring of gait in the home environment requires an intuitive handling of the instrumented shoes
by the patient including recharging, data transmission, intermediate analysis and feedback to the patient as well as researcher or
physician. Furthermore, ethical as well as data safety aspects have
to be considered and addressed before entering the patient’s home
with (unobtrusive) monitoring technology. These technical, ethical
and practical barriers will have to be cleared one after the other and
one can expect first clinical studies regarding remote monitoring
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of gait within the near future. Especially the possibility to assess
episodic phenomena like freezing of gait in PD as well as rare events
with this technology promises huge clinical benefits.
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Implementational Details
A library developed within this project implements all processing steps required in the gait analysis pipeline introduced earlier
(Fig. 3.1). This specifically includes concepts for holding data of a
single sensor as well as collections of sensor data. Additionally, acquisitions can be annotated in order to mark a specific standardized
gait test, a detected stride or gait event.
Data of a single sensor is stored in a datatype called SensorData
consisting of
• an array (Nchannels × Nsamples ) holding the recorded datastream,
• a legend mapping the first dimension of that array to channels
(AccX, AccY, etc.),
• meta-information regarding the sensor settings during acquisitions (sampling rate, sensor ranges, sensor id),
• the position of that sensor on the human body.
Multiple SensorData objects are then stored in a SensorDataCollection holding meta-information regarding the acquisition
as well as the SensorData objects identified by the corresponding
sensor position.
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For context annotation, the basic datatype is a Label. It is specified
by a unique name, a start sample in the corresponding data stream
and a length in samples. A distinction is made between interval
labels (gait trials, strides, etc.) that have non-zero length and event
labels (HS, TO, etc.) that have zero length. For a given datastream,
multiple labels stored in a LabelList while mapping to the corresponding datastream is achieved via the same collection concept
already introduced above. Meta information regarding a gait acquisition session (e.g. location of the individual gait trials in the
datastream) as well as processing results (e.g. location of individual
strides in the datastream) are both handled by these concepts.
Currently, this library exists in Matlab, java-script as well as
java. A wrapper of the java library for python is available as well.
Based on these libraries, automatic processing of individual as well
as multiple gait acquisitions is possible. Results are exported as
csv-tables for single parameters per session or aggregated summary
statistics of stride parameters for multiple acquisitions. Moreover,
the complete pipeline is fully configurable with a settings file.
Besides this command-line like interface to the developed code, a
GUI exists that allows to visualize the raw data as well as processing results (detected strides in the datastream, stride parameters,
etc.) for single and multiple acquisitions (Fig. A.1). A batch processing mode is available to automatically process large collections
of acquisitions. The mobile gait analysis pipeline is fully configurable from the GUI as well and export of summary statistics is supported. With the GUI, the results of the automatic analysis pipeline
can be manually inspected and potential stride segmentation errors can be corrected. This is of special interest in the context of
clinical studies.
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Figure A.1: Screenshot of the GUI for (semi-)automatic gait analysis based on the developed library. The GUI provides functionality
to define, load and save a project, configure the processing pipeline, process all as well as single acquisitions and export the results.

Chapter B

Efficient Handling of
3D Rotations
In this work, rotations in three dimensional space are represented by
unit quaternions. They can be seen as a generalization of how complex numbers efficiently describe rotations in the plane. Because of
this ease in notation, quaternions are widely used in applications
that depend on efficient treatment of 3D rotations [Eus+08; Sab05;
Mar+10].
A rotation quaternion consists of a real part and three imaginary
parts [Han06; Kui99]. The imaginary units are denoted as i, j and k
and are omitted when using vector notation:
T

q = q0 + q1 · i + q2 · j + q3 · k ≡ q0 , q1 , q2 , q3

(B.1)

The conjugate of a quaternion is obtained by changing the sign of
the imaginary parts and denoted by a prime:

T
q  = q0 , −q1 , −q2 , −q3

(B.2)

For quaternions of unit length, the conjugate is identical to the
quaternion’s inverse q = q −1 [Han06]. Another way of quaternion
notation is to split it into the real part q0 and an imaginary vector
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part e q containing the values from q1 to q3 . Using this notation,
the non-commutative product of two quaternions is defined as

T
p ⊗ q = p0 q0 − e p · e q , (p0 e q + q0 e p + e p × e q )T
(B.3)

An axis-angle rotation around an axis n of unit-length and an angle
θ , as shown in Figure B.1a, can be encoded as a quaternion by:

T
s
cos(θ
/2),
sin(θ
/2)
n
q
=
(B.4)
w
Here, the prescript ws denotes that the rotation aligns coordinate
system s with coordinate system w as shown in Figure B.1b.
a

b

Figure B.1: (a) 3D-rotation around axis n by angle θ . (b) Alignment of two coordinate systems.

Quaternion multiplication can be used to transform a vector from
coordinate system s to w in the following two ways:



T
T

0, v w = ws q ⊗ 0, v s ⊗ ws q  or v w = A ws q · v s (B.5)
with A



s
wq





q02 + q12 − q22 − q32
=  2(q1 q2 + q0 q3 )
2(q1 q3 − q0 q2 )

2(q1 q2 − q0 q3 )
q02 − q12 + q22 − q32
2(q2 q3 + q0 q1 )


2(q1 q3 + q0 q2 )
2(q2 q3 − q0 q1 ) 
q02 − q12 − q22 + q32

(B.6)

Together with (B.2), the inverse rotation is obtained by transpos

T

ing the rotation matrix: A ws q = A ws q . Successive rotations
from coordinate system a → b → c can be described efficiently by
concatenation of the corresponding transformations
a
cq
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= bc q ⊗ ba q

(B.7)
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The order of concatenation needs special interest here due to of the
non-commutative nature of the product. Furthermore, the rotation
quaternion encodes angles between the corresponding axes in the
two 3D coordinate systems. They can be calculated as follows:
tan(α x ) = 2(q1 q2 + q0 q3 )/ (2(q02 + q12 ) − 1))
sin(α y ) = 2(q0 q2 − q1 q3 ))

tan(αz ) = 2(q2 q3 + q0 q1 )/

(2(q02 + q32 ) − 1))

(B.8a)
(B.8b)
(B.8c)
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Chapter C

Dataset Statistics

Table C.1: Statistics for available reference parameters from the Vicon referenced
technical validation study with healthy subjects.

Parameter
Stride Time [s]
Stance Time [s]
Swing Time [s]

Mean / Std.

[Min / Max]

1.12 ± 0.20
0.69 ± 0.14
0.43 ± 0.08

[0.67, 1.82]
[0.39, 1.07]
[0.24, 0.70]

Stride Length [cm]
150.71 ± 33.98 [65.08, 227.87]
Max. Heel Clearance [cm] 29.08 ± 2.59
[20.06, 36.08]
Max. Toe Clearance [cm]
19.38 ± 3.60
[10.39, 32.09]
Max. Lat. Swing [cm]
5.02 ± 3.44
[0.46, 35.21]
HS Angle [deg]
TO Angle [deg]

−21.07 ± 5.84 [−36.26, 79.73]
60.15 ± 13.95 [21.15, 85.93]
735 strides, 16 HC subjects
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Unconstrained walking
Parameter

Mean / Std.

Min / Max

Stride Time [s]
Swing Time [s]
Stance Time [s]
Stride Length [cm]
Stride Width [cm]
Foot Placement Angle [deg]
Heel Contact Time [s]
Toe Contact Time [s]

1.23 ± 0.19
[0.74, 2.06]
0.37 ± 0.08
[0.01, 1.05]
0.85 ± 0.16
[0.48, 1.65]
80.02 ± 23.40 [13.17, 129.81]

1220 strides, 101 patients

Mean / Std.

With wheeled walker
Min / Max

Mean / Std.

Min / Max

1.20 ± 0.16
[0.74, 1.78]
1.22 ± 0.16
[0.91, 1.73]
0.37 ± 0.07
[0.17, 0.59]
0.40 ± 0.06
[0.26, 0.57]
0.83 ± 0.13
[0.48, 1.28]
0.82 ± 0.12
[0.59, 1.20]
81.64 ± 22.86 [25.16, 129.81] 98.93 ± 16.51 [54.82, 138.02]
−1.39 ± 13.44 [−37.52, 33.03] −1.91 ± 13.99 [−27.38, 31.10]
0.01 ± 3.27 [−10.32, 10.28]
0.17 ± 2.43
[−6.32, 7.33]
0.63 ± 0.12
[0.30, 0.99]
0.57 ± 0.12
[0.25, 0.98]
0.66 ± 0.13
[0.25, 1.08]
0.62 ± 0.13
[0.24, 1.02]
1112 strides, 99 patients

673 strides, 75 patients
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Table C.2: Statistics for available reference parameters from the GAITRite technical validation study with geriatric patients for
unconstrained walking and the wheeled walker gait trial. Dataset size in terms of number of strides and patients is listed as well for
each subset.

Terminology
calibration A mapping from raw sensor readings given in mV to
sensor signals given in physical meaningful units, e.g. 1g for
the accelerometer.
clinical environment A professional healthcare setting as e.g. an
outpatient unit of a clinic or a resident physician mostly referred to in context of data acquisition.
clinical grade wearable A wearable device specifically designed,
tested and approved by the authorities for use in a defined
medical application. This includes risk assessment and management, data and revision safety, quality control as well as
sufficient documentation.
foot orientation Angle course of the sensor/foot over one stride
relative to a global world frame. This represents complementary information to the foot trajectory.
foot trajectory 3D movement path of the sensor/foot over one
stride expressed in a global world frame. This represents
complementary information to the foot orientation.
gait analysis Objective measurement of gait related parameters as
opposed to visual gait observation.
gait disorder A disturbance of the healthy and efficient human
gait, e.g. caused by an underlying (pre-clinical) disease.
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Terminology

gait observation Visual observation of a subject’s gait by a trained
expert as opposed to gait analysis.
global world frame Fixed coordinate system that a movement can
be described in. Usually this coincides with the local sensor frame at zero velocity update points for re-initialization
purposes.
home environment An uncontrolled scenario as opposed to the
tightly controlled and supervised clinical environment mostly
referred to in the context of data acquisition.
level ground assumption Assumption that the instrumented shoe
is operated on level ground, i.e. the sensor clearance has to
be identical at the start and end of each stride.
local sensor frame Coordinate system tied to an inertial sensor. If
the inertial sensor is not stationary, this frame is constantly
moving during measurement.
measurement frame see local sensor frame.
orientation estimation Estimation of sensor orientation throughout a single stride w.r.t. a stationary, initial coordinate frame.
Based on these orientations, sensor signals from the local
sensor frame can be expressed in the global world frame.
sensor reading Raw value read from the inertial sensor in [mV].
sensor signal Calibrated sensor reading in [g] for the accelerometer
and [°/s] for the gyroscope.
stride A stride is defined from a characteristic event, e.g. HS, of
one foot to the same event on the same foot. A step, however,
is defined from a characteristic event on one foot to the same
event on the other foot. Within this work, everything will be
expressed on the level of a stride.
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Terminology

stride parameter A parameter extracted from a single stride. On
the one hand, this can be clinically meaningful parameters
as for example stride length or toe-off angle extracted from
the foot trajectory or foot orientation. On the other hand, this
can be generic parameters as for example statistical measures
evaluated on the sensor signal for a specific stride.
zero velocity assumption Assumption that the instrumented shoe
is stationary in between two strides, i.e. its initial and final velocity at MS is known à priori. This assumption was validated
by Peruzzi et al. [PDC11] in healthy human gait, but does not
necessary hold in impaired gait.
zero velocity update At stationary anchor points (MS events) within
the subject’s gait, the processing pipeline is re-initialized in
order to minimize accumulation of error. This process includes:
• Correction of potential sensor inclination in sagittal and
frontal plane
• Initialize of sensor position in the origin
• Ensuring zero velocity at the start and end of each stride
by means of de-drifting
• Optionally, ensuring constant sensor clearance at the
start and end of each stride (level ground assumption)
.
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List of Abbreviations
ANOVA Analysis Of Variance.
Barthel Barthel index in geriatrics.
BMI Body Mass Index.
CF Complementary Filter.
DCNN Deep Convolutional Neural Network.
EDSS Expanded Disability Status Scale.
FES-I International version of the Falls Efficacy Scale.
GDS Geriatric Depression Scale.
GRF Ground Reaction Force.
GUI Graphical User Interface.
H&Y Hoehn & Yahr disease stage.
HC Healthy Control.
HD Huntingon’s Disease.
HS Heel-Strike.
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List of Abbreviations

ICC Intraclass Correlation Coefficient.
IMU Inertial Measurement Unit.
MCID Minimal Clinically Important Difference.
MMSE Mini Mental State Exam.
MoCap Motion Capture.
MS Mid-Stance.
msDTW multi-dim., sub-sequence Dynamic Time Warping.
PD Parkinson’s Disease.
POMA Performance Oriented Mobility Assessment.
SEM Standard Error of the Mean.
TO Toe-Off.
TUG Timed Up & Go.
UPDRS Unified Parkinson’s Disease Rating Scale.
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Julius Hannink

Mobile Gait Analysis: From Prototype towards Clinical Grade Wearable

The aim of this thesis is to move mobile gait analysis systems based
on inertial sensing closer towards clinical grade wearable devices. Such
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