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In 1817 James Parkinson described in his Essay on the Shaking Palsy 
that impaired gait is one of the most important symptoms in Parkinson’s 
disease (PD): „Walking becomes a task which cannot be performed  
without considerable attention. The legs are not raised to that height, or 
with that promptitude which the will directs,...‘‘. 
Gait disorders still play an important role in PD since the diagnosis, the 
staging of the disease level, and also the assessment of therapeutic 
outcomes are based mainly on the rating of movement impairments. 
The state-of-the-art scores and scales to rate PD are based solely  
on subjective assessment of movement disorder specialists. A more  
objective rating of disease related impairments is therefore an urgent 
need to support clinical decision making. 
In this thesis the development of a mobile and unobtrusive system to 
rate gait impairments with wearable sensors is described. An inertial 
measurement system was used to provide standard gait parameters 
and a scoring that rates PD related gait impairments. This system  
supplies physicians and therapists of movement disorders with objective 
and complementary data and consequently improves clinical decision 
making. 
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Abstract

In 1817 James Parkinson described in his Essay on the Shaking Palsy that
impaired gait is one of the most important symptoms in Parkinson’s Dis-
ease (PD): “Walking becomes a task which cannot be performed without
considerable attention. The legs are not raised to that height, or with that
promptitude which the will directs,...”. Gait disorders still play an impor-
tant role in PD since the diagnosis, the staging of the disease level, and
also the assessment of therapeutic outcomes are based mainly on the rat-
ing of movement impairments. The state-of-the-art scores and scales to
rate PD, e.g. the Unified Parkinson’s Disease Rating Scale (UPDRS) mo-
tor score, are based solely on subjective assessment of movement disor-
der specialists. A more objective rating of disease related impairments is
therefore an urgent need to support clinical decision making.

In this thesis the development of a mobile and unobtrusive system
to rate gait impairments with wearable sensors is described. An inertial
measurement unit that consists of accelerometers and gyroscopes was at-
tached to the lateral side of both shoes of a person and sensor data from
specific gait tests was collected wirelessly. Single strides were extracted
with a multi-dimensional subsequence dynamic time warping approach
from gait tests as well as free walking movements. In that approach a pre-
defined stride template was used to find matching patterns in a signal se-
quence of a person’s gait. Especially for PD patients excellent recognition
rates for individual stride segmentation were reached with F-measure of
98 % (recall 98 %, precision 98 %) for 40 meter walk tests and of 97 % (recall
97 %, precision 97 %) for free walk tests.

With the segmented strides we were able to calculate spatio-temporal
gait parameters that are clinically relevant to assess gait alterations. The
validation of these parameters was performed in two different studies 1) a
large cohort study of 101 geriatric patients where the instrumented walk-
way GaitRite system served as gold standard and 2) a study of 20 healthy
subjects with highly variable stride length and time where the measure-
ments were compared to the optical motion capturing system Vicon. The
temporal parameter stride time e.g. was measured in the second study
with a mean absolute error of 9 ms and a standard deviation of 16 ms. In
that study also the spatial parameters stride length were measured with
a mean absolute error of 3.9 cm and a standard deviation of 4.7 cm. The
applicability of the proposed system and relevance of the calculated pa-
rameters was confirmed clinically on a large cohort study with 190 PD
patients and 101 age matched controls. A detailed analysis of this data



showed, a significant decrease of stride length and maximum toe clear-
ance with increasing disease stage and a correlation of stride parame-
ters with distinct symptoms assessed by movement disorder specialists.
These results confirmed the characteristic shuffling gait in PD.

In addition to the gait parameters, statistical features were extracted
from the sensor data and analyzed with machine learning algorithms to
perform a more advanced rating of gait impairments that are typical for
PD. Gait data from 92 PD patients and 81 controls were used to train and
test a classification algorithm separating patients from controls. A classi-
fication accuracy of 82 % was reached for the complete dataset which in-
creases up to 91 % if only patients were considered that were already in an
advanced stage of the disease and where the symptom gait impairment
was more prominent. We showed that age is an important confounding
variable by analyzing the misclassified data samples. Additionally, an ob-
jective score was constructed to rate the disease progression with a multi
parametric regression algorithm, trained and validated with the data of
319 recordings of 168 PD patients. The algorithm was built on the ba-
sis of gait related items of the UPDRS motor score. In a cross-sectional
approach we demonstrated correlation of the clinical rating to the de-
veloped score similar to the clinical inter-rater variability of the UPDRS
motor score. The discriminative value of the score was confirmed on
the data of 13 de-novo patients treated with Rasagiline for 2, 6, and 12
weeks revealing strong correlation to the UPDRS changes. This experi-
ment showed that the developed score was able to measure the motor
impairment course identical to the clinical rating.

The developed system is able to provide standard gait parameters and
a scoring that rates PD related gait impairments. This system supplies
physicians and therapists of movement disorders with objective and com-
plementary data and consequently improves clinical decision making.
Further developments hold the potential to operate the system in the pa-
tient’s home environment. This will allow the therapist to continuously
monitor the patient’s motor state and to close blind spots during disease
assessment.



Zusammenfassung

Bereits im Jahr 1817 schrieb James Parkinson in seinem Aufsatz Essay on
the Shaking Palsy, dass die Störung des Gangbildes eines der wichtigsten
Symptome beim Parkinson-Syndrom (PS) darstellt: “Walking becomes
a task which cannot be performed without considerable attention. The
legs are not raised to that height, or with that promptitude which the
will directs...”. Die Diagnose des PS, die Bewertung des Krankheitsstadi-
ums oder die Beurteilung von Therapieergebnissen beruht nach wie vor
zum größten Teil auf der Einstufung der Bewegungsstörung. Gangstö-
rungen spielen in diesem Zusammenhang eine wichtige Rolle. Ein Stan-
dardinstrument zur Beurteilung von Bewegungsstörungen beim PS ist
die UPDRS-Skala, die komplett auf der subjektiven Einschätzung von
Spezialisten für Bewegungsstörungen basiert. Eine objektive Analyse von
krankheitsbezogenen Bewegungsstörungen verbessert die klinische Be-
wertung somit enorm.

In dieser Arbeit wird die Entwicklung eines mobilen Systems be-
schrieben, mit dem es möglich ist mittels tragbarer Sensoren Gangstö-
rungen zu beurteilen. Eine inertiale Messeinheit mit Beschleunigungs-
und Drehratensensoren wurde lateral an beiden Schuhen befestigt, um
damit drahtlos Bewegungsdaten aufzuzeichnen. Im ersten Schritt wur-
den einzelne Gangzyklen aus speziellen und freien Gangtests mit einem
“Multi-dimensional Subsequence Dynamic Time Warping” Algorithmus
erkannt und extrahiert. Bei dieser Methode wurde zuerst eine Schritt-
schablone definiert, nach der im kontinuierlichen Bewegungssignal
gesucht wurde. Speziell für PS Patienten wurden einzelne Gangzyklen
mit hohen Erkennungsraten detektiert. Beim 40 Meter Gangtest wurde
ein F-measure von 98 % (Recall 98 %, Precision 98 %) und für das freie
Gehen ein F-measure von 97 % (Recall 97 %, Precision 97 %) erreicht.

Auf Basis der segmentierten Gangzyklen konnten räumliche und
zeitliche Gangparameter mit klinischer Relevanz berechnet werden, um
Veränderungen beim Gehen zu beurteilen. Technisch wurden diese Pa-
rameter in zwei verschiedenen Studien validiert: 1) einer Studie mit 101
geriatrischen Patienten, in der als Goldstandard die elektronische Gang-
matte GaitRite verwendet wurde, und 2) einer Studie mit 20 gesunden
Probanden mit hoher Variabilität in Länge und Zeit der Gangzyklen, in
der die Messungen mit dem 3D-Kamera System Vicon verglichen wur-
den. Der Parameter Gangzyklusdauer konnten z.B. in der zweiten Studie
mit einem absoluten Fehler von 9 ms und einer Standardabweichung
von 16 ms gemessen werden. Ebenfalls in der zweiten Studie konnte



der räumliche Parameter Gangzykluslänge mit einem absoluten Fehler
von 3.9 cm und eine Standardabweichung von 4.7 cm gemessen wer-
den. Klinisch wurde die Anwendbarkeit dieser Parameter in einer wei-
teren Studie mit 190 PS Patienten und 101 alters-angepassten Kontrollen
bestätigt. Eine detaillierte Analyse zeigte, dass z.B. ein fortgeschrittenes
Krankheitsstadium oder der Vergleich zwischen Kontrollen und Patien-
ten eine signifikante Verringerung der Gangzykluslänge und eine Ver-
ringerung des maximalen Fuß-Boden Abstandes zur Folge hat. Diese
Ergebnisse bestätigten wiederum den charakteristischen schlurfenden
Gang bei PS Patienten.

Für eine detailliertere Analyse von PS typischen Gangstörungen
wurden aus den Sensordaten, zusätzlich zu den Gangparametern,
statistische Merkmale extrahiert und mit Algorithmen aus dem Feld des
maschinellen Lernens analysiert. Der Gang von 92 PS Patienten und 81
Kontrollen wurde zum Trainieren und Testen eines Klassifikationsalgo-
rithmus genutzt, um Unterschiede zwischen Patienten und Kontrollen
zu erkennen. Es wurde eine Klassifikationsrate von 82 % für den kom-
pletten Datensatz erreicht. Dieses Ergebnis stieg auf bis zu 91 %, wenn
ausschließlich Patienten in einem fortgeschrittenen Krankheitsstadium
betrachtet wurden oder Patienten mit fortgeschrittener Gangstörung.
Die Analyse der falsch klassifizierten Ergebnisse zeigte, dass vor allem
das Alter einen starken Einfluss auf die korrekte Klassenzuordnung hat.
Weiterhin wurde ein objektiver Score entwickelt, um das Fortschreiten
der Bewegungsstörung zu beurteilen. Hierfür wurden 319 aufgezeichnete
Bewegungstests von 168 Patienten genutzt um einen Regressionsalgo-
rithmus zu trainieren und zu validieren. Trainiert wurde der Algorithmus
mit den gang-assoziierten Einzelwerten der UPDRS-Skala. Es wurde
gezeigt, dass mit einem höheren Wert in der UPDRS-Skala auch der
entwickelte Score stieg. Weiterhin wurde die Anwendbarkeit des Score
bei einer pharmakologischen Interventionsstudie mit 13 PS Patienten
in einem frühen Stadium der Krankheit getestet. Es konnte eine iden-
tische Beurteilung des Verlaufs der Bewegungsstörung zwischen dem
entwickelten Score und klinischem Score gezeigt werden.

Das entwickelte System ist in der Lage sowohl standardisierte Gang-
parameter zu messen, als auch gangassoziierte Bewegungsstörungen mit
dem entwickelten Score zu beurteilen. Dies versorgt Mediziner und
Thera-peuten unmittelbar mit objektiven und komplementären Daten
über Bewegungsstörungen, um klinische Entscheidungen zu verbessern.
In weiteren Entwicklungsschritten kann das System in das heimische Um-
feld des Patienten gebracht werden, um durch ein kontinuierliches Moni-



toring eines Patienten Bewegungen auch während Zeiten aufzuzeichnen,
in denen bisher keine Beurteilung der Bewegungsstörung möglich war.
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Chapter 1

Introduction

1.1 Context and Motivation

The ability to move independently is one key factor of human well being
and consequently an indicator for quality of life. A decreased ability to
perform daily life activities leads to a loss of independence and decreases
quality of life. The elderly commonly suffer from various number of dis-
eases, such as cardiovascular diseases or neurological diseases, that often
have an impact on the ability to move. In an aging society the accurate
and automated rating of both the quantity and especially the quality of
movement is thus of increasing importance.

Major causes of impaired movement, and in particular gait impair-
ments, are diseases such as neurological diseases (e.g. PD [Gila 13]),
musculo-skeletal diseases (e.g. osteoarthritis [Bloc 09]), or cardio-
pulmonal diseases. Similarly, movement impairments often have
complex causes which result e.g. from geriatric diseases, trauma, or
orthopedic diseases. These impairments impede the patient to move fre-
quent. Such a decreased physical activity additionally increases the risk
of cardiovascular diseases like heart attack or stroke [Lloy 10], resulting in
a multi-morbidity of the patient.

There are two key concepts to keep patients active. On the one hand
there is the monitoring of movement quantity. This is commonly done
with simple pedometers, helping patients to rate their own level of ac-
tivity. This self rating helps to monitor and control activity and to reach
an adequate and sufficient level of movement. On the other hand the
movement impairment itself needs to be treated as it impedes the patient
from physical activity. Here, the challenge is to make profound therapy
decisions for an optimal, individual patient treatment. The assessment
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Chapter 1. Introduction

of quality of movement allows direct feedback on the success of a ther-
apy and an objective rating of the impairments. As an example the rating
of stride time variability serves as a risk of fall indicator. The lower the
stride time variability the lower is the risk of falling [Haus 01]. With a de-
creased risk of falling, which can be reduced with optimal therapy and
medication, the patient feels more safe during walking and a higher level
of physical activity can be expected [Tenn 98].

Consequently, the objective, repeatable and independent rating of
physical activity and especially the quality of the movement is crucial. A
rating of movement impairments gives information about the success of
a therapy. With an improved therapy and health status the patient is able
to increase physical activity safely. PD has a substantial impact on the
quality of movement and is thus a highly relevant example to motivate the
advantages of an objective movement impairment rating [Espa 16]. The
following paragraphs describe the role of movement quality in the context
of PD in greater detail.

Importance of an Objective Rating of Gait Impairments in PD

PD is the most frequent neurodegenerative disorder. The incidence of PD
is 0.2 % worldwide, increasing to 1 % for people over 60 years and 4 % for
people with more than 80 years of age. A doubling of the numbers is ex-
pected in the next decades. Reasons for this include a general increase
in worldwide life expectancy, due to improving health care and diagnos-
tics in developing countries, but also the increase of environmental risk
factors associated with PD such as the increased usage of pesticides in
industrial nations [Chin 15, Dors 07, Tann 09, Jank 08].

PD causes a progressive loss of nerve cells that is accompanied by a
slow process of increasing movement impairments. In most of the cases
PD is first diagnosed when these impairments get apparent. In 70 % of
the patients this is at least five years after disease onset [Kost 91]. The
movement disorders bradykinesia, tremor, rigidity and postural instabil-
ity are the cardinal symptoms in PD and define the diagnosis and target of
therapy. Additional examples for motor phenomena are freezing of gait, a
complete block of gait initiation, or dyskinesia, a disturbance of motion.

The rating of the severeness of individual movement disorders is nor-
mally done by the treating physician or a movement disorder specialist.
With the aim to obtain comparable and objective ratings, the movement
disorder society [Fahn 87, Goet 08] introduced the UPDRS motor score,
a standardized rating scale. A video-based teaching should improve the
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comparability of the score to obtain more objective results [Goet 04b].
Nevertheless, it is heavily dependent on the treating physician and the
current human condition of the patient. This was shown by Richards et
al. in 1994 where they reported a considerable inter-rater variability for
the assessment of motor symptoms in PD [Rich 94]. Due to this rater bias
in the UPDRS motor score and its non-linear characteristics a minimal
change that can be considered clinically meaningful to patients was de-
termined by Horváth et al. [Horv 15]. The authors found a threshold of
3.25 points for detecting improvements and 4.63 points for observing a
worsening as clinically relevant.

In PD gait impairment is a major symptom, and characterized by small
shuffling steps, a general slowness, a reduced stride length and difficulties
in stopping and starting [Snij 07]. Since gait is a natural and comparable
movement, clinicians often use gait tests to assess disease specific impair-
ments, even in rating scales like the UPDRS. A typical gait test like a stop
and go examination is often part of the standard diagnostic procedure.
In this test the patient has to start and stop walking a few times to pro-
vide information about influenced gait initiation, posture and slowness
of movement. However, a rating of a test such as the stop and go exam-
ination is rather subjective and depends on the individual impression of
the treating physician. A biomechanical motion analysis has the poten-
tial to provide more objective parameters that support clinical decision
making from which therapists as well as patients benefit. Using objective
data from a biomechanical assessment, clinicians can better determine
the most appropriate intervention to correct deficits.

Currently the clinical assessment of gait is in most cases still per-
formed visually by physicians and movement disorder specialists. This
visual analysis largely depends on the experience of the physician and is
therefore prone to subjective misjudgments and a substantial inter-rater
variability. For that reason we focus in this work on the sensor-based ana-
lysis of gait that allows the objective measurement and thus repeatable,
time and location independent test outcomes. A further goal is to mea-
sure specific gait and movement tests to give the expert an improved basis
for decision making. Conducting movement tests with a technical sys-
tem can be performed more frequently, which further reduces the risk of
misjudgment due to daily fluctuations of movement impairments that are
typical in PD [Maet 16, Kubo 16, Espa 16].
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1.2 Related Literature

1.2.1 Clinical Assessment of Movement Impairments in PD

Currently the rating of movement quality in PD is reserved to movement
disorder specialists like trained neurologists with many years of experi-
ence. A visual rating and description of movement impairments, like it is
done with the UPDRS motor score, is the basis for therapy and medica-
tion. James Parkinson provided in his Essay of the Shaking Palsy in 1817
the first detailed description of PD and its typical movement disorders
PD [Park 02a]. The sole visual observation of those disorders and their
detailed description is the oldest way to characterize movement impair-
ments (Fig. 1.1).

However, assessments that are only based on visual observation of im-
pairments are difficult to compare across time points and in particular
when obtained by different raters. To make these observations compa-
rable and to get a quantitative measure of movements, specific tests and
rating scales were developed and evaluated (Fig. 1.1). A scaling of disease
stage and impairments was introduced. To qualify the disease stage in
PD the Hoehn and Yahr (H&Y) scale [Hoeh 67, Goet 04a] was introduced.
With this scale the disease is graded into five stages, regarding conditions
like unilateral, bilateral affection, an impaired balance or reduced abil-
ity to walk. In contrast to the coarse staging of the disease level like in
the H&Y scale, the UPDRS motor score was introduced by the movement
disorder society [Fahn 87, Goet 07, Goet 08] to rate the disease related mo-
tor impairments at a more detailed level. The complete UPDRS is made
up of four sections. Here, we consider only part III, the motor score, that
provides an intra-individual and longitudinal comparison possibility of
motor impairments in PD. This clinical assessment of the UPDRS motor
score is a combination of 27 sub-scores where distinct motor symptoms
are rated with points from 0 to 4. On this scale 0 means no impairment
and 4 means completely unable to perform the task. It allows the diag-
nostic classification and serves as the primary read-out for the efficacy of
therapeutic interventions in clinical studies and care. The UPDRS motor
score introduces a scaling of impairments, is ideally performed by trained
experts and has the potential to reach a rating that is comparable across
time points and patients [Goet 04b]. However, the rating is always influ-
enced by the experience of the rater and has to be done by a movement
disorder specialist.
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Specified movement tests can be used to improve the assessment of
impairment. Steffen et al. gave an overview about the most relevant gait
tests in PD [Stef 08]. One example is the Timed Up and Go (TUG) test
which is described in detail by Podsiadlo et al. [Pods 91] and is used e.g.
in PD or Multiple Sclerosis. To perform this test, subjects sit on a chair,
stand up, walk three meters, walk around an obstacle, walk back and sit
down. This test should simulate a daily life situation. So far, only the
time is used a person takes to perform the test. Additionally it is possi-
ble to count steps and turning steps manually. In PD also the sit-to-stand
test plays an important role for the rating of lower extremity muscle per-
formance [Boha 95]. While gait and movement tests are informative and
part of the common clinical assessment, their outcome is limited in the
sense that only a subjective rating of simple objective parameters such as
the test duration is reported. The sensor-based recording of measurable
test parameters has the potential to improve the understanding of impair-
ments and to support the clinician in both disease diagnosis and disease
management [Lord 13].

In summary, a scaling is not sufficient to obtain an objective rating that
is independent from a rater. A quantitative measurement of the move-
ment is required. Specialists for movement disorders are able to iden-
tify and classify the above mentioned impairments in the everyday clini-
cal workup. However, typical examinations require long-time experience
and remain arbitrary and subjective. A technical system could provide
objective parameters for standardized tests that are anyway performed
by the patient and would therefore complement the clinical evaluation of
PD [Sanc 16, Maet 16, Espa 16]. In the past the movement was analyzed
by observation, then experts moved to a scaling with and standardized
assessments, and with recent technical advances we are now moving to-
wards an objective measurement of movement and related impairments
(Fig. 1.1).

1.2.2 Technical Assessment of General Movement Impairments

Several electronic measurement systems have been developed to improve
assessment of movement in a clinical environment. Currently, there are
established laboratory systems for movement assessment that are precise
and are able to track a high variety of movements. Their drawbacks are
high costs, the high preparation time of subjects and the spatial restriction
to a laboratory. To address those limitations, new and innovative mobile
systems are under development or already available. Mobile systems are
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Figure 1.1: Observation, scaling, and measuring gait in PD. The first assessment of
movement and related impairments in PD was the observation. Clinicians moved
to a scaling to improve the comparability with e.g. the Hoehn and Yahr scale.
Nowadays, body worn sensors attached to the shoe enable measurement of pro-
totypical PD gait features. The figure is reused from [Schl 17] with the publisher’s
permission.

easy to handle, flexible in place and time and are less expensive. In the
following an overview over both stationary as well as mobile systems is
provided.

Stationary Systems

One of the most accurate, but also complex systems are camera based op-
tical motion capture systems [Ambo 12, Roiz 10, Sofu 05]. This technique
uses multiple retro-reflective markers which are attached to the body and
are tracked by typically six to eight infrared cameras [Payt 07]. From the
triangulated marker position movement parameters can be computed.
Dependent on the number of cameras as well as the marker size or num-
ber of markers per body segment an overall accuracy of 63μm range can
be reached [Wind 08]. Amboni et al. used infrared cameras (Qualisys, Swe-
den) to measure gait of PD patients with and without cognitive dysfunc-
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tions and showed significant differences between these groups especially
in step length and swing time [Ambo 12]. The groups around Sofuwa and
Roiz compared healthy subjects and PD patients [Roiz 10, Sofu 05] and re-
vealed a significant reduction in step length and walking velocity by a de-
tailed analysis of gait parameters. However, this technique has a limited
capture volume and allows only recording of a few meters of movement.
Due to marker placement and camera calibration the preparation of one
recording is difficult and time consuming. In addition optical motion cap-
ture systems are costly and can only be used in a laboratory setup. Optical
motion capture systems are thus not well-suited for the routine applica-
tion in a clinical environment.

Another kind of stationary systems are pressure mats like the elec-
tronic walkway GAITRite (GAITRite; CIR Systems Inc., Havertown, PA).
The GAITRite system consists of a carpet with embedded pressure sen-
sors with a spacial accuracy of ±1.27 cm centimeters. Especially in
the area of geriatrics and also neurodegenerative disorders computer-
ized mats or walkways were used to determine stride parameters like
stride times, stride length or stride variability [McDo 01, Givo 09, Holl 10].
The GAITRite was used for example by Givon et al. to analyze Multi-
ple Sclerosis patients and controls by comparing their gait parameters
[Givo 09]. Significant impairments in all spatio-temporal gait parameters
were found in the Multiple Sclerosis group. Additionally a strong cor-
relation of neurological variables like the pyramidal score [Kurt 83] with
gait parameters could be shown in the patient population. In the work of
Verghese, they used the GAITRite system to record gait of 597 elderly to
study their fall risk [Verg 09]. From this group 226 elderly reported a fall
event within a time period of 20 month after the examination. Significant
differences of gait markers (e.g. gait speed or stride length) where identi-
fied between fallers and non-fallers.

The GAITRite system is also used in the analysis of gait impairments
in PD. Nelson et al. [Nels 02] analyzed in 2002 the validity of the spatio-
temporal gait parameter calculation with the GAITRite system. Addition-
ally, they investigated whether their earlier developed Functional Ambu-
lation Performance (FAP) score [Nels 74], which is a scale to quantify gait,
can be assessed with the GAITRite system. With the FAP score it is pos-
sible to distinguish between selected gait characteristic of early stage PD
patients and elderly controls. It was shown that the gait velocity normal-
ized by leg length is the most discriminative parameter to distinguish the
groups, also for different walking speeds. The progression of gait disor-
ders in relation to medication and phenotype was analyzed by [Galn 15]
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over a time period of 18 months based on multiple recordings with the
GAITRite system. They showed that pace and variability deteriorated in
patients without medication with a tremor-dominant phenotype. In con-
trast to that, patients who received medication did not show a marked
change in gait parameters over the first 18 month. However, such an in-
strumented walkway is only usable in a laboratory environment and has
the additional drawback that three dimensional gait parameters like heel
strike and toe off angles or foot clearance cannot be assessed.

To determine the postural stability of a person, force plates are com-
monly used. A typical size for such a force plate is 60×60 cm and a mea-
surement range of 0 to 20 kN. To acquire data, a person maintains an up-
right standing position for several seconds on the force plate. The most
relevant parameter and the basis for further computations is the Centre
of Pressure (CoP). To determine parameters like the sway path, the sway
area or the sway velocities the CoP is recorded over a previously defined
time period. Rocchi and Horak used recordings of 60 seconds to analyze
controls and PD patients treated with levodopa or deep brain stimulation
while they stand upright with eyes opened [Rocc 02]. They showed that
PD patients have abnormal postural sway. A treatment with levodopa in-
creases these abnormalities, whereas a treatment with deep brain stimu-
lation improves postural sway.

These examples show that technical tools can provide important pa-
rameters to assess movement and gait of patients and controls. Camera
based systems are precise and can in general track arbitrary motions, yet
such systems are expensive and need to be set up and operated by experts
with technical knowledge. The preparation of subjects with markers is
time consuming and the costs of such systems are with several ten thou-
sands euro relatively high. In contrast to motion capture systems, com-
puterized walkways or force plates need almost no preparation of the sub-
jects. However, the application of such systems in the clinical workup re-
quires a laboratory environment and three dimensional parameters can-
not be assessed. Mobile systems that are directly attached to the body
and are not constrained to a certain environment can provide a solution
to overcome the limitations of stationary systems.

Mobile Systems

Mobile Inertial Measurement Unit (IMU) based systems can fulfill previ-
ously described requirements and enable an unobtrusive and continu-
ous monitoring to assess objective physiological parameters during clin-

8



1.2. Related Literature

ical tests and in daily life [Zhen 14, Ossi 16, Bona 05]. Even though the
accuracy and precision is often lower than in stationary systems, mobile
systems provide repeatable, rater independent and objective parameters.
Additionally it is possible to assess movement within a few minutes, what
is advantageous to keep the examination times in clinics or outpatient
centers short. For the patient it is also important that sensors are unob-
trusive. This was shown by a study over 12 weeks where patients were
monitored the whole day with a sensor at one leg, the wrist and at the
lower back [Ferr 15b]. Patient interviews revealed that most participants
liked using the system and appreciated that it signaled changes in their
health condition.

The technical challenge is to improve the durability of sensors and in-
terconnects, the integration of wireless data transmission and powering
electronics, the designing of small circuits, or the battery capacity and
life time [Zhen 14]. The most promising approaches are based on iner-
tial sensors. By definition these sensors consist of accelerometers and gy-
roscopes, which measure acceleration and angular velocity. These minia-
turized sensors can be directly attached to clothes or the body and provide
informative sensor data for movement analysis.

Compared to the postural stability measurements with force plates,
Mancini et al. [Manc 11] used accelerometers on the lower back, near the
body center of mass of a person. The acceleration at this body segment is
strongly correlated with the CoP [Caro 97]. Mancini showed that postural
stability measures from these accelerometer based systems in PD deliver
comparable results to the force plate systems.

Patel et al. used eight inertial sensors on the lower and upper extrem-
ities of 12 patients to characterize the severeness of tremor, bradykine-
sia and dyskinesia, the main symptoms of PD [Pate 09]. Other research
groups developed a system with inertial sensors attached on the shank,
thigh and belt of a PD patient to warn them against an upcoming freezing
event [Bach 10]. A freezing event is a time period in PD where the patient
isn’t able to move. The system of Bachlin et al. is able to detect such an
event and warns the patient, physician or caregiver with an acoustic sig-
nal. Mazilu et al. attached inertial sensors to the ankles to prevent freezing
events by giving rhythmic auditory sounds [Mazi 14].

Other approaches used inertial sensors to get more detailed informa-
tion from tests like the TUG test which is described before (chapter 1.2.1)
[Zamp 10, Gree 14b]. Zampieri et al. used five accelerometers distributed
over the complete body of patients to calculate parameters like arm swing
asymmetry or trunk rotation velocity. They identified 10 of 22 parameters
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that were significantly different between PD patients and elderly controls.
Greene et al. used shank mounted inertial sensors to assess frailty from
TUG [Gree 14b]. A total amount of 399 community-dwelling older adults
were analyzed to perform a classification experiment that separates frailty
patients from non-frailty patients. They showed that with a sensor-based
method the classification was improved by 4 % compared to a classifica-
tion based on time assessment of the TUG test only.

Recently PD specific gait analysis studies during free walking with
the help of inertial sensors were carried out by several research groups
[Hend 16, Manc 15]. With accelerometers fixed on the legs, 130 patients
were recorded during walking tasks from Henderson et al. [Hend 16]. Half
of the patient group was treated with rivastigmine, used to treat dementia
in PD, half of the group with a placebo. The study showed an improved
step time for the non placebo group after 32 weeks. The group of Mancini
et al. monitored the general activity and the natural turning during daily
activities of PD patients [Manc 15]. With inertial sensors on the legs of
patients no differences in the general activity between patients and con-
trols were observed. However in the turning movement, patients had a
reduced turning velocity and needed more steps during an turning move-
ment.

An alternative to assess gait during special tests or free walk move-
ments are insoles with pressure sensors. Different research groups fol-
lowed this approach very successfully and collected data from e.g. elderly
with fall risk or patients with PD [Haus 01, Kimm 01]. Hausdorff et al. did
several studies with pressure sensors directly on the subject’s foot. In one
study they analyzed data of 52 elderly patients and assessed their gait vari-
ability during a six minute walk [Haus 01]. After one year and the ana-
lysis of the fall statistics of the participating subjects they concluded that
stride time variability was more than doubled in patients which reported
falls. Kimmeskamp et al. analyzed the plantar pressure distribution dur-
ing gait of 24 PD patients and 24 age matched controls [Kimm 01]. They
confirmed the highly stereotypical mechanisms that with an increasing
severity of the disease the impact at the heel gets lower and the load shifts
towards medial foot areas.

There is a variety of research projects which assess movement with
mobile sensors. Gait as a natural movement is used in many kinds of dis-
eases to assess impairments. Especially in PD the analysis of gait plays
an important role [Mire 15, Eber 13]. With a mobile and wearable sensor
systems it is now possible to improve the quantitative rating of gait im-
pairments [Tao 12].
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1.2.3 Development of a Mobile Gait Analysis System

The aim of this thesis was to develop a system to analyze gait in PD pa-
tients. The measurement of this natural movement has large potential to
compare for intra- and inter-individual changes in disease related impair-
ments. Gait characteristics are already incorporated in disease specific
rating scales like the H&Y or the UPDRS [Fahn 87, Goet 07, Goet 08] and
can be easily assessed without specific constraints on location. Especially
in the home environment the analysis of PD related gait impairments pro-
vides excellent information about disease progression [Toos 15].

There exist several systems that are used to measure typical gait
parameters like stride length or stride time [Mari 10, Troj 14, Rebu 13,
Gree 12b]. Other systems employ own developed scales to assess disease
specific impairments and symptoms directly [Pate 09, Giuf 09, Held 12,
Giub 14]. These systems focus either on the sole quantification of well
known gait parameters or on the analysis of one or more symptoms based
on signal features. To exploit information from both categories, gait pa-
rameters can be combined with signal features to form a more complex
feature set. This more descriptive feature set can subsequently be ana-
lyzed with machine learning techniques to classify impairments and build
scores to rate the severity of movement impairments. The aim is to im-
prove the quantitative rating of gait impairments and to discover novel
and descriptive parameters that help physicians in their standard assess-
ment and decision making.

We decided to use a step by step development procedure (Fig. 1.2) to
develop our mobile gait analysis system. The individual components are
described in the following. First, unobtrusive inertial sensors were se-
lected to record movement during walking direct on the feet. Then, typi-
cal stride patterns were identified from these continuous gait recordings.
The signal should be subdivided accurately and robustly into individual
strides. For each individual stride the gait events and spatio-temporal pa-
rameters have to be calculated from the inertial sensor data to character-
ize disease typical gait impairments. Finally, spatio-temporal parameters,
potentially combined with signal features from the IMU data, can be used
to develop a novel score to rate movement impairments. For this, ma-
chine learning algorithms were trained with sensor data labeled with the
severity of movement impairments.

In the next paragraphs the existing literature is analyzed regarding
each development step of the mobile gait analysis system.
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Figure 1.2: The development of a mobile gait analysis system to qualify disease
specific impairments is subdivided into an inertial sensor-based recording of
movements, the identification of single strides, the calculation of typical gait pa-
rameters and a machine learning based estimation of gait impairments.

Stride Segmentation on Inertial Sensor Data

The first part in developing a system for sensor-based gait analysis is an
accurate and robust segmentation of single gait cycles during walking.
An algorithm for stride identification should be able to segment strides
from typical gait tests as well as free movements during daily activities.
A clear distinction between strides and other cyclic movements and the
definition of stride start and end is essential in this context. The next para-
graphs and Table 1.1 provide an overview of the state-of-the-art methods
for stride segmentation from inertial sensor data.

Several algorithms for single stride analysis from accelerometer-
derived data only are based on peak detection methods [Sell 05, Dera 10,
Libb 09]. Other studies [Trun 12, Casa 14, Rebu 13, Hund 13] have used
clearly defined signal characteristics like peaks or zero crossings in gyro-
scope and accelerometer data to determine first gait events such as toe
off, heel strike, and stance phase. These gait events are used to identify
the stride start and end. For example, Hundza et al. [Hund 13] used the
gyroscope zero crossings to determine the initiation and termination
of forward swing, defining toe off, and heel strike. These methods only
perform well if the sensor signals consist mainly of straight walking
sequences. However, if strides need to be extracted from a free walk, as in
the case of daily life activities at home, also sequences from e.g. climbing
stairs might be miss-interpreted as strides. With peak detection or gait
event identification, there is no study available that shows a valid stride
segmentation from free walking data.
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Literature about algorithms to recognize and segment strides from IMU data

Author & article Methodology
Sensor

type
Stride

borders
Free

walking

Aminian et al. [Amin 02] Wavelet-based decomposition and threshold-based
event detection

G Yes No

Brauner et al. [Brau 09] Peak detection in gyroscope signal prior to ground
contact

G No No

Casamassima et al. [Casa 14] Peak detection and gait events to define stride borders A&G No No

Derawi et al. [Dera 10] Peak detection from filtered signals A No No

Ferrari et al. [Ferr 15a] Stride identification by gait event detection A&G Yes No

Gouwanda et al. [Gouw 09] Wavelet-based decomposition and threshold-based
event detection

A&G Yes No

Han et al. [Han 06] Stride phase classification A Yes Yes

Hundza et al. [Hund 13] Stride identification by gait event detection G Yes No

Khandelwa et al. [Khan 14] Gait event detection with wavelet transformation A Yes Yes

Libby et al. [Libb 09] Peak detection from filtered signals A No No

Mannini et al. [Mann 12] Gait event detection by Hidden Markov Models G Yes No

Rebula et al. [Rebu 13] Detection of zero velocity points A&G Yes No

Sabatini et al. [Saba 05b] Stride phase identification from gait events G Yes No

Salarian et al. [Sala 04] Threshold optimized peak detection G No No

Selles et al. [Sell 05] Threshold based peak detection to determine gait
events

A Yes Yes

Trung et al. [Trun 12] Heel strike classification A No Yes

Ying et al. [Ying 07] Peak detection compared to template matching A No No

Table 1.1: Overview of relevant literature for stride segmentation algorithms from inertial sensor data. Including a short descrip-
tion of the methodology, the sensor type (A: accelerometer; G: gyroscope), the stride borders (Yes, if the stride start and end is
recognized; No, if only a stride identification is performed) and if the algorithm can be used in a free walking scenario.
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Chapter 1. Introduction

Aminian et al. [Amin 02] used gyroscopes on the shin and thigh to
identify strides during straight walking. This work was based on wavelet-
based decomposition and threshold-based event detection. Gouwanda
et al. [Gouw 09] used the same approach but they decomposed the sig-
nal twice to identify the heel strike and toe off events directly. Khandel-
wal and Wickström [Khan 14] combined wavelet transform with known
gait features to extract gait events from accelerometer data during out-
door walking. Even though these wavelet-based methods were success-
fully implemented, they aimed at the identification of gait events from a
single sensor modality. None of them focused on an accurate identifica-
tion of strides from free walking scenarios using combined sensor data.

A sequential stride phase classification algorithm is another possibil-
ity for segmenting strides from continuous walking. In this approach, in-
stead of segmenting the complete stride sequence, single stride phases
are detected and the correct order of these stride phases are used to define
a stride. This methodology applied to accelerometer data was proposed
by Han et al. [Han 06]. Other groups used gyroscope-based systems to
apply sequential stride phase identification algorithms [Saba 05b]. They
isolated the four gait phases stance, heel off, toe off, and heel strike by con-
structing threshold-based conditions using a-priori knowledge. However,
the method of Han et al. is not applied to fused sensor data and the work
of Sabatini et al. is developed for straight walking only. Further, the stride
phase classification approach was also implemented using a four-state
left-right Hidden Markov Model [Mann 12, Mann 11]. A potential prob-
lem of the Markov Model approach is the detection of strides from ab-
normal gait, which was also discussed by Mannini et al. [Mann 12]. Signal
patterns of single gait phases with high variabilities or abnormal patterns
can reduce the accuracy and were not tested so far.

Template-based cross-correlation methods have also been used for
stride segmentation using accelerometer [Ying 07] data. The disadvan-
tage of these method is that the stride template has a fixed length and
form, and thus it is not adaptable to different stride lengths and stride
times.

There is a variety of approaches for stride identification or segmen-
tation of which the most relevant algorithms with their respective prop-
erties are summarised in Table 1.1. Many of them are based on peak de-
tection or gait event identification. They are limited by the presumption
of signals from straight walking sequences and are thus not applicable for
the stride segmentation from free walking. The problem is mainly the cor-
rect and robust separation between specific gait cycles and other cyclic
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non-gait movement such as climbing stairs. For further signal process-
ing it is also important to get a well defined stride start and end point.
These stride borders are the basis for the reliability of the gait parameter
calculation. Additionally, current inertial sensor-based systems mostly
use a combination of accelerometers and gyroscopes to record gait data
[Mari 10, Saba 05b, Breg 14]. Currently there are no methods available
that exploit this combined sensor data, e.g. from accelerometer and gyro-
scopes, and allow the identification of gait cycles from specific gait exam-
inations, free walking tests as well as movements in home environment.

Inertial Sensor-based Stride Parameter Calculation

Once strides are identified, typical gait parameters can be calculated from
inertial sensor signals (Table 1.2). These calculations are the basis for a
clinical characterization of human gait and give physicians an objective
measurement to track changes in gait and improve their clinical decision
making. By identifying gait events such as heel strike, temporal parame-
ters like stride times can be calculated directly from the raw sensor signals.
The calculation of spatial parameters like stride length or foot clearance
requires more sophisticated algorithms that have to solve processing is-
sues such as integration of noisy signals or sensor drifts. The next para-
graphs and Table 1.3 give an overview of existing literature for gait param-
eter calculation from inertial sensor data.

Stride parameters

Temporal Spatial

stride time stride length

swing time stride velocity

stance time angles

cadence foot clearance

Table 1.2: Spatio-temporal stride parameters that can be calculated by IMUs.

Several studies showed that a spatio-temporal gait analysis can be done
with gyroscopes only [Amin 02, Sala 04, Dohe 10, Mann 12]. The orienta-
tion of the sensor can be determined with the measurement of angular
velocity. The identification of gait events like heel strike or toe off helps to
calculate temporal parameters like stride, swing and stance time and have
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Literature about gait parameter calculation from IMU data

Author & article Methodology
Sensor

type
Sensor

position
Gait

parameters
Subjects

Validation
system

Aminian et al. [Amin 02] Temporal stride parameter validation and spa-
tial stride parameter estimation

G Shank, thigh ST, StPh, DS, SL, SV 20 healthy Pressure insoles

Bamberg et al. [Bamb 08] Spatio-temporal stride parameter validation G&A Heel SV, SL, ST, StPh, SA 10 healthy, 5 PD IR LED tracking

Bötzel et al. [Botz 16] HS and TO validation G&A Shank HS, TO 14 healthy moCap

Brégou Bourgeois et al. [Breg 14] Spatial stride parameter validation G&A Instep SV, SL, TA, SA 14 healthy, 14 CP moCap

Doheny et al. [Dohe 10] Spatial stride parameter validation G Shank SL, SV 7 healthy GAITRite

Ferrari et al. [Ferr 15a] Stride parameter validation (combines ZUPT
and Kalman filters)

G&A Instep SL, ST, SV 12 healthy, 16 PD GAITRite

Greene et al. [Gree 10a] HS and TO validation G Shank HS, TO 9 healthy Force plates

Greene et al. [Gree 12b] Spatio-temporal stride parameter validation G&A Shank ST, StPh, SwT, SL, SV 3 healthy GAITRite

Mannini et al. [Mann 12] HS and TO with Hidden Markov Models G Instep HS, TO 6 healthy moCap

Mariani et al. [Mari 10] Spatial stride parameter validation G&A Heel SL, SV, FC, TA 20 healthy moCap

Mariani et al. [Mari 12] Spatial stride parameter validation G&A Instep HC, TC 12 healthy moCap

Mariani et al. [Mari 13] Temporal stride phase validation G&A Instep FF, SPh 10 healthy, 12 AO,
11 TAR, 9 AA

Pressure insoles

Rebula et al. [Rebu 13] Spatio-temporal stride parameter validation G&A Heel SL, ST, SW 9 healthy moCap

Sabatini et al. [Saba 05b] Spatio-temporal stride parameter validation G&A Instep ST, SwT, StPh, SL 5 healthy moCap

Salarian et al. [Sala 04] Application and estimation of spatio-temporal
stride parameters

G Shank, thigh ST, SL, SV, DS 10 healthy, 10 PD Camera

Trojaniello et al. [Troj 14] Spatio-temporal stride parameter validation G&A Ankle SV, ST, StPh, SwT, SL 10 healthy, 10 PD,
10 HP, 10 CC

GAITRite

Table 1.3: Literature overview of gait parameter calculation algorithms from inertial sensor data. Including a short description
of the methodology, the sensor type (A: accelerometer; G: gyroscope), the sensor position, the gait parameters (ST: stride time,
SwT: swing time, StPh: stance phase time, SL: stride length, DS: double support time, SV: stride velocity, SW: stride width, HC:
heel clearance, TC: toe clearance, TA: turning angle, FF: foot flat, SA: stride angles, HS: heel strike event, TO: toe off event),
the number of subjects including the type of disease (PD: Parkinson’s disease, CP: cerebral palsy, AO: ankle osteoarthritis, TAR:
total ankle replacement, AA: ankle arthrodesis, HP: hemiparesis, CC: choreic movement disorder) and the reference system for
parameter validation (moCap: optical motion capturing system, GAITRite: instrumented sensor mat, IR LED tracking: a system
that track infrared LEDs mounted on the body).
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to be detected as accurate as possible. With an accelerometer the deceler-
ation during a heel strike can be identified more accurate than with a gy-
roscope. Thus accelerometers provide additional information to improve
temporal and especially spatial parameters. A double integration of the
acceleration leads to the distance. Combined with the information of the
sensor orientation from the gyroscope it is possible to calculate a set of
spatio-temporal parameters (Table 1.2) [Saba 05a, Saba 05b, Mari 10]. To
get the best sensor position for this kind of gait analysis, Peruzzi et al. an-
alyzed different sensor mountings on the feet for IMU based gait parame-
ter calculation [Peru 11]. They found that the preferable foot locations are
the calcaneus and the lateral aspect of the rearfoot, especially for spatial
parameters.

Integration of the angular velocity from the gyroscope signal to get the
orientation and the double integration of the accelerometer signal leads
to a strong amplification of the sensor noise. Due to thermal-mechanical
and electronic noise, this adds a drift to the signal which is nonlinear
related to the integration time and must be compensated before para-
meters can be extracted [Thon 04]. For example, Ferrari et al. used a
Kalman filter to remove the influence of noisy sensor data [Ferr 15a] and
the state-of-the-art method for drift compensation: the zero velocity up-
date proposed by Verplaetse et al. [Verp 96] and analyzed in more detail
by Skog et al. [Skog 10]. There is a small time frame in each gait cycle,
the mid stance, were zero velocity can be assumed. Between two se-
quent strides the drift can be modeled as a function between these zero
velocity points and can be subtracted from each stride signal. Most of
the studies used a linear model to define this drift compensating func-
tion [Saba 05a, Bamb 08, Saba 05b]. Mariani et al. was the first who pub-
lished a nonlinear shaped drift function [Mari 10]. Specifically, they pre-
sented an accurate algorithm for stride length calculation with a sigmoid
shaped drift model that takes into account that most of the measurement
errors occur during swing phase. So the drift is subtracted mainly during
the swing phase but not in the stance phase of a stride. The findings in
that work indicate that with more sophisticated drift models a further im-
provement of the spatial gait parameter calculation can be achieved. One
example can be the adaption of the function parameters of the drift mo-
del to the individual stride length and time. To find the best model and
the best algorithm parameters the gait parameter calculations have to be
validated with reference data.
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Chapter 1. Introduction

Different validation procedures for stride parameter calculation from
inertial sensors have been proposed in the literature. An established gold
standard for gait parameter calculation is the GAITRite system [Ferr 15a,
Troj 14, Gree 12b, McDo 01, Verg 09, Dohe 10, Kres 04]. The instrumented
walkway GAITRite is built up of a mat with embedded pressures sensors.
Many relevant gait parameters, stride length, stride time, swing time and
stance time, can be validated by the usage of this system. Although this
system is stationary, it is easy to use and an accepted and valid gold stan-
dard system for gait parameter calculation [Nels 02]. With a system like
the GAITRite a large amount of data can be recorded and due to the non-
obtrusive usage, also patients with altered gait can be recorded. However
the GAITRite system has a limited spatial resolution of 1.27 c m and the
validation of 3D gait parameters is not possible. Therefore also a camera
based system should be used for gait parameter validation.

Camera based motion tracking systems are more accurate and are able
to track spatio-temporal gait parameters. The usage of such a tracking
system needs a fixed marker setup of the body segments that should be
measured. Research groups increasingly use this kind of reference system
to validate the mobile parameter calculation systems [Rebu 13, Botz 16].
The group of Aminian et al. published several studies that showed a val-
idation of inertial sensor-based gait parameter calculation with optical
motion capture systems. In 2010 Mariani et al. mounted inertial sensors
on the shoes to calculate stride length, foot clearance and turning angles
[Mari 10]. These parameters were calculated from the sensor data of 10
young and 10 elderly subjects and compared to an optical motion captur-
ing system. Another study of this group focussed on the validation of mid
stance calculation and heel and toe clearance estimation of 12 healthy
young adults [Mari 12]. For a further validation of their system with dif-
ferent kinds of altered gait, they analyzed the 3D path length of the foot
during walking from PD patients in an ON and OFF stage [Mari 13] to get
information of the disease specific impairments. During the ON state, the
medication is active and motor performance is improved while in OFF
state there is no effect of medication. Additionally they determined and
validated the foot angles from healthy children and children with cere-
bral palsy and showed significantly higher inter-stride variability for the
second group [Breg 14].

The handling of altered gait causes often problems in the automated
recognition and analysis of stride features from inertial sensors. The work
of Greene et al. [Gree 10a] points out that algorithms have difficulties de-
tecting temporal gait events like initial contact or terminal contact when

18



1.2. Related Literature

e.g. shuffling gait is recorded. Gait analysis methods often were validated
with young and healthy subjects [Mann 12, Saba 05a, Dohe 10, Mari 10] as
well as elderly healthy subjects [Amin 02]. There are only a few studies like
[Sala 04, Bamb 08, Ferr 15a], where patients with PD or subjects with an-
kle impairments [Mari 13] or other neurological movement impairments
[Troj 14] were addressed. Furthermore the existing studies, which are
summarized in Table 1.3, are limited by a low number of test subjects,
usually substantially less than 30 subjects. An exception is the work by
Mariani et al. [Mari 13] who included 42 participants or Trojaniello et al.
or [Troj 14]who included 40 participants. To investigate the performance
in a real world scenario, it is important to develop and validate the algo-
rithms on a greater amount of subjects with gait alterations.

A shortcoming of all studies for stride parameter validation based on
IMU calculations is a data evaluation on a highly diverse population (Ta-
ble 1.3). Ideally evaluation is conducted on a population that shows high
variability in the parameters that are most relevant to characterize a sub-
ject. Since gait analysis is commonly used to examine disease related pat-
terns, it is important to validate the measured parameters on a dataset of
both healthy and altered gait. There is currently no study that covers a
high variability in age, stride length, stride times and sex of the subjects.
However, this is crucial to ensure that the algorithms are applicable in an
universal way. For an easy utilization of the system in daily clinical rou-
tine, it is also important to reduce the manual input. For example, the sys-
tem of Mariani et al. [Mari 12] relies on the manual entry of the subject’s
shoe size to calculate the foot clearance. In addition, a further reduction
of sensor drift and more reliable determination of gait events, such as heel
strike or toe off, is desirable.

Recognition and Classification of PD Related Movement Impairments

The rating system for disease typical gait impairments was substantially
improved by employing advanced machine learning and pattern recogni-
tion techniques. The IMU sensor data from gait and movement tests that
is used for gait parameter calculation, can also be used to calculate sta-
tistical and frequency features. Combined with classification algorithms
these features can support the discrimination of, for example, PD patients
and healthy controls. A summary of articles focusing on the classification
of PD typical impairments is given in Table 1.4 and a more detailed de-
scription of the literature provided in the next paragraphs.
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Literature about recognition and classification of PD typical movement impairments

Author & article Methodology
Analysis

type
Sensor

type
Sensor

position
Subjects Test

Baechlin et al. [Bach 10] Frequency analysis of the signal to detect FOG Threshold based A Shank 10 PD Walking

Bonato et al. [Bona 04] Recognition of the presence and severity of mo-
tor fluctuations

Threshold based A&EMG Arms, shins,
thighs

2 PD Sitting,
tapping,

sit-to-stand,
walking

Greene et al. [Gree 12a] Classification of fall risk with machine learning
techniques

RDA classification G&A Shin 226 elderly TUG

Keijsers et al. [Keij 06] Classify medication On /Off state based on the
symptoms hypokinesia, bradykinesia, tremor

Neural networks A Arms, trunk,
shanks

23 PD Daily life
activities

Lopane et al. [Lopa 15] Sensor-based dyskinesia monitoring at home
by classification

LDA classification G&A Waist 18 healthy,
64 PD

Standing,
sitting

Mancini et al. [Manc 11] Statistical parameter comparison to analyze
postural stability

Statistical analysis G&A Trunk 12 healthy,
13 PD

Standing

Moore et al. [Moor 08b] Frequency analysis of the signal to detect FOG Threshold based G&A Thigh 11 PD Walking

Patel et al. [Pate 09] Classification of the symptoms tremor, bradyki-
nesia, dyskinesia

SVM classification A Arms, shins,
thighs

12 PD Hand
movement

Ramsperger et al. [Rams 16] Frequency analysis of the signal to detect dysk-
inesia

Threshold based G&A Ankle 13 healthy,
23 PD

Daily life
activities

Roiz et al. [Roiz 10] Statistical parameter analysis and correlation to
rating scales in PD

Statistical analysis moCap Arms, legs,
trunk

15 healthy,
12 PD

Walking

Salarian et al. [Sala 04] Statistical comparison of calculated gait fea-
tures to analyze DBS

Statistical analysis G Weet, arms,
trunk

10 healthy,
10 PD

Walking

Table 1.4: Overview of the most relevant literature for the recognition and classification of PD typical movement impairments.
Including a short description of the methodology (FOG: Freezing of gait, DBS: Deep brain stimulation), the kind of data analysis
in the article (RDA: Regularized discriminant analysis, LDA: Linear discriminant analysis, SVM: Support vector machine), the
sensor type (A: accelerometer, G: gyroscope, EMG: electromyography, moCap: optical motion capturing system), the sensor
position, the subjects (PD: Parkinson’s disease) and the movement test (TUG: Timed up and go).
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Sensors to record and classify motor signs of gait impairments in an
objective way are already common in many scientific areas. One example
is the analysis of hundreds of features derived from gait signals with the
aim to find, for example, information why runners develop patellafemoral
pain syndrome [Esko 12]. In this prospective study the data of 153 subjects
was analyzed. During the study 6 subjects developed gait impairments
associated with severe patellafemoral pain syndrome. From that data 24
biomechanical movement features were extracted and after a data ana-
lysis with AdaBoost and cross-validation only one single feature (the hip
flexion-extension moment) perfectly separated the asymptomatic from
the symptomatic group. This study serves as an example for the power
of a data-driven analysis of movement data to recognize disease related
impairments. The applicability of such systems in PD was already pub-
lished in 2004 by Bonato et al. [Bona 04]. An aim of our study is to find
statistical or biomechanical features or a combination of them to provide
information about PD typical impairments from gait data.

The groups of Mancini et al. [Manc 11] and Salarian et al. [Sala 04] tar-
geted an analysis of biomechanical data, by developing a movement ana-
lysis system with inertial sensors on the feet, arms and trunk. They per-
formed a gait parameter calculation for gait and balance analysis mainly
in PD and elderly people. However, the group used simple statistical
methods and no machine learning algorithms to compare parameters
from patients to age-matched healthy controls. With machine learning
algorithms a method can be developed that allows an automated classifi-
cation of disease related impairments and can highlight features that best
describe the impairment.

An online detection and monitoring of freezing of gait events was pub-
lished by Baechlin et al. and Moore et al. [Bach 10, Moor 08b]. Both groups
mounted accelerometers on shank or thigh and recorded patients while
walking. The system was built to give an alert when freezing events oc-
cur. Their algorithms are based completely on frequency analysis and a
threshold based parameter evaluation. A data-driven machine learning
approach has large potential to further improve on the results presented
in that kind of studies.

Different research groups analyzed specific PD related symptoms
from IMU sensor data. In 2009, Patel et al. built a system to monitor
motor fluctuations in PD by analyzing motion data with machine learn-
ing techniques [Pate 09]. Different tests were performed while the pa-
tients sat on a chair and data was captured from accelerometers on arms,
thighs and shins. Classification algorithms were used to rate the sever-
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ity of tremor, bradykinesia and dyskinesia. The analysis of dyskinesia in a
home environment was also the aim of Lopane et al. and Ramsperger et
al. [Lopa 15, Rams 16]. Lopane used a waist worn IMU unit to record data
from standing and sitting tests, whereas Ramsperger used IMUs fixed on
the ankles during daily life activities, both to detect dyskinesia. Another
assessment of symptoms was done by Keijsers et al. [Keij 06]. They used
accelerometer data to detect periods during a day were the symptoms hy-
pokinesia, bradykinesia and tremor appear. Only four highly specific fea-
tures were calculated and classified with neural networks in the work of
Keijsers. These studies present the possibility of a symptom specific ana-
lysis of movement impairments in PD. A larger amount of data, the usage
of gyroscopes and accelerometers at once and a specialization to one ex-
tremity can improve the classification results and may allow not only the
rating of single symptoms, but the complex pattern of all cardinal symp-
toms in PD at once.

The group of Roiz et al. used data from a motion capturing system
to calculate gait parameters from 12 PD patients and compared the pa-
rameters to age matched controls [Roiz 10]. Spatio-temporal as well as
kinematic data was correlated with common rating scales to rate PD in
general. They found statistical significant correlations with parts of the
UPDRS score. These results confirm the possibility of a general rating
of PD specific impairments. However, they used a laboratory bounded,
camera based motion capturing system and investigated only a correla-
tion of individual features. A prediction of new and unseen datasets is not
possible without a trained machine learning algorithm.

Most of the studies listed here use a simple threshold to characterize
gait abnormalities or a statistical analysis between considered groups 1.4.
In the studies with a small amount of included subjects no machine learn-
ing algorithms were used to differentiate between patient groups or be-
tween patients and controls. With a small group of subjects it is possible to
work out statistical differences between groups or to consider correlations
of features from sensor signals with clinical ratings. However, if we con-
sider e.g. the work of Greene et al. [Gree 12a], there is the possibility to use
movement data from inertial sensors to objectively classify impairments.
They used recordings of 226 subjects and trained a classifier to recognize
the fall risk in elderly. A similar approach would be desirable for PD pa-
tients, but hasn’t been described in the literature. With a large dataset and
machine learning algorithms trained to recognize disease specific impair-
ments, it is possible to detect PD typical impairments. To go even further,
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the system could potentially assess and analyze the severity of an individ-
ual patient’s impairments.

Rating of the Severity of Movement Impairments in PD

The continuous rating of motor symptoms in PD supports the diagnosis,
defines the disease stage, and serves as major primary outcome param-
eter in clinical studies and care. Currently, such a continuous rating is
done only from movement disorder specialists. As described in chapter
1.2.2 there are novel approaches to technically assess single symptoms.
Further, gait and stride parameters can be used to analyze correlations
with disease severity. A technical assessment of the complete movement
impairment can help to eliminate the high inter-rater variability of a hu-
man rating [Rich 94] and could provide clear and distinct thresholds for
an improvement or worsening. A complete overview of relevant studies
to rate the severity of movement impairments is provided in Table 1.5 and
further described in the next paragraphs.

Several studies, such as the one by Heldman et al. [Held 12], recorded
movement data to investigate correlations with typical rating scales. In
[Held 12], Heldman et al. predicted the four gait related items of the
UPDRS motor score with data from gyroscopes on the heel. Further-
more the authors used inertial sensors on the index finger to capture data
from activities of daily living and quantified essential tremor [Held 11b],
bradykinesia [Held 11a] or all of them to test for reliability of the scores
[Held 14]. Another group, around Brewer and Pradhan, analyzed the fin-
ger pressure of Parkinson’s patients to predict the UPDRS motor score
[Brew 09]. These studies showed promising results, however, most of
them on the analysis of data from upper extremities. Another limitation
of many studies is that they only consider single items of disease related
rating scales like the UPDRS.

Quantitative digitography was used by Tavares et al. to evaluate the
finger tapping of PD patients with a musical keyboard as computer inter-
face [Tava 05]. Already single parameters derived from this system had a
significant correlation with the UPDRS motor score. A high dependency
between single parameters and the rating of motor symptoms can be the
basis for a multiparametric regression model to predict the current state
of movement impairment. However in these studies no unseen test group
was used to evaluate the performance of the developed systems.
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Literature about the rating of the severity of disease specific impairments

Author & article Methodology
Analysis

type
Sensor

type
Sensor

position
Subjects Test

Brewer et al. [Brew 09] Prediction of the UPDRS motor score Regression
analysis

Pressure
sensor

Finger 26 PD Sine wave
drawign

Cancela et al. [Canc 10] Prediction of the UPDRS item bradykinesia Classification
experiments

A Trunk, belt,
limbs

20 PD Daily
activities

Giuberti et al. [Giub 13] Analysis of UPDRS item leg agility by wearable sensors Parameter
calculation

G&A Legs 1 healthy,
1 PD

Leg
movement

tests

Giuberti et al. [Giub 14] Analysis of the relation of objective parameters to UPDRS
item leg agility

Parameter
calculation

G&A Legs 24 PD Leg
movement

tests

Giuffrida et al. [Giuf 09] Prediction of tremor items of the UPDRS Linear regression G&A Finger 60 PD Arm
movement

tests

Heldman et al. [Held 11a] Correlation of bradykinesia item of the UPDRS from sen-
sor data

Statistical analysis G&A Finger 50 PD Hand
movement

tests

Heldman et al. [Held 11b] Correlation of essential tremor to clinical ratings Linear regression G&A Finger 10 ET Hand
movement

tasks

Heldman et al. [Held 12] Prediction of gait related UPDRS items from sensor data Linear regression G&A Heel 42 PD Leg
movement

tests

Heldman et al. [Held 14] Reliability and minimal detectable change assessment of
single UPDRS items

Linear regression G&A Finger 13 PD Resting and
finger

tapping

Parisi et al. [Pari 15] Automated scoring of the UPDRS items leg agility, sit to
stand, gait

Classification
experiments

G&A Thingh, chest 34 PD Leg
movement

tests

Salarian et al. [Sala 07] Prediction of bradykinesia and tremor items of the UPDRS
on an unseen test group

Frequency
analysis

G Forearms 10 healthy,
21 PD

Daily
activities

Tavares et al. [Tava 05] Correlation of measured data to UPDRS bradykinesia
items

Statistical analysis Keybaord Finger 33 PD Finger
tapping

Table 1.5: Overview of the most relevant literature for severity rating of disease specific movement impairments. Including a
short description of the methodology, the kind of data analysis in the article, the sensor type (A: accelerometer; G: gyroscope),
the sensor position, the subjects (PD: Parkinson’s disease, ET: Essential tremor) and the movement test. 24
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Many groups in this area of research did not focus on the prediction of
a complete rating scale like the UPDRS motor score, but on the prediction
of single items of rating scales which correspond to typical symptoms of
impairments [Sala 07, Giuf 09, Held 12, Giub 13, Giub 14, Canc 10, Pari 15].
The group of Giuffrida for example used finger worn motion sensors to
give a nearly perfect measurement of the resting tremor of upper extremi-
ties, which is one item of the UPDRS motor score [Giuf 09]. Also the tremor
and additionally the bradykinesia sub-score was measured in Salarian et
al. on the upper arm with gyroscopes [Sala 07]. Cancela et al. analyzed
and predicted the UPDRS item bradykinesia from activities of daily liv-
ing from accelerometer data on the upper body [Canc 10]. A automated
scoring of the UPDRS items leg agility, sit to stand and gait with the classi-
fication of sensor data from gyroscopes and accelerometer mounted on
the thighs and chest was done by Parisi et al. [Pari 15]. These studies show
that it is possible to get meaningful information out of inertial sensor sig-
nals, which can be used to establish a more complete UPDRS motor score
rating or to develop a novel score created for the measurement of impair-
ments with inertial sensors.

Important symptoms in the diagnosis of PD are the typical gait disor-
ders. For that reason many studies investigate the PD typical gait changes
with mobile sensors (e.g. [Mari 13, Ferr 15a, Bamb 08]). There is also a sig-
nificant dependency between disease duration and the movement im-
pairment that can be assessed with the UPDRS motor score [Harr 09].
However, there were no studies so far, which consider both aspects and
use stride parameters and features from gait tests to give an automated
and more objective score for the rating of disease stage and progression.

There were different approaches proposed in the literature to pre-
dict disease related movement impairments. On the one hand research
groups aim to predict the complete UPDRS motor score with data from
movement sensors. On the other hand there were studies that aim on
the prediction of single UPDRS items. Both approaches have disadvan-
tages, a complete overall score like the UPDRS can not be predicted by
the movement of single extremities, and single sub-items are not mean-
ingful to rate a complete disease stage, therefore the idea is to predict a
data-driven sub-score of the UPDRS motor score.

No instrumented score to rate gait impairments only in PD is currently
available that can be used as a complementary score and is not built to re-
produce the subjective and nonlinear clinical rating 1.5. Here, we aim to
provide an instrumented score assessing gait impairment in PD for the in-
dividual patient that is correlating with the UPDRS motor score, but being
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complementary to it. The aim is not to replace the UPDRS, but provide
the community with an objective alternative. A complete evaluation of
such an innovative score on a dataset with training and unseen test data
is novel in the sense that studies mainly focused on the correlation be-
tween specific features and the UPDRS motor score.

1.3 Related Patents

Already published patents to gait parameter calculation and automated
rating of disease specific movement impairments from inertial sensors
are listed below in chronological order. Because there are several hun-
dreds of patents regarding gait analysis with inertial sensors 1 , the most
relevant ones were considered in more detail. For additional patents of
lower relevance see Table A.1. Patents which are directly associated to an
above mentioned research group were linked to them. Similarities as well
as differences and limitations to the system described in this thesis were
separately listed.

• The patent of Hutchings et al. System and method for measuring
movement of objects affects possibly the zero velocity update
procedure [Hutc 00]. Claim 16 says “The system [. . . ] wherein said
accelerometers are configured to be calibrated when said user’s
shoe is resting on a surface”. It also claims the calculation of dis-
tance by double integrating measured acceleration with following
2-norm of cumulated position vector.
Similarities: They use a zero velocity update to reduce the bias and
a double integration to calculate the distance.
Differences & Limitations: The main difference is the sensor
placement in the insole.
Legal status: Granted (US), Pending (WO)

1 patent search for the keyword combination gait, accelerometer and gyroscope results in
over 2000 matches
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• Aminian et al. introduced a Body movement monitoring device
where a wavelet transform was used to compute gait parameters
from angular velocity of lower limbs [Amin 09]. Gyroscopes were
attached on both thighs and shanks. This patent is the basis of
further research of e.g. Mariani et al. [Mari 10].
Similarities: The idea to use gyroscope data for stride and angular
velocity for gait event identification is similar to our approach.
Differences & Limitations: The main differences to our system is
the usage of gyroscopes only and the sensor mounting on thighs
and shanks.
Legal status: Granted (US, EP, DE), Pending (WO)

• Hanawaka et al. applied for the patent Gait analysis system in 2008
[Hana 08]. The system consists of a wireless sensor mounted at the
foot, a recording unit and algorithms for gait parameter calculation.
In the patent the calculation of velocity and distance by integrating
gyroscope and accelerometer signals, including the correction of
errors with drift models, is claimed.
Similarities: They claim a similar gait parameter calculation and
sensor mounting including error correction with drift models.
Differences & Limitations: No further analysis and calculation of
gait impairment related scores is claimed by this group.
Legal status: Pending (US)

• Mariani et al. claimed the invention of a mobile System and method
for 3d gait assessment [Mari 16]. A system is described which
uses inertial sensors mounted directly on the shoe to determine
temporal foot parameters based on gait events. A quaternion based
integration method for stride length calculation is described. The
sensor drift is compensated using a drift function which is aligned
at mid stance points. The patent is directly related to the research
manuscript of Mariani et al.[Mari 10].
Similarities: They claim a similar calculation procedure for gait
parameters with inertial sensors.
Differences & Limitations: A different sensor placement on the
shoe is used and different methods for gait event detection and
drift elimination.
Legal status: Granted (US), Pending (WO, EP)
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• The group of McNames applied for the patent Method, apparatus,
and system for characterizing gait [McNa 14]. The patent appli-
cations claims a method for gait characterization with two or
more wireless IMUs. Drift errors were also corrected with the zero
velocity update. They explicitly describe the method for a template
based stride segmentation.
Similarities: A similar approach to calculate gait parameters from
accelerometer and gyroscope data, including the zero velocity
update procedure, is claimed in this patent.
Differences & Limitations: They use a different sensor mounting
on thighs and shanks and use additional magnetometer data to
calculate parameters.
Legal status: Pending (US)

• A different approach for a Gait analysis method and gait analysis
system based on pattern recognition techniques was published by
Jeen-Shing Wang [Wang 14]. This group used a dynamic threshold
based method for classification of gait according to previous iden-
tified gait phases.
Similarities: An inertial sensor-based calculation of gait parame-
ters is claimed from Wang et al..
Differences & Limitations: The group of Wang et al. used pattern
recognition approaches to determine stride phases already for gait
parameter calculation and not for a further characterization of
impaired gait.
Legal status: Granted (CN), Pending (US)
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• Greenberg et al. successfully applied for the patent System and
apparatus for continuous monitoring of movement disorders
[Gree 14a]. This system is usable to record movement during
normal daily activities in the clinic, at home, and other normal
daily life environments. The patent is related to products from the
company APDM Inc., Portland, USA.
Similarities: They claimed a complete system and platform for
continuous monitoring of movement.
Differences & Limitations: No further analysis and calculation of
gait impairment related scores is claimed by this group. No exact
description of sensor mounting and parameter calculation is given
in this patent. The focus lies in the hardware of the movement
disorders monitoring system.
Legal status: Granted (US)

Country codes: DE (Germany), US (United States of America), CN
(China), EP (European Patent Office), WO (World Intellectual Property Or-
ganization)

1.4 Related Products

Different products for mobile gait analysis and rating of disease specific
movement impairments are already available. The most important with
reference to this thesis are listed below.
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Product / Company: QTUG / Kinesis, Dublin, Ireland
Sensors: Accelerometer, gyroscope
Sensor position: Mid-point of the anterior shank,

fixed with elasticated bandage
Field of application: Mobility and fall risk assessment
Most important parameters: Fall risk score and standard gait

parameters
Movement tests: TUG
Related publications and patents: [Gree 14b]
Medical device: Yes
Notes: Output of patient trend curves

and comparison to reference data

Figure 1.3: Kinesis QTUG product illustration. Image downloaded from
www.kinesis.ie in November 2016.
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Product / Company: Mobility Lab / APDM, Portland,
USA

Sensors: Accelerometer, gyroscope, mag-
netometer

Sensor position: Version 1: waist and ankles (min-
imum for gait analysis); Version 2:
instep of each foot

Field of application: Instrumented gait tests, medicine
and sports

Most important parameters: Spatio-temporal gait parameters
Movement tests: TUG, long walk, stand and walk,

posture
Medical device: No
Related publications and patents: [McNa 14, Gree 14a]

Figure 1.4: APDM Mobility Lab product illustration. Images downloaded
from www.apdm.com in November 2016.
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Product / Company: Physiolog / GaitUp, Lausanne,
Switzerland

Sensors: Accelerometer, gyroscope, mag-
netometer

Extremity: Instep of each foot
Field of application: No specific focus, e.g. PD or geri-

atrics
Most important parameters: Spatio-temporal gait parameters
Movement tests: TUG, long walk, stand and walk
Related publications and patents: [Mari 10, Mari 12, Mari 13,

Amin 09, Mari 16, Amin 02,
Breg 14]

Medical device: No
Notes: Comparison to reference data

possible

Figure 1.5: GaitUp Physiolog product illustration. Image downloaded
from www.gaitup.com in September 2016.
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Product / Company: RehaGait / Hasomed, Duessel-
dorf, Germany

Sensors: Accelerometer, gyroscope, mag-
netometer

Extremity: Lateral below ankle of each foot
Field of application: No specific focus, e.g. PD, geri-

atrics, stroke or orthopedics
Most important parameters: spatio-temporal gait parameters
Movement tests: Straight walk
Related publications and patents: [Schw 11]
Medical device: No
Notes: Output of patient trend curves

and comparison to reference data

Figure 1.6: Hasomed RehaGait product illustration. Image downloaded
from www.hasomed.de in September 2016.
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Product / Company: LegSys / BioSenics, Watertown,
USA

Sensors: Accelerometer, gyroscope, mag-
netometer

Extremity: On both ankles
Field of application: Instrumented gait tests, medicine
Most important parameters: Spatio-temporal gait parameters
Movement tests: Long walk, stand and walk
Related publications and patents: [Amin 02]
Medical device: Yes
Notes: Healthy normative data for com-

parison

Figure 1.7: BioSenics LegSys product illustration. Image downloaded
from www.biosensics.com in December 2016.
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1.5 Aims and Contributions of the Thesis

The aims of this thesis are summarized according to the step by step de-
velopment procedure (Fig. 1.2). The most important contributions to re-
search are marked in the following list:

1. Assessment of gait data with inertial sensors

• The assessment of movement and especially movement im-
pairments was one aim of this thesis.

• Another target was gait analysis in a mobile and unobtrusive
way that is not bound to a laboratory environment.

2. Stride identification from inertial sensor data

• A stride segmentation algorithm was proposed that is able to
extract strides robustly from gait tests as well as free movement
patterns.

• The stride segmentation algorithm is able to extract strides
from a combination of different sensor modalities at once to
improve robustness and reliability.

• Contribution: The Dynamic Time Warping algorithm, well
known in speech processing, was adapted and used for the first
time to recognize and segment strides in inertial sensor data.

• Contribution: Compared to state-of-the-art methods the pro-
posed stride segmentation algorithm is flexible enough to re-
cognize strides with an individual temporal distribution of
stride phases, but is strict enough to exclude e.g. turning
strides or stair climbing.

3. Calculation of established stride parameters

• Algorithms for the calculation of gait parameters were devel-
oped that allow for a clinical interpretation and are thus well
understandable and acceptable by both therapists and physi-
cians (e.g. stride time, stride length, angles, clearance, etc.).

• The focus lies in a wide range usability of the system. There-
fore gait parameters were validated on data with a high vari-
ability regarding age and sex of the subjects, and stride time
and length. Additionally the algorithms were validated on data
of patients with altered gait.
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• Contribution: The applicability of the developed algorithms
was shown by analyzing data of patients with altered gait from
elderly.

• Contribution: The developed algorithms do not rely on addi-
tional inputs about subject, sensor or shoe geometry. No ad-
ditional information have to be provided manually when cal-
culating the described gait parameters.

4. Analysis of stride parameters in PD

• A cross-sectional study confirmed the feasibility and applica-
bility of mobile sensor-based gait analysis to objectively track
PD associated gait changes.

• The study provided objective and quantitative outcomes of
distinct stride parameters, having the potential to clinically
characterize PD.

• Contribution: The clinical validation of the developed stride
parameters extended the previous technical validation.

• All examined stride parameters were significantly different be-
tween controls and PD patients at moderate disease stage
and/or higher levels of motor impairment.

5. Classification of PD typical gait impairments

• To develop an objective disease score, the first aim was to find
differences in the IMU data from gait of PD patients and con-
trols.

• PD related gait impairments were recognized in a dataset of 92
patients and 81 controls that were split into training data and
testing data.

• Contribution: It was shown that PD patients were accurately
recognized and staged regarding their disease levels based on
IMU data from gait tests.

• Contribution: The analysis of the clinical data confirmed that
age and age of onset are strong confounders in the classifica-
tion of disease related gait impairments.
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6. Development of an objective disease score

• A data-driven gait-related UPDRS sub-score was determined
that includes items assessable from IMU based measurements
of gait.

• Contribution: A regression model was developed to assess
gait-related movement impairments. This objective rating is
not symptom specific and can assess disease stage with lower
variation than the UPDRS motor score.

• Contribution: It was confirmed that disease duration, disease
stage and age have strong influence on the results of auto-
mated rating models and should be incorporated during sys-
tem development.

• Contribution: The eGaIT-score was able to assess the change
of movement impairments during a pharmacological inter-
vention with Rasagiline and confirms through objective mea-
surement the trends from previous Rasagiline studies.

7. General achievements

• Contribution: The general applicability of the stride segmen-
tation, gait parameter calculation and machine learning algo-
rithms was proofed both, from a technical context in terms of
accuracy and precision as well as from a clinical point of view
that relevant changes in gait are measurable.

1.6 Structure of this Work

The thesis is structured based on the development steps of a system for
automated gait analysis using mobile and wearable sensors (Fig. 1.8).
The structure of the thesis was carried out as follows:

• Chapter 2: Gives an overview about the clinical background of PD
and how it is assessed with standardized rating scales.

• Chapter 3: Summarizes the IMU based recording of gait. Shows
how typical gait events look like and which tests were useful to
record disease related alterations.

• Chapter 4: Introduces a novel and robust method to segment strides
from previously recorded IMU based gait data.
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Figure 1.8: The thesis is arranged like a step by step development instruction to
build a gait analysis system for gait impairments in Parkinson’s disease.

• Chapter 5: Describes the algorithms which were able to calculate
standard gait parameters from previously segmented strides. In this
chapter two ways of parameter validation including error measure-
ments are presented.

• Chapter 6: In this chapter a medical evaluation of previously intro-
duced gait parameters can be found. A dataset of patients and con-
trols is analyzed concerning PD typical gait changes.

• Chapter 7: Pattern recognition basics are introduced in this chapter.
Also a detailed description of the used algorithms and the feature
calculation is given.

• Chapter 8: Describes a pattern recognition algorithm to classify PD
typical gait impairments and different stages of the disease level.
An extensive analysis of the clinical data is an important part of this
chapter.

• Chapter 9: Introduces the development of a machine learning algo-
rithm to rate the severity of movement impairments in PD. Based
on the clinical rating a regression algorithm is trained to provide an
objective score.

• Chapter 10: In the last chapter, a summary, a general discussion and
outlook about the development of the gait analysis system and a
conclcusion is given.
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Chapter 2

Parkinson’s Disease and
Clinical Assessment

PD is a neurodegenerative movement disorder characterized by four car-
dinal symptoms: bradykinesia, resting tremor, rigidity and postural insta-
bility. Typical symptoms in common forms of PD are a flexed posture and
a sporadic blocking of movement, which is known as freezing. Further an
unilateral appearance of PD-typical symptoms is characteristic [Jank 08].
The neurodegenerative process is initiated by an interaction of both ge-
netic and exogenous factors [Weid 09, Warn 03].

2.1 Background

Braak et al. showed that neurons in distinct and characteristic brain re-
gions exhibit an abnormal aggregation of protein [Braa 06]. This Lewy
body pathology appears and progresses in a specific order that is char-
acteristic for the disease. In the first stage, the pre-motor stage of PD, the
caudal brainstem (dorsal nucleus of vagus nerve) and the bulbus olfacto-
rius are affected. The dorsal nucleus of vagus nerve influences the control
of the gastrointestinal tract, lungs, and other thoracic and abdominal re-
gions. The bulbus olfactorius is a part of the forebrain and is involved
in olfaction, commonly known as the sense of smell. The degeneration
of these brain regions often leads to typical first non-motor symptoms
like constipation or anosmia that appear years before the first motor signs
[Jank 08]. In the following motor disease stage the impairments are caused
by the progressive loss of dopaminergic brain cells in a sub-region of the
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midbrain, the substantia nigra. The symptoms gradually worsen during
disease progression.

The initial PD diagnosis is normally reached when 30% to 70% of the
dopamine producing neurons are already degenerated [Hugh 92, Lees 09].
This loss of dopamine producing neurons leads to the cardinal symptoms
that were mentioned earlier. These symptoms are the basis for staging the
disease level, rating the success of a therapy or medication and further
allow an evaluation of the disease progression [Jank 08, Post 07].

2.1.1 Cardinal Symptoms

Bradykinesia

Bradykinesia is a slowness of movement and is the most characteristic
symptom in PD. It includes difficulties in planning, initiation and execu-
tion of movements. A slowness in performing typical activities of daily
living or increased reaction times are often the initial manifestations of
bradykinesia [Bera 01]. Further typical bradykinesia symptoms include
reduced or absent arm swing during gait, difficulties with tasks that re-
quire fine motor control and a loss of facial expression. Interestingly,
movement initiation problems can be improved by external triggers such
as loud noise, marching music or for example a visual cue requiring the
patient to step over obstacles [Jank 08].

The severeness of this symptom is usually assessed with tasks that in-
clude the performance of rapid, repetitive and alternating movements.
Typical examples are finger or heel taps and supination and pronation
movements. A slowness of movements, including both a reduction in
speed and decrease of amplitude, is characteristic for increased symptom
severeness.

Resting Tremor

A common and recognizable symptom is the resting tremor, which also
gave the disease the name shaking palsy. This shaking of the extremi-
ties appears mostly in the distal parts of arms and legs and starts unilat-
eral in early stages of the disease. Typical for upper extremities in PD is
a supination-pronation tremor that spreads from one hand to the other.
During sleep or while in action the PD typical tremor disappears [Shul 96].

The severity of the resting tremor is assessed by a visual evaluation and
staged with typical rating scales, like the UPDRS.
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Rigidity

Rigidity is a symptom of muscle stiffness and may be associated with pain
such as shoulder pain that is one of the most frequent initial manifesta-
tions of PD. This stiffness also contributes to the typical abnormal axial
posture, especially when the neck and the trunk are affected. Due to the
occurring pain it is often misdiagnosed as arthritis [Rile 89].

Rigidity in PD can be assessed by an increased resistance during pas-
sive movement of limbs. The flexion, extension or rotation about a joint
appears with an increased resistance to an examiner and is related to the
cogwheel sign during clinical examination [Brou 07].

Postural Instability

The postural instability, another PD related symptom, causes a loss of
postural reflexes and consequently balance impairments. This symptom
is generally manifested in the late stage of the disease and occurs after
most of the other clinical PD symptoms are present. Along with a block-
ing of movement during walking, also called freezing of gait, the postural
instability is the most common cause of falls in PD [Will 06]. The fear of
falling can amplify this instability and further impair balance control of
patients [Adki 03].

A pull test is performed to assess the severity of postural instability. In
this test the patient is quickly pulled backwards by the shoulders and the
ability to recover a stable position is rated.

2.1.2 Gait Impairment

In general, typical PD related gait is characterized by several impairments.
For example, the shuffling gait is caused by the cardinal symptom rigidity
and results in short strides, a reduced step height and, in combination
with bradykinesia, in a reduced walking speed [Snij 07]. Early PD-related
symptoms include unilateral shuffling gait, a decreased step length and
gait initiation problems. At a later disease stage a dyskinesia often appears
that includes many involuntary types of movements [Snij 07]. Dyskinesia
is a common side-effect of yearslong levodopa therapy, which is one of the
main drugs for PD treatment [Nutt 95]. However, the accurate assessment
of gait parameters typically requires a movement laboratory, with optical
motion tracking or electronic walkway systems.

Further, turning sequences during walking are of large interest to a
movement disorder specialist. With the advancement of the disease pro-
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gression a patient requires an increasing number of strides to complete a
turn. These difficulties in the turning movement may be caused by postu-
ral instability, axial rigidity, affected interlimb coordination and a loss of
intersegmental axial coordination [Boon 08]. Important is also that axial
disability is largely resistant to levodopa therapy.

The cardinal symptom postural instability has also a direct influence
on the gait of a patient. Postural instability is typically concurrent with
poor balance and an increased risk of falls [Sami 04, Adki 03]. Especially
in the start and stop phases, the patient suffers of a reduced body bal-
ance. Most studies suggest that a disturbed motor programming of postu-
ral correction within the basal ganglia is the main cause for this symptom
[Boon 08].

Another typical gait-related symptom is the so called freezing of gait
where a patient isn’t able to start walking, or fails to continue moving for-
ward [Boon 08]. The freezing is mostly seen as a part of a hypokinetic-rigid
symptom [Gila 97] and appears most of the time during gait initiation.
The assessment or even the prediction of freezing events is the focus of
many research studies [Djur 14, Gila 97, Moor 08b, Bach 10].

All these described symptoms, the impaired postural stability, the
shuffling gait and the freezing of gait, are symptoms that dramatically in-
crease the risk of falling. An assessment of these symptoms is thus crucial
to reduce the risk of falling and to further provide an optimal treatment
strategy.

2.1.3 Non-motor Symptoms

Several non-motor symptoms appear next to the typical motor impair-
ments during the course of PD. Especially in the early, pre-motor stage
of the disease the non-motor symptoms can help for early diagnosis and
to better understand the individual disease course [Wink 11]. Important
examples are cognitive and depressive symptoms such as fatigue, con-
fusion, memory problems, apathy, anxiety. These symptoms can be as-
sessed with self rating scales such as the Beck Depression Inventory (BDI)
or Zung Self-Rating Depression Scale (SDS) for depression. Recent stud-
ies showed clear differences in results from depression scales between pa-
tients and healthy age-matched controls [Schr 07]. Furthermore sleep dis-
orders play an important role in the life of PD patients. Rapid eye move-
ment, nightmares or in general an increased violent dream content can
be risk factors or early markers for PD [Bore 07]. Additionally autonomic

42



2.2. Disease Progression and Stages

dysfunctions like constipation, urinary and sexual dysfunction, abnormal
sweating, anosmia or weight loss occur [Jank 08].

Most of these non-motor symptoms can be efficiently assessed with
questionnaires or simple tests (e.g. olfactory testing sticks to test anosmia
[Mroc 16]), which can help to diagnose the disease in a pre-motor stage.

2.2 Disease Progression and Stages

The H&Y scale was published in 1967 by Margaret Hoehn and Melvin Yahr
and is a well-known instrument to rate PD disease stages and disease pro-
gression [Hoeh 67]. The application of this scale is straightforward and en-
ables the physician to establish a descriptive staging of functional deficits
and impairments. The scale was originally designed as a five-point scale
(1-5). However, due to requirements in clinical trials the scale was mod-
ified by introducing also 0.5 increments during the 1990s [Jank 90] (Ta-
ble 2.1). The scale considers overall dysfunctions in PD that are related to
bilateral motor involvement and additionally compromised balance and
gait. With the H&Y scale parkinsonian motor impairment can be charted
in terms of laterality, balance difficulties, postural instability or the loss of
physical independence [Goet 04a]. The different stages of the H&Y scale
are summarized in Table 2.1.

Stage Description

1.0 Unilateral involvement only
1.5 Unilateral and axial involvement
2.0 Bilateral involvement without impairment of balance
2.5 Mild bilateral disease with recovery on pull test
3.0 Mild to moderate bilateral disease; some postural instability; physically independent
4.0 Severe disability; still able to walk or stand unassisted
5.0 Wheelchair bound or bedridden unless aided

Table 2.1: The modified Hoehn and Yahr scale is used to stage and describe the
progression of symptoms in Parkinson’s Disease [Goet 04a].

The H&Y scale has severe limitations such as the lack of detail in the sense
that the scale is not comprehensive. For example, it does not provide any
information concerning non-motor aspects of PD. The scale is also re-
stricted by its focus on unilateral versus bilateral symptoms and the pres-
ence or absence of postural reflex impairment [Goet 04a]. Other specific
motor deficits are not assessed.
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2.3 Assessment of Movement Impairment

It is important to establish and use rating scales that are acknowledged
world-wide to allow for a comparable, standardized assessment of PD.
Rating scales are general rules to obtain quantitative scores that allow the
staging of the disease level and the more specific motor impairments re-
spectively. The already introduced H&Y scale is used for the assessment
of the disease stage. In this thesis the UPDRS motor score (Part III) is used,
which is another scale that targets the quantization of PD-related motor
impairments.

The complete UPDRS is a detailed rating scale for the severity of symp-
toms in PD and was developed in the 1980s by Fahn et al. [Fahn 87]. In
clinical practice, UPDRS is the most widely used and established rating
scale to follow the progression of PD related symptoms [Rama 02]. Also for
research purposes the UPDRS score allows scientists the comparison and
measurement of changes caused by different interventions. In 2001 the
Movement Disorder Society (MDS) initiated a review of the UPDRS and
recommended a refined version that retains the strengths of the original
scale but addresses identified problems [Goet 08]. It further incorporates
clinically pertinent PD related characteristics which were poorly captured
in the original UPDRS scale. The UPDRS was evaluated by an expert team
of the MDS in terms of usability in recognition and therapy of Parkinson’s
disease [Goet 07, Goet 08].

The complete score described in Goetz et al. [Goet 08] is divided into
four main parts:

• Part I: Rating of mental behavior observations

• Part II: Standardized rating of activities of daily living

• Part III: Classification of motor impairments with a set of 27 sub-
items

• Part IV: Describes complications and side effects of a medicamen-
tous therapy

Here we focus on the evaluation of UPDRS motor score, part III of the
complete scale, to rate progression of the motor symptoms. In this thesis
a version of the original UPDRS motor score [Fahn 87]was used, extended
to assess symptoms of left and right extremities separately (cf. Fig. 2.1).
This score consists of 27 sub-items rated on a five-point scale from 0 [no
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disability] to 4 [maximum disability]. A trained movement disorder spe-
cialist performs an examination of special motor tasks with the patient
and combines that information with clinical observations to reach a rat-
ing of each sub-item. The ratings of all individual sub-items are accumu-
lated to obtain an overall motor score which ranges from 0 to 108 points
(Fig. 2.1). A higher score implies a more severe disability.

The main advantage of the UPDRS in comparison to H&Y is a more
comprehensive coverage of motor symptoms. Some studies in which
the score was evaluated show acceptable test-retest reliability and valid-
ity [Side 02], while other studies indicate that there might be consider-
able inter-rater variability for the assessment of motor symptoms in PD
(intraclass correlation coefficients range from 0.29 to 0.92 depending on
the sub-items) [Rich 94]. Although there are standardized training proce-
dures, the rating is always dependent on the treating physician and his
experience level. Due to the standardized procedure of the UPDRS mo-
tor score, there is a possibility to measure the severity of the individual
sub-items with a technical system [Sala 07, Pari 15, Giuf 09, Giub 14].

2.4 Summary and Limits of Rating Scales

A scale that focuses on the rating of distinct, individual motor impair-
ments instead of general disease progression could help to assess for ex-
ample the impact of medication or the response to treatment. The UPDRS
motor score serves as a good example for a more sophisticated rating
of motor symptoms compared to the H&Y scale. However, a substan-
tial inter-rater variability [Rich 94] and its non-linear characteristics (a in-
crease of 5 points in an early stage is different to an increase of 5 points in
a late stage of the disease) limit its applicability in individualized medical
care. Additionally gait is only rated by one single item within the UPDRS
motor score in a range from 0 to 4 and is as such neither linear nor of high
resolution [Goet 08]. Therefore, potentially beneficial treatment effects on
gait may remain unrecognized. This is problematic since gait impairment
is highly relevant given that it dramatically reduces quality of life during
disease progression [Elli 11].

A technical assessment of gait impairment can help to eliminate the
high inter-rater variability and could provide clear and distinct thresh-
olds for an improvement or worsening. Gait as a natural and compara-
ble movement offers ideal conditions for a technical assessment. Gait
parameters like stride length, stride velocity, clearance or angles during
a gait cycle can be measured. These gait parameters cover symptoms like
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UPDRS – part III motor score        (sum  _______ / 108) 
Body bradykinesia / Hypokinesia  Rigidity Neck RUE LUE RLE LLE 
None 0 Absent 0 0 0 0 0 
Minimal slowness, could be normal, deliberate character 1 Slight or only with activation 1 1 1 1 1 
Mild slowness and poverty of movement, abnormal 2 Mild to moderate 2 2 2 2 2 
Moderate slowness, poverty, small amplitude 3 Marked, full range of motion 3 3 3 3 3 
Marked slowness, poverty, or amplitude 4 severe 4 4 4 4 4 
 
Action/postural tremor  RUE LUE Tremor  Face RUE LUE RLE LLE 
Absent 0 0 Absent 0 0 0 0 0 
Slight, present with action 1 1 Slight and infrequent 1 1 1 1 1 
Moderate, present with action 2 2 Mild and present most of time 2 2 2 2 2 
Moderate, present with action and posture holding 3 3 Moderate and present most of time 3 3 3 3 3 
Marked, interferes with feeding 4 4 Marked an present most of time 4 4 4 4 4 
 
Movements Finger taps Hand movements Rapid alt. mov. Leg Agility 
Side right left right left right left right left 
Normal 0 0 0 0 0 0 0 0 
Mild slowing a/o reduction amplitude 1 1 1 1 1 1 1 1 
Moderate impaired, early fatiguing, may have occasional arrests 2 2 2 2 2 2 2 2 
Severely impaired, frequent hesitation a. arrests 3 3 3 3 3 3 3 3 
Can barely perform  4 4 4 4 4 4 4 4 
 
Posture  Gait  
normal erect 0 Normal 0 
Slightly stooped, could be normal for older persons 1 Walks slowly, may shuffle with short steps, no festination or propulsion 1 
Definitely abnormal, mod. Stooped, may lean to one side 2 Walks with difficulty, little or no assistance, some festination, short steps or 

propulsion 
2 

Severely stooped with kyphosis 3 Severe disturbance, frequent assistance 3 
Marked flexion with extreme abnormality of posture 4 Cannot walk 4 
 
Arising from chair  Postural stability  
Normal 0 Normal 0 
Slow, may need more than one attempt 1 Recovers unaided 1 
Pushes self-up from arms or seat 2 Would fall if not caught 2 
Tends to fall back, may need multiple tries but can arise without assistance 3 Falls spontaneously 3 
Unable to arise without help 4 Unable to stand 4 
 
Speech  Facial expression  
normal 0 Normal 0 
slight loss of expression, diction, volume 1 Slight hypomymia, could be poker face 1 
monotone, slurred but understandable 2 Slight, definite abnormal diminution in expression 2 
marked impairment, difficult to understand 3 Mod.hypomimia, lips parted some ofe time 3 
unintelligible 4 Masked of fixed face, lips parted > ¼ inch 4 
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2.4. Summary and Limits of Rating Scales

bradykinesia, rigidity and postural instability in an objective manner dur-
ing straight walking of a patient and can help to better assess the current
condition of the patient. Further, impaired turning can be assessed with
a technical system, e.g. by recording the time and number of steps during
and turning event. All these parameters together can build the basis for a
novel and automated rating scale.
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Chapter 3

Sensor-based Recording of Gait

In this chapter methodology is described to assess the human gait in both
a standardized and unobtrusive manner. At first human gait itself is de-
scribed including single strides, gait events and the gait phases. To assess
gait and movement of lower extremities in a standardized way, specific
tests were required that are also illustrated in this chapter. With IMUs
there are suitable sensors available to assess movements of lower extrem-
ities. The sensor setup that is used in this thesis to record data from hu-
man gait as well as the basics of IMUs are described. Finally, an overview
of exemplar recorded sensor data from gait movement is provided and the
pre-processing of this data, as it was performed in all experiments in this
thesis, described.

3.1 Human Gait

Human gait is a complex movement pattern with different characteris-
tic forms. For a detailed gait analysis the most important gait events and
phases have to be defined. Common terminologies have been developed
in this research area. In this thesis we use the terminology and definitions
from Beckers et al. [Beck 97]. The terms stride and gait cycle can be con-
sidered here as synonyms. One stride is defined from Heel strike (HS) to
HS of the same foot. A step in contrast is defined from HS to HS of the
contralateral foot. Consequently one stride consists of two steps.

3.1.1 Gait Events

In the context of this thesis we consider only walking and strides from
heel-strikers, meaning strides for which the rear foot hits the ground first.
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Chapter 3. Sensor-based Recording of Gait

Heel Strike
Foot Flat

Mid Stance
Heel Off Toe Off Mid Swing Heel Strike

Stance Phase Swing Phase

Stride

Figure 3.1: Gait phases and events during one stride. The figure is reused from
[Kanz 14]with permission from the author.

One way to describe the most relevant gait events is to go along with one
gait cycle. A stride begins with the HS of the foot, that is the point in time
were the heel touches the ground. Followed by a roll over of the foot. The
next event is the Foot flat (FF), in which the foot remains in contact with
the ground. After the FF the heel leaves the ground before the swing phase
begins with the Toe off (TO). During swing phase, the velocity of the foot
reaches its maximum in the mid swing event. All gait events are depicted
in Fig. 3.1.

3.1.2 Gait Phases

The two main phases during gait cycle, the stance and swing phase, can be
defined based on the gait events described in the previous Section 3.1.1.

The stance phase begins with the HS and ends with the TO. When the
HS event occurs the body weight shifts completely onto the foot. This
is called shock absorption and the reason that most of the muscle activ-
ity is accomplished in this phase. The mid stance is the following event
were the complete body weight is on the foot. At this moment of the
stance phase the foot has minimum velocity [Peru 11]. With the shift of
the weight to the contralateral foot (contralateral shock absorption) the
push off event leads to the TO event and completes the stance phase.

The swing phase begins with TO and ends with the HS. Parts of this
phase are an acceleration which reaches its maximum in the mid swing
event and a deceleration which is a velocity reduction before the HS oc-
curs and a new stride begins with the stance phase.

50



3.2. Standardized Gait and Movement Tests

3.2 Standardized Gait and Movement Tests

To assess the movement of lower extremities in a standardized way, dif-
ferent tests were used. These tests were selected from movement exami-
nations which are common in the field of movement assessment (e.g. in
the assessment of the UPDRS motor score). Some additional tests were
adapted for a sensor-based movement and gait assessment with IMUs.
The following tests were used in the experiments of this thesis.

1. 20 meter walk
Subjects walk two times 10 meters at a comfortable self-selected
speed in an obstacle-free and flat environment. After the first 10
meter walk, subjects are instructed to make a short pause of two
seconds, turn 180 degrees in a self selected direction, make a short
pause of two seconds, and walk back. This test is performed to as-
sess the gait of a subject on a short walking track.

2. 40 meter walk
Subjects walk four times 10 meters at a comfortable self-selected
speed in an obstacle-free and flat environment. After each 10 meter
walk, subjects are instructed to turn 180 degrees [Stef 08]. First turn
is clockwise, second counter-clockwise and third again clockwise.
This test is performed to assess the gait of a subject and additionally
the turning sequences.

3. 20 meter stop and go
Subjects walk two times 10 meters at a comfortable self-selected
speed in an obstacle-free and flat environment. After the first 10
meter walk, subjects are instructed to turn 180 degrees in a self se-
lected direction and walk back. In this test, subjects are instructed
to start and stop immediately on commands of the advisor. The
start and stop movement is done six times, three times in the first
10 meter track. After the third stop the 180 degree turn is performed
and after the sixth stop the test is finished. The initiation movement
should be done like in daily life. This test is performed to assess the
gait initiation and deceleration.

4. Heel-toe tapping
While sitting, heel and toes were tapped alternately on the floor for
20 seconds requiring a flexion mainly within the ankle. This test
is comparable to the assessment of the sub-item leg agility of the
UPDRS [Goet 07].
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Chapter 3. Sensor-based Recording of Gait

5. Circling foot rotation
While sitting, subjects performed a sequential unilateral circling
foot movement with 30 cm diameter and 5 to 10 cm above the
ground floor. The main rotation movement is done with the lower
leg without a fixation of the ankle. This test is performed to assess
the movement of the leg without the influence of the body weight.

6. Free walk
Subjects walk for four minutes at a comfortable self-selected speed.
The test is divided into two parts. During the first free two minute
walk, subjects have to walk straight for 20 meters, two times. The
second two minute walk included also climbing stairs for approxi-
mately 30 seconds. To mimic natural situations, each two minute
walk includes tasks like stair climbing, sit to stand movements,
walking straight, in curves, through doors, while these had to be
opened and closed manually.

3.3 Inertial Measurement Unit for Gait Analysis

IMUs were used to record the gait during the described tests. An IMU
is an electronic device, consisting of a combination of accelerometers
and gyroscopes to measure acceleration and angular velocity. State-of-
the-art IMUs are often miniaturized and manufactured as Micro-Electro-
Mechanical System (MEMS). The sensor itself can be reduced to a size of
a few millimeters (e.g. 2.5 mm×3 mm×0.83 mm, LSM6DSL, STMicroelec-
tronics N.V., Geneva, Switzerland). Such a small device size enables a lot
of new opportunities such as the integration of sensors in clothes to build
so called wearable technologies. Such a lightweight and small device can
also be used to unobtrusively record movement directly on extremities.

In this thesis the term IMU is exclusively used for strap down systems.
In strap down systems the sensor units are mounted rigidly onto a body
and are directly affected by the rotation and motion of this body. Track-
ing movement with this method enables the measurement of acceleration
and angular velocity relative to the body frame [Wood 07]. There also ex-
ist gimbaled IMU systems, where the inertial sensors are mounted on a
platform that is held in alignment with the global frame. Due to that the
system is isolated from external rotational motion [Wood 07]. In this the-
sis only strap down systems were considered. Because of the manufactur-
ing as MEMS, they have a small device size and fit consequently perfect
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3.3. Inertial Measurement Unit for Gait Analysis

for motion tracking. The following section gives an overview of the basic
principles of IMU sensor technology.

3.3.1 Accelerometer Principles

Micro-machined silicon accelerometers (MEMS) use the same measure-
ment principles as mechanical devices. The principle of an accelerome-
ter is thus for reasons of clarity described for a mechanical device as it is
supposedly more comprehensive. A mechanical accelerometer consists
of a mass suspended by springs. This spring-mass system is mounted in
a static housing attached to the moving object and the displacement of
the mass is measured using a displacement pick-off. With the physical
principal of Hooke’s law, the displacement can directly be converted into
force F . The measured signal is consequently proportional to the force
F acting on the mass m in the direction of movement. Newtons’s second
law (Eq. 3.1) can then be used to calculate the acceleration a acting on the
device [Wood 07].

F =m ·a (3.1)

The unit of measure of acceleration in the International System of
Units (SI) is m/s 2. The acceleration is often given as a multiple of g to dis-
tinguish acceleration relative to free-fall from the rate of change of veloc-
ity. One g is the acceleration due to gravity at the Earth’s surface. This
standard gravity is defined as 9.80665 m/s 2 . If the sensor unit is in free-fall
the measured acceleration is zero [Kemp 11], if the accelerometer is not in
free-fall the measured value is one in direction of the gravity of the earth
(Fig. 3.4 B).

3.3.2 Gyroscope Principles

In this thesis MEMS gyroscopes that measure the angular velocity were
used. The measurements are given in the SI unit ◦/s . In comparison to
MEMS, mechanical gyroscopes measure angles directly and are built as
gimbaled systems [Wood 07]. In the following, the gyroscope principles
are described based on MEMS.

MEMS gyroscopes make use of the Coriolis effect to measure angular
velocity. The Coriolis effect describes the deflection of a moving object
that moves on a rotating reference frame. As an example to illustrate this
effect a rotating disk is considered on which a ball rolls from the center
to the outside. The ball deviates from a straight trajectory, because of the
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Chapter 3. Sensor-based Recording of Gait

force caused by friction with the rotating disk. This force is perpendicular
to the movement direction and is called the Coriolis force. This force can
be described with the formula 3.2 where ω is the angular velocity [◦/s ] of
the rotating reference frame, m is the mass [kg] and v is the velocity [m/s ]
of the moving object.

Fc =−2m (ω× v ) (3.2)

A MEMS gyroscope uses the vibrating mass technology to make use of
the Coriolis effect. The gyroscope consists of a drive-axis and a sense-axis.
Along the drive-axis a moving object is vibrating. This moving object con-
tinues vibrating in the same plane even if it is rotated. If a rotation (an an-
gular velocity) is applied to the sensor unit, the Coriolis force causes a de-
flection in the sense-axis, that is perpendicular to the drive-axis. By mea-
suring this deflection of the moving object, the angular velocity can be de-
termined [Kemp 11]. Angular rate gyroscopes based on MEMS technology
can be manufactured small and inexpensively (e.g. 3 mm×3 mm×0.9 mm;
3.69 $; ITG-1010, InvenSense, Sunnyvale, CA, USA).

3.3.3 Shimmer Inertial Sensing System

As a complete sensor system to measure acceleration and angular velocity
the Shimmer 2R and Shimmer 3 (Shimmer Sensing, Dublin, Ireland) IMUs
were used in this thesis [Burn 10].

The Shimmer 2R sensor units (Fig. 3.2a) consist of a base board with
a MSP430F1611 micro controller (Texas Instruments, Dallas, TX, USA),
with a weight of 22 g and a form factor of 53 mm×32 mm×21 mm. The
sensor units were developed with different functionalities and can be ex-
tended with expansion boards. In this thesis the on-board tri-axial analog
accelerometer (MMA7260Q, Freescale Semiconductors, Austin, TX, USA),
the on-board Bluetooth 2.0 and the gyroscope expansion board with a tri-
axial analog gyroscope (500 series, InvenSense, Sunnyvale, CA, USA) were
used. The accelerometer was adjusted to measure a range of ±6 g with a
sensitivity of 200 mV /g . The range of the gyroscope is fixed to ±500 ◦/s
with a sensitivity of ±2mV/◦s .

Shimmer 3 sensor units (Fig. 3.2b) consist of a MSP430F5437A micro
controller (Texas Instruments, Dallas, TX, USA), have a weight of 22 g and
a form factor of 51 mm× 34 mm× 14 mm. The sensor unit includes inte-
grated accelerometers, gyroscopes and magnetometers. In this thesis we
used the tri-axial digital wide range accelerometer LSM303DLHC (STMi-
croelectronics N.V., Geneva, Switzerland), the tri-axial digital gyroscope
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3.4. Sensor Signals

(A) (B)

Figure 3.2: Shimmer 2R (A) and Shimmer 3 (B) inertial sensing units.

of the InvenSense MPU9150 (InvenSense, Sunnyvale, CA, USA) and on-
board Bluetooth 2.0. The accelerometer was adjusted to measure a range
of ±8 g with a sensitivity of 83 LS B/g 1 . The gyroscope was adjusted to
measure a range of ±1000 ◦/s with a sensitivity of 16 LS B/◦s .

According to the requirements the sampling rate of both sensor units
could be adapted. In the case of gait and movement analysis the sampling
rates 51.2 Hz, 102.4 Hz and 204.8 Hz were used.

3.4 Sensor Signals

3.4.1 Sensor Setup

The sensor units were positioned directly on the left and the right shoe
laterally below each ankle joint (Fig. 3.3). As described in Peruzzi et al.
[Peru 11], the preferable sensor position for an inertial sensor to measure
spatial gait parameters such as stride length, is the lateral aspect of the
rearfoot or the calcaneus. For all experiments in this thesis the data of
both feet was acquired simultaneously. Each subject used the same shoe
model (adidas Duramo) to avoid influence of footwear to gait parameters
[Mena 09]. For each patient a pair of shoes with best fitted size was se-
lected.

3.4.2 Sensor Calibration

The method of Ferraris et al. was used for the IMU raw data calibration
[Parv 95]. This step is necessary to convert the raw sensor output Sr a w

that is usually given as a sampled voltage (e.g. mV) to m/s 2 for the ac-
celerometer data and to ◦/s for the gyroscope data (Fig. 3.4). The calibra-

1 LSB: Least Significant Bit
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AZ AY 

AX 

(A)

GY 

GX 

GZ 

(B)

Figure 3.3: Shimmer sensor unit mounted with custom designed clip on the lateral
side of a regular sport shoe. The directions of the sensor axes are shown accord-
ingly to the sensor placement on the shoe ((A) accelerometer; (B) gyroscope).

tion described in Ferraris et al. [Parv 95] consists of the determination and
correction of the bias, scale factor of sensor measurements and physical
orientation of the sensor unit.

To determine these factors a static measurement was performed while
the sensor unit lied absolutely still for 2 seconds on each of the six sides
(top, down, left, right, front, back). For the Shimmer 3 a calibration stand
is used, because of the rounded shape of the enclosure. To calibrate the
gyroscope, additionally the data from 360 ◦ rotations around each of the
three sensor axis is recorded. No special tools such as rotating tables or
similar are required [Parv 95].

The bias is an additive constant for each axis of the accelerometer
or gyroscope and is the measured zero-offset during the static measure-
ments. The scaling factors are used to convert the measured voltage to
the respective SI unit. For the accelerometer these scaling factors can be
derived from the static measurement of the constant gravity of one g due
to the Earth’s mass. To get the scaling factors for the gyroscope calibra-
tion the 360◦ rotations were used to transform the abstract voltage mea-
surement to the SI units. The orientation misalignment that results form
non-orthogonal mounted sensors in the enclosure is determined based
on the relationship between static measurements on each of the six sides
[Parv 95].

The calibration data was recorded for each sensor unit separately one
time when the sensor unit was put into operation. The calibrated sensor
signal is further labeled as Sc a l .
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Figure 3.4: Typical sensor signals of gait. Accelerometer signals from movements
in (A) anterior-posterior; (B) inferior-superior and (C) lateral-medial direction.
Gyroscope angular velocities of the rotations in (D) coronal, (E) transverse and (F)
sagittal plane. The figure is reused from [Bart 15]with the publisher’s permission.

3.4.3 Signal Axis Orientation

Sensor signals were preprocessed to obtain comparable sensor signals
from the left and right sensor unit. Due to the opposite mounting of the
sensor units that causes an inverted measurement, the sensor axis AX, GY
and GZ are inverted. No filtering for accelerometer and gyroscope signals
was applied. Example preprocessed signals measured with both the ac-
celerometer and gyroscope are shown in Fig. 3.4. For the accelerometer
the x-axis (AX in Fig. 3.3) was defined as the anterior-posterior movement,
the y-axis (AY) as the inferior-superior movement and the z-axis (AZ) as
the lateral-medial movement as shown in Fig. 3.3. In the case of the angu-
lar velocities of the gyroscope data, the rotations around the x-axis (GX)
are in the coronal plane, around the y-axis (GY) in the transverse plane
and around the z-axis (GZ) in the sagittal plane. The orientation corrected
sensor signal is further labeled as Sno r m .
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Chapter 4

Automated Stride
Segmentation

The aim of the proposed system for automated gait analysis is to rate
movement impairments by assessing gait sequences and also individual
strides. To achieve this a robust identification and segmentation of sin-
gle strides from inertial sensor data is a crucial first step (cf. Fig. 4.1).
The developed approach was in parts implemented in a Bachelor Thesis
[Ober 12] that was supervised by the author of this dissertation, who also
followed up with a conference paper [Bart 13]. The methods and results
of this chapter are based on the article [Bart 15], which was published in
the journal MDPI Sensors.

Introduction, 
Clinical and sensor-

based assessment 
Chapter 1-3

Pattern 
recognition
and features

Chapter 7

Automated  
stride  

segmentation 
Chapter 4

Stride parameter 
calculation and 

validation 
Chapter 5

Classification of 
parkinson typical 
gait impairments 

Chapter 8

Instrumented  
gait score  

development 
Chapter 9

Disease related 
changes in stride 

parameters 
Chapter 6

Summary, 
Discussion  

and Outlook 
Chapter 10

Pattern  
recognition 
and features 
Chapter 7

Figure 4.1: The thesis describes the individual building blocks of a gait analysis
system to measure gait impairments in Parkinson’s disease. The whole framework
was developed in a step by step development process. The first step after the in-
troduction and basic information chapters, was the development of a method for
automated stride segmentation.
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Chapter 4. Automated Stride Segmentation

4.1 Motivation

Numerous stride identification approaches were published in the field of
sensor-based gait analysis, which were reviewed in more detail in Chapter
1.2.3. However, many algorithms are based on peak detection approaches
or on simple, template-based cross-correlation. These algorithms usually
work only for straight walking tests and strides that are similar to the tem-
plate. The performance of these algorithms drops when motion signals
are recorded that potentially include other cyclic movements, such as in
a free walking scenario.

Currently, there is no published algorithm, which is able to use and
combine the data of different sensor modalities such as data recorded
by an accelerometer and gyroscope. Since multi-sensor units are widely
available, a method that can exploit fused sensor data has the poten-
tial to improve segmentation results. In this chapter a time invariant
template-matching approach is used that is based on Dynamic Time
Warping (DTW) [Mull 07].

DTW allows the identification of patterns with different length and
also matches signals nonlinearly. Segments of the template get stretched
or shortened for an optimal fit by warping the template upon the target
signal. DTW is a commonly used technique for computing the similarity
between two time series [Silv 16]. DTW has previously been used in the
context of gait analysis. For example, DTW is used to enable the com-
parison of reference strides with test strides that are segmented of gait
sequences extracted from silhouettes of walking persons in video clips
[Boul 04]. Derawi et al. acquired accelerometer data and divided strides
by filtering and peak detection. The segmented strides were subsequently
compared to reference strides via DTW for user identification [Dera 10].
DTW has mostly been used for comparing test strides to reference strides,
but not for single stride segmentation. Here, we employed a special form
of DTW called Multi-dimensional Subsequence Dynamic Time Warping
(msDTW) [Mull 07] to identify single strides from a multi-dimensional
signal from free walking sequences. The msDTW algorithm is a promising
method for single stride segmentation, especially in the context of highly
variable gait measurements. Grabiner et al. showed that gait is subject to
high intra-person variability which increases with age [Grab 01]. In sensor
recordings this variation in spatio-temporal stride parameters is reflected
in signal length and amplitude of single gait sequences.

The purpose of this chapter is to present a novel methodology for
automatic single stride segmentation from standardized gait tests as well
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4.2. Methods

as from continuous and free walking movement sequences in daily life.
This chapter focuses on the accurate and robust recognition of strides and
exclusion of other non-gait movements such as climbing stairs. The sen-
sor modalities accelerometer and gyroscope were evaluated and the op-
timum axes and axes combination for reliable stride segmentation were
selected. We finally demonstrate that the proposed method is suitable for
clinically relevant applications and is further adaptable to different age
groups, movement scenarios, and subject groups with different move-
ment disorders.

4.2 Methods

4.2.1 Subjects and Measurement Protocol

In total 70 subjects were recorded for algorithm development (see Ta-
ble 4.1). For template generation 25 elderly controls and for algo-
rithm evaluation 15 elderly controls as well as 15 patients with PD were
recorded at the Movement Disorder Unit of the Department of Molecu-
lar Neurology, University Hospital Erlangen, Germany. Another 15 geri-
atric patients were acquired at the Geriatrics Centre, Waldkrankenhaus
St. Marien, Erlangen, Germany. All subjects signed an informed con-
sent form prior to the initiation of the study (ethical approval Re.-No.
4208, 21.04.2010, IRB, Medical Faculty, Friedrich-Alexander-University
Erlangen-Nürnberg, Germany).

This study included two different protocols: 1) 40 meter walk: Subjects
walked four times 10 meters at a comfortable self-selected speed. 2) free
walk: Subjects walked for four minutes around the hospital environment
at a comfortable self-selected speed. A detailed description of both tests
can be found in chapter 3.2. The free walk protocol was videotaped for
further sensor data labeling 1 .

4.2.2 Sensor Signals and Manual Data Labeling

The sensor setup is described in chapter 3 (Fig. 3.3). Data was collected
via Bluetooth with a custom developed software. The sampling rate was
adjusted to 102.4 Hz. The sensor axes were defined like it is described in
chapter 3. Example signals from preprocessed data for each sensor axis
from both feet is shown in Fig. 3.4.

1 due to a loss of data only 9 of 15 videotapes available (3 of 5 PD patients, 5 of 5 geriatric
patients, 1 of 5 controls)
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Template Controls PD patients Geriatric patients

Test 40 meter 40 meter free walk 40 meter free walk 40 meter free walk
N 25 10 5 10 5 10 5
Strides 681 485 1286 496 1619 795 1249
Sex (m/f) 17 / 18 5 / 5 3 / 2 5 / 5 3 / 2 4 / 6 2 / 3
Age (y) 62.3 ± 11.6 64.0 ± 8.4 64.2 ± 10.0 63.8 ± 9.3 72.8 ± 6.3 81.0 ± 4.1 80.4 ± 5.9
H&Y - - - 1.7 ± 0.9 2.6 ± 0.5 - -
UPDRS motorscore - - - 12.7 ± 6.0 20.8 ± 6.1 - -

Table 4.1: Subject characteristics. m: male; f: female; H&Y: Hoehn & Yahr; UP-
DRS: Unified Parkinson’s Disease Rating Scale; Characteristics are given as mean
± standard deviation. The table is reused from [Bart 15] with the publisher’s per-
mission.

Angular velocity in the sagittal plane (GZ in Fig. 3.4) is commonly used
for stride segmentation [Hund 13, Mann 12]. The positive peaks with the
local maxima represent the swing phase, followed by the stance phase,
which is the roll over movement from heel to toe. The negative peaks in
GZ represent the change in the foot rotation during one stride and were
used to define the stride start and end points. Stride start was set to the
negative peak before swing phase and stride end to the negative peak at
the end of the stance phase. In a gait sequence the end of one stride coin-
cides with the start of the following stride. For a reliable analysis of con-
tinuous walking sequences, only strides from straight walking can be used
and therefore only strides from regular and straight gait on flat surface
were analyzed. Turning movements with more than 45 degrees per stride
were excluded during the free walk protocol using videotaping to support
manual data labeling.

4.2.3 Multi-dimensional Subsequence Dynamic Time Warping

DTW can be used to compare two signal sequences that may vary in time
or speed [Myer 81]. This technique uses a similarity measure to represent
the costs of warping a signal sequence to another. A variation of the DTW
algorithm is the subsequence DTW, used to find a subsequence of a con-
tinuous signal sequence similar to a given reference pattern [Mull 07]. In
our study, multi-dimensional DTW [Ten 07] was implemented to com-
bine information from different sensor axes. We combined both tech-
niques to a msDTW to segment strides using information from different
axes of the accelerometer and gyroscope at the same time. The complete
workflow of the msDTW algorithm is illustrated in Fig. 4.2.
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Figure 4.2: Illustration of the signal processing workflow for the msDTW algo-
rithm, related to the following subsections. The normalized movement sequence,
from which the strides are extracted, and the normalized stride template were
used to create a distance matrix. This matrix includes the distance between each
sample of the stride template and each sample of the movement sequence. From
this matrix, an accumulated cost matrix was generated that represents the costs
of warping the stride template to the movement sequence. A path through this
cost matrix with minimum costs represents a nonlinear warping of the template
to a part of the movement sequence. Low costs indicate parts in the movement
sequences that are very similar to the template. The start point of a warping path
is identified by the distance function. The figure is reused from [Bart 15] with the
publisher’s permission.

4.2.4 Signal Description and Pre-processing

Continuous Movement Sequence

A continuous movement sequence Sno r m is defined as a normalized sig-
nal in SI units from which strides are segmented. In the following the
signals are described as of length N where Sno r m = (s0, . . . , sN−1). Each
sample sn from Sno r m with n ∈ {0, . . . , N −1} consists of data from the ac-
celerometer (AX, AY, AZ) and gyroscope (GX, GY, GZ).

Sno r m =
�
s0 . . . sN−1

�
=

⎛
⎜⎜⎝

sAX ,0 sAX ,1 . . . sAX ,N−1

sAY ,0 sAY ,1 . . . sAY ,N−1
...

...
...

...
sG Z ,0 . . . sG Z ,N−2 sG Z ,N−1

⎞
⎟⎟⎠ (4.1)

Template Generation

Stride template T no r m of length M is defined as T no r m = (t0, . . . , tM−1),
where each sample tm with m ∈ {0, . . . , M − 1} consists of data from the
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accelerometer and gyroscope sensor axes (AX, AY, AZ, GX, GY, GZ). Man-
ually segmented strides using the GZ axis from the 40 meter walk proto-
col were used to obtain T no r m . The dataset provided 681 strides from 25
different elderly controls (Table 4.1). All 681 strides were averaged sample
by sample to generate a template representative of a wide range of strides.
All manually labeled strides were linearly interpolated to a length of 200
samples using the Matlab (MathWorks, MA, USA) function interp1. This
was done for each sensor axis of the gyroscope and accelerometer sep-
arately. Fig. 4.3 shows a representative sequence and template from the
sensor axis GZ.
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Figure 4.3: The movement sequence sG Z ,no r m shows a typical angular velocity
representation of a gait sequence in the sagittal plane (GZ); The stride template
tG Z ,no r m shows the template of the corresponding axis. The figure is reused from
[Bart 15]with the publisher’s permission.

Data Scaling

Each sensor axis was scaled to a numerical range of [-1; 1] for the correct
combination of the different sensor axes and data from accelerometer and
gyroscope. This scaling was done by dividing the signals by the positive
values of the sensor range, which were 6 g for the accelerometer data (A)
and 500 ◦/s for gyroscope (G) data.

SA,s c a l e d =
SA,no r m

6 g
(4.2)

T A,s c a l e d =
T A,no r m

6 g
(4.3)
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SG ,s c a l e d =
SG ,no r m

500 ◦/s (4.4)

TG ,s c a l e d =
TG ,no r m

500 ◦/s (4.5)

Even though only scaled data was used in further analysis, the index scaled
is omitted in the following text for simplicity.

4.2.5 Calculation of Distance Matrix for Combined Sensor Data

A distance matrix D was constructed from the similarity measurements
between the movement sequence S and the template T . D is a M ×N ma-
trix, where M is the length of the template T (rows) and N is the length of
the movement sequence S (columns). Fig. 4.4 shows an example for GZ.
Each row in D represents the distance between one sample of the tem-
plate T and the complete movement sequence S. The distance between
every combination of samples from T and S can be calculated with any
p-norm. In this work the Euclidian norm was used. The entries of D are
defined as:

D(m , n ) =


(tm − sn )2 ∀m ∈ {0, ..., M −1}, n ∈ {0, ..., N −1} (4.6)

If samples tm and sn are similar, the local distance d is small and there-
fore has low costs. Contrary, a high value of d represents high costs and
less similarity. The top row of D represents the distance between the end
of the stride of the template T and the movement sequence S, while the
bottom row represents the distance between the beginning of the stride
of T and the sequence S.

A distance matrix D was constructed for each sensor axis of the ac-
celerometer and the gyroscope and the distance matrices of all different
single sensor axes were summed up to generate a new distance matrix. As
an example, the combination of the sensor axes AY and GZ is given by:

DAY G Z (m , n ) =DAY (m , n )+DG Z (m , n )∀m ∈ {0, ..., M −1}, n ∈ {0, ..., N −1}
(4.7)

Hence, the distance matrix could be treated as a regular distance ma-
trix and further calculations were done as in a regular sDTW approach
[Mull 07].
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Figure 4.4: The distance matrix DG Z is shown as an example for one sensor axis
which is calculated from sG Z and tG Z . Distance matrix was calculated from gyro-
scope angular velocity in sagittal plane (GZ). Black values in the distance matrix
DG Z show less distance and higher similarity between sG Z and tG Z . White values
signalize a high distance and consequently high costs. (A) movement sequence
sG Z ; (B) stride template tG Z ; (C) distance matrix DG Z . The figure is reused from
[Bart 15]with the publisher’s permission.

4.2.6 Accumulated Cost Matrix and Warping Path

A path p with minimum costs from top to bottom of the distance matrix D
represents a possible warping of stride template T to movement sequence
S. To determine an optimal warping path p every possible path between
T and S could be tested for lowest costs. However, this leads to a compu-
tational complexity that is exponential in the lengths M and N [Mull 07].
Therefore, a dynamic programming approach was used to reduce the
complexity to O (M N ). This was done by building an accumulated cost
matrix C from the distance matrix D to search the optimal warping path p.

Calculation of Accumulated Cost Matrix

The accumulated cost matrix represents additionally to the distance be-
tween a template and a movement sequence, the accumulated costs of
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warping the template to parts of a movement sequence. An empty matrix
with the same size as the distance matrix D was constructed to define the
accumulated cost matrix C. The bottom row of C was filled with the bot-
tom row of distance matrix D. This row is the source row to accumulate
the costs of warping T to S.

C(0, n ) =D(0, n )∀ n ∈ {0, ..., N −1} (4.8)

The first column of C was calculated by summing up the values from
the bottom to the top of the first column of D. This was done for each
element of the first column C(m , 0).

C(m , 0) =
m∑

i=0

D(i , 0)∀m ∈ {0, ..., M −1} (4.9)

The remaining elements C(m , n )were calculated by adding minimum
cost elements of the accumulated cost matrix C to the respective elements
from distance matrix D (from bottom to top). To calculate matrix element
C(m , n ) the matrix element D(m , n ) was added to the minimal value of
the three neighboring elements located to the left, below and left below
of C(m , n ). This accumulates the costs gradually from bottom to top and
includes only minimal values for minimal costs.

C(m , n ) =mi n{C(m −1, n −1), C(m −1, n ), C(m , n −1)}+D(m , n )

∀m ∈ {0, ..., M −1}, n ∈ {0, ..., N −1} (4.10)

For example, the element C(4, 5) is calculated by summing up
D(4, 5) = 5 and mi n{C(3, 4) = 2, C(3, 5) = 3, C(4, 4) = 1}. As a result
C(4, 5) is equal to 6. The cost matrix C was then constructed using this
procedure row by row. Therefore, the top row of the accumulated cost
matrix C represents the accumulated costs of warping T to S (see Fig. 4.5).

Distance Function and Starting Point of Warping Path

As a result of the calculation of the accumulated cost matrix, the top row
of C represents the accumulated costs for warping stride template T to
movement sequence S (Eq. 4.8 - 4.10). Because the cost matrix C was con-
structed from the distance matrix D, the top row represents also the stride
end. The starting point of the warping path p is set to a local minimum of
the top row of the cost matrix C and consequently to a minimum of the
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Figure 4.5: In the upper plot a example distance matrix DG Z for one axis, which
is also shown in Fig. 4.4, is shown. In the plot below the cost matrix CG Z which is
calculated from DG Z is shown. Black values in DG Z and CG Z show less distance
and low costs between SG Z and TG Z . White values signalize a high distance and
high costs. A path of black values from top to bottom signalizes a good warping
of stride template T to movement sequence S. The figure is reused from [Bart 15]
with the publisher’s permission.

accumulated costs [Mull 07]. The top row of the cost matrix C is called
distance functionΔ and is visualized in Fig. 4.6.

Δ=C(M −1, n )∀ n ∈ {0, ..., N −1} (4.11)

A local minimum from Δ was identified to select a starting point p0

for the warping path. A criterion for the selection of local minima is the
threshold τ (Fig. 4.6). Each selected minimum, and consequently the ac-
cumulated cost of each selected end point of a stride, has to be smaller
than threshold τ.

p0 =mi n{Δ}=mi n{C(M −1, 1), ..., C(M −1, N −1)} ∀ p0 <τ (4.12)
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The threshold τ can be used as a regulating parameter for the sen-
sitivity of the stride segmentation algorithm. The higher τ is the more
minima are found, the more stride end points are identified and hence
the more strides are detected (Fig. 4.6). Given that the top row represents
the accumulated costs, threshold τ limits the costs of warping template
T to movement sequence S. Although the accumulated costs increases
as the sampling rate of sequence S increases, the costs were still minimal
since we search for local minima. Therefore, similarity is maintained
across different sampling frequencies at these minimal points.
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Figure 4.6: The upper plot shows the distance function ΔG Z which is the top row
of cost matrix CG Z . The plot below shows the cost matrix CG Z . In the plot of the
distance function also the threshold and three local minima are illustrated. These
minima are the start points of the warping paths p. The plot of the cost matrix
CG Z is overlaid with three warping paths which correspond to three segmented
strides in the movement sequence SG Z . The figure is reused from [Bart 15] with
the publisher’s permission.
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Calculation of the Warping Path

To find the start point of a stride, the path with the lowest costs from the
top to bottom of the cost matrix needs to be calculated. The end point of
this warping path p marks the starting point of a stride and the starting
point of p defines the end point of a given stride.

The warping path p is of length L which can be different for each seg-
mented stride:

p= (p0, ..., pL−1)w i t h pl = (m , n ) ∈C(m , n ) f o r l ∈ [0, L −1] (4.13)

Boundary conditions need to be introduced for the complete stride
to be correctly recognized in the cost matrix C. The following conditions
were necessary to ensure that the segmented stride maps the stride start
(bottom row of C) and the stride end (top row of C) of the template T :

• Start of the warping path p is in top row of the cost matrix C:

p0 ∈ {C(M −1, 0), ..., C(M −1, N −1)} (4.14)

• End of the warping path p is in bottom row of the cost matrix C:

pL−1 ∈ {C(0, 0), ..., C(0, N −1)} (4.15)

• The warping path search is monotonically decreasing: Warping
path p has to be a monotonic function where only neighboring el-
ements are added. If new elements were added to p, at least one
index must decrease. The maximum decrease of one index for a fol-
lowing element of the warping path is one:

pl+1−pl ∈ {(1, 0), (0, 1), (1, 1)} f o r l ∈ [1, L −1] (4.16)

The last condition was necessary because the starting point for the
warping path search was the stride end, and the search for stride initia-
tion needs to be performed earlier in time. Consequently, a warping path
starts at the top row, is monotonically decreasing from top to bottom left
and ends in the bottom row. With the first element in the bottom row the
end of the warping path is reached.
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4.2.7 Constraints for Stride Segmentation

A stride was kept if the length was greater than 250 and less than 2000
milliseconds. Compared to the normative gait data from Hollmann et al.
[Holl 11], the lower bound is a quarter and the upper bound twice of the
average stride time in a large cohort of elderly (n=294). The time of an
overlap of a given warping path must be less than 100 milliseconds (ap-
proximately 10 % of the stride time [Kang 08, Mann 12]) for the stride to be
recognized.

4.3 Peak Detection for Performance Comparison

To allow a comparison of the performance of the msDTW based stride
segmentation with a state-of-the-art method, a peak detection algorithm
was implemented. Stride recognition was performed on the same data
with the msDTW and the peak detection algorithm. For the peak de-
tection algorithm the gyroscope z-axis with the characteristic peak in
the middle of the swing phase was used for detecting a stride [Djur 14,
Saba 05b, Sala 04]. The method was implemented as described in Salarian
et al. [Sala 04]. In this case, only one point in the stride and no stride bor-
ders were recognized. A peak was identified using the following condi-
tions:

• The angular velocity must be greater than 150 ◦/s . Salarian et al.
[Sala 04] used peaks larger than 50 ◦/s with shank mounted gyro-
scopes. In our study, the gyroscope threshold was increased since
we used shoe-mounted gyroscopes, which produces higher angular
velocities.

• The time distance to previous and following peaks must be greater
than 250 milliseconds. If multiple peaks within this region are de-
tected, the highest amplitude is selected and the others are dis-
carded [Sala 04].

4.4 Error Measurement

The aim was to adapt the threshold in order to minimize 1) the number
of missed strides and 2) the signal parts which are wrongly detected as
strides. To fulfill these criteria, precision and recall were introduced. A
high precision means a threshold adapted to not omit a stride. However,
this leads to the detection of random signal parts as strides. Vice versa, a
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high recall rate means a threshold adapted to avoid random signal parts
to be wrongly detected as strides, what leads to missed strides. To fulfill
both criteria when adapting the threshold, the F-measure was used as er-
ror measurement [Powe 11].

The results from the msDTW algorithm were compared to the manu-
ally labeled stride borders and were marked as correctly segmented if the
borders were within±100 milliseconds of the manually labeled stride bor-
ders, which is approximately 10 % of the stride time [Kang 08, Mann 12].

For the peak detection algorithm, a correct recognized stride was de-
fined as a peak that was between the manually labeled stride borders of
the gold standard data.

Precision

p r e c i s i o n =

∑
t r ue p o s i t i v e s∑

d e t e c t i o n p o s i t i v e s
(4.17)

The detection positives are the strides that were recognized as strides
from the msDTW algorithm. The true positives are the strides that were
recognized by the stride segmentation algorithm and also are labeled as
strides in the gold standard data. The precision is then equal to one only
if all the recognized strides were labeled in the gold standard data. Here,
missing strides are not considered.

Recall

r e c a l l =

∑
t r ue p o s i t i v e s∑

t r ue p o s i t i v e s +
∑

f a l s e ne g a t i v e s
(4.18)

Recall (also called sensitivity) considers the false negatives, which were
the strides that were not recognized by the msDTW algorithm. This mea-
surement is equal to one if no stride is missed. Here a stride which was
wrongly detected is not considered.

F-measure

F-measure= 2 · p r e c i s i o n · r e c a l l

p r e c i s i o n + r e c a l l
(4.19)

F-measure is the harmonic mean of precision and recall and it takes
missed strides and wrongly detected strides equally into account.
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X Y Z XY XZ YZ XYZ

Accelerometer Data

Controls 67 % 53 % 56 % 80 % 75 % 79 % 85 %
PD Patients 73 % 59 % 32 % 86 % 77 % 68 % 93 %
Geriatric Patients 47 % 11 % 44 % 56 % 38 % 38 % 51 %

Gyroscope Data

Controls 80 % 5 % 95 % 73 % 97 % 97 % 96 %
PD Patients 67 % 5 % 93 % 39 % 97 % 98 % 97 %
Geriatric Patients 67 % 4 % 96 % 48 % 95 % 96 % 96 %

Table 4.2: Stride segmentation results for accelerometer and gyroscope data from
40 meter walk from msDTW given in F-measure values. Best results for each sub-
ject group are highlighted in bold numbers. The table is reused from [Bart 15]with
the publisher’s permission.

4.5 Experiments and Results

The evaluation of our proposed method was performed in three steps.
First, the different sensor types and axes were evaluated using the data
from the 40 meter walk. Secondly, the axes with the best performance re-
sulting from the previous step were combined and applied to the 40 me-
ter walk and free walk test for further analysis. Thirdly, the results of our
methodology were compared to the peak detection algorithm previously
presented in the literature.

For each evaluation step a leave-one-subject-out cross validation was
performed and results were given as mean values across cross validation
folds. Thresholds from 5 to 130 in increments of 5 were considered.

Separate Evaluation of Accelerometer and Gyroscope Data

To evaluate the performance of the algorithm on gyroscope and ac-
celerometer data independently, the msDTW algorithm was performed
on each axis and axes combination of both sensor modalities individually
using the data from the 40 meter walk. For clarity, only F-measure results
instead of precision and recall are listed in Table 4.2, presenting a general
overview of the algorithm performance.

Using only accelerometer data, best results for all tested groups were
received from sensor axes AXAYAZ combined. Respectively, using gy-
roscope data alone, best results were received from the combination of
GYGZ axes, also for all tested groups.
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Stride Segmentation with msDTW and Combined Sensor Types

The combination of accelerometer and gyroscope data was based on the
best F-measures from the axes combination of single sensor types (Ta-
ble 4.2). Best results are shown in Table 4.3 with threshold, precision, re-
call and F-measures.

The best results for 40 meter walk were obtained using GYGZ with a
F-measure of 98 % for PD patients and 96 % for geriatric patients. The
combination of gyroscope and accelerometer achieved the best result for
the control group with a F-measure of 98 % (Table 4.3).

40 meter walk Free walk

Threshold Precision Recall F-measure Threshold Precision Recall F-measure

Accelerometer Data, Combined AXAYAZ

Controls 34.5 88 % 90 % 85 % 33.3 90 % 92 % 90 %
PD Patients 30.0 94 % 94 % 93 % 34.5 82 % 84 % 81 %
Geriatric Patients 35.0 60 % 49 % 51 % 40.0 64 % 62 % 62 %

Gyroscope Data, Combined GYGZ

Controls 34.8 96 % 98 % 97 % 35.0 96 % 97 % 96 %
PD Patients 30.0 98 % 98 % 98 % 39.5 94 % 97 % 96 %
Geriatric Patients 54.8 94 % 98 % 96 % 50.0 94 % 96 % 95 %

Combination of Accelerometer and Gyroscope Data AXAYAZGYGZ

Controls 70.0 97 % 98 % 98 % 76.7 96 % 97 % 96 %
PD Patients 70.0 98 % 97 % 97 % 80.0 97 % 97 % 97 %
Geriatric Patients 100.0 95 % 93 % 94 % 104.0 82 % 85 % 83 %

Table 4.3: Detailed results of 40 meter walk and free walk from msDTW for best
performing sensor axes of each sensor type separately (AXAYAZ and GYGZ) and
for the combination of best axes from both sensor types (AXAYAZGYGZ). Overall
best results for all groups are highlighted with bold numbers. The table is reused
from [Bart 15]with the publisher’s permission.

The best results on free walk tests for controls and PD patients were ob-
tained using the combination of accelerometer and gyroscope data AX-
AYAZGYGZ with a F-measure of 96 % and 97 %. For the group of geriatric
patients the gyroscope GYGZ had the best performance with a F-measure
of 95 %. Plot B of Fig. 4.7 shows a representative example for segmented
strides with msDTW from a free walk.

Stride Segmentation Using Peak Detection

The results for peak detection evaluation on 40 meter walk data are pre-
sented in Table 4.4. A maximum F-measure of 90 % for geriatric patients
and 86 % for controls and PD patients were obtained using this metho-
dology. The results for peak detection evaluation on free walk data are
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40 meter walk Free walk

Precision Recall F-Measure Precision Recall F-Measure

Controls 77 % 99 % 86 % 68 % 99 % 81 %
PD Patients 76 % 99 % 86 % 71 % 100 % 83 %
Geriatric Patients 84 % 97 % 90 % 85 % 95 % 90 %

Table 4.4: Detailed results of 40 meter walk and free walk from peak detection al-
gorithm based on data from GZ. The evaluated data corresponds to msDTW eval-
uated data. The table is reused from [Bart 15]with the publisher’s permission.

presented in Table 4.4. A maximum F-measure of 90 % for geriatric pa-
tients, 83 % for PD patients and 81 % for controls were obtained using this
methodology. A representative example for segmented strides with peak
detection from a free walk is shown in plot C of Fig. 4.7.

4.6 Discussion

On the basis of DTW an algorithm was developed that can use multi-
dimensional signals to search for a given template in a continuous signal.
This msDTW algorithm is able to correctly segment strides from healthy
as well as altered gait, from both standardized gait tests such as the 40 me-
ter walk test, and from free walk sequences by simply adapting the thre-
shold. In particular, the robust results from the free walk sequences in-
dicate that the novel method is also very suitable for home monitoring
scenarios.

A comparison of stride segmentation resulting from accelerometer
and gyroscope data showed that gyroscope based segmentation is re-
quired for high F-measures. Especially, the z-axis of the gyroscope (GZ),
which represents the foot rotation in the sagittal plane, contributed
mostly to the best results. If only straight walk tests were analyzed, good
performance of stride segmentation from sagittal angular velocity sig-
nals has already been shown in the works of Hundza et al. [Hund 13] and
Mannini et al [Mann 12, Mann 11]. However, if turnings or other periodic
movements like stair climbing were included in the walking sequence ad-
ditional information like movement or rotation in coronal and transverse
plane would be required.

The aim of the study was to evaluate straight walking only. To improve
the detection accuracy for this specific need, we used additional to an-
gular velocity of sagittal the angular velocity of transverse plane (GY and
GZ), which improved the F-measure values by 2 and 5% for elderly con-
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Figure 4.7: Excerpt of a typical gait signal from free walk of an elderly control. The
subject climbed stairs for the first 20 seconds, which was followed by a transition
to a straight walking episode. In (A) manually labeled strides were marked with
red crosses and the complete gait sequence in dark grey. (B) shows the result from
msDTW with recognized strides marked with red crosses and segmented gait se-
quence marked in grey. (C) shows marked strides from peak detection algorithm.
Only stride maxima were marked with red crosses, because peak detection only
detects the peaks, not the complete gait sequence. (C) also shows typical mis-
takes from the peak detection algorithm (stair climbing strides were recognized
as strides). The figure is reused from [Bart 15]with the publisher’s permission.

trols and PD patients, respectively, during the 40 meter walk tests. The
GY axis represents the rotation around the superior-inferior axis and con-
sequently had high amplitude in turning sequences. The template was
constructed from strides while walking straight only. This allowed a pre-
cise rejection of turning movements highly desirable for later analysis of
isolated strides. However, to isolate turning movements for specific ana-
lysis, GY alone might be evaluated, or an appropriate template for turning
movements can be defined.
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Further evaluations showed that the combination of accelerometer
and gyroscope data did not produce better results, except in the case of
free walk tests from the PD patients‘ dataset, where the F-measure im-
proved by 1%.

The F-measure from the geriatric patients’s dataset was not improved
using the combination of accelerometer and gyroscope data. While our
algorithm performs well on accelerometer data from controls and PD pa-
tients, the results based on the accelerometer from the geriatric patients
dataset were not satisfactory (F-measure 51% for 40 meter walk test and
62% for free walk test). These results together with the fact that for each
experiment on the geriatric patient’s data a higher threshold delivers best
results - a higher threshold means higher difference to the template - sug-
gest that the template used in this study was not appropriate for this pop-
ulation. The template was defined from data of elderly controls with-
out gait impairments which were on average 18.7 years younger than the
geriatric patients. Especially the walking speed is lower in elderly sub-
jects, which may considerably influence the stride phases [Kang 08]. Fu-
ture work may include an individualized template (age-matched, gender-
matched) for specific subject groups, which might improve these out-
comes.

Regarding to the template generation another aspect can be improved
in future research on this topic. The template is generated by averag-
ing linear interpolations of previously recorded strides. If we assume that
strides, especially from different subjects, vary in their individual phases,
the template generated with this method blurs individual characteristics.
A template e.g. that is generated by strides with a different temporal re-
lation between swing and stance phases, will have a blurred transition
between this phases. An improvement could be reached if not a linear
interpolation is used, but an interpolation that shrinks and stretches in-
dividual phases of the stride signal. A dynamic time warping approach
could be used to combine individual strides. However, for the template
generation in our study we used an averaged template from strides with
high similarity and confirmed this approach with high recognition rates.

A potential issue of the proposed msDTW algorithm is that an opti-
mum fitting threshold for each group and axes combination has to be
identified. The focus of this study was to find the best threshold for one
particular population and not to optimize the threshold in general. A
possible solution to overcome this issue might be that a high threshold
is used in general, which would lead to equal or better recall measure-
ments at the expense of a worse precision. This means that the number
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of wrongly detected strides will increase slightly. These wrongly detected
strides may be rejected afterwards using post-processing methods with
additional boundary conditions (e.g. temporal processing of a gait cycle,
stride times, speed or turning angles).

One of the aims of this study was to determine which sensor axes com-
bination performed best for which subject group. Our analysis showed
that gyroscope GY combined with GZ axis performed well for each group.
The combination with accelerometer axes AXAYAZ increased the robust-
ness of the results for controls and PD patients during the free walk tests.
However, for geriatric patients the additional accelerometer axes did not
improve the results for the same reasons discussed previously. The results
showed that for the practical implementation of this algorithm the com-
bination of GYGZ is highly recommended.

The developed algorithm was compared to an already published and
well-described method from Salarian et al. [Sala 04]. As a difference we
did not focus on gait event detection and we mounted the sensor directly
on the shoe, not on the shank. The msDTW method showed 5 to 15%
higher F-measures. Mainly, the precision was higher, whereas the recall
was nearly perfect also for the peak detection method. The main reason
therefore was that the peak detection algorithm interpreted each peak as
a stride, which led to misinterpreted strides from other straight, non-gait
movements such as climbing stairs. That means that nearly each stride
was detected (high recall), but also numerous peaks were misinterpreted
as strides (low precision). Thus, a peak detection approach performs well,
if the movement sequence consists only of strides. In this study we fo-
cused on reliably extracting strides from free walk sequences. The results
of this work showed that the msDTW algorithm is a suitable solution to
this problem. Strides from free walk tests were recognized and segmented
with high accuracy, while other movements were rejected (Fig, 4.7).

A direct comparison with other studies that introduced stride seg-
mentation algorithms was difficult because different error measurements
were used in most of the studies. Another aspect that made the com-
parison challenging was the utilization of different datasets. Most of the
groups analyzed data from gait sequences only, which included only sig-
nals from straight walking. Mannini et al. [Mann 12] e.g. used a Hidden
Markov Model approach to identify strides from 2 minute treadmill walk-
ing in different speeds and reached 94.9% sensitivity (also termed as re-
call) and 98.3% specificity. This approach has the advantage that also the
gait phases where identified simultaneously. Compared to our results we
reached a higher recall but our work did not include gait phase detection.
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Another difference is that Mannini et al. used data from treadmill walking
not from free walk tests. Han et al. [Han 06] recognized strides with an ac-
curacy of 94% using accelerometers on both ankles during a continuous
walking test of 6.5 meters performed by using controls and 93% accuracy
on PD patients. However, in the work of Han et al. it is not exactly defined
how the accuracy measurements were calculated. The group of Hundza
et al. [Hund 13] reported recognition rates of 100% from gyroscope data
for a test where PD patients walked 25 meters. This study implies that no
strides were missed and no other movements were recognized as strides.
Nonetheless, the data of Hundza et al. consists only of straight walking
tests. No turning sequences, stair climbing or more than one gait initi-
ation phase were included in these tests. This contrasts with our study
where, especially in the free walk test, an arbitrary number of initiations,
turning sequences and stair climbing strides were included, and the stride
segmentation algorithm has to deal with much more challenging varia-
tions. Even in the 40 meter walk tests there were 3 turnings and 4 gait ini-
tiations. Thus, even though our stride segmentation algorithm showed
similar or even better results than previous works, the tests utilized here
to evaluate our methodology were more complex by design.

4.7 Chapter Highlights

• A stride segmentation algorithm was proposed that is
able to extract strides robustly from gait tests as well as
free movement patterns.

• The stride segmentation algorithm is able to extract
strides from a combination of different sensor modali-
ties at once to improve robustness and reliability.

• Contribution: The Dynamic Time Warping algorithm,
well known in speech processing, was adapted and used
for the first time to recognize and segment strides in in-
ertial sensor data.

• Contribution: Compared to state-of-the-art methods
the proposed stride segmentation algorithm is flexible
enough to recognize strides with an individual tempo-
ral distribution of stride phases, but is strict enough to
exclude e.g. turning strides or stair climbing.
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Chapter 5

Calculation and Validation of
Stride Parameters

Once strides are robustly segmented from movement sequences, the sen-
sor signals can be analyzed in greater detail. On the basis of the given
inertial sensor data and the previously segmented strides, gait events
and spatio-temporal stride parameters can be calculated. Existing al-
gorithms have been further developed and optimized with novel ideas.
In this chapter, the developed algorithms to calculate these parameters
are described and validated with external systems (cf. Fig. 5.1). The
development is partly based on the Master Thesis of Alexander Rampp
[Ramp 13], the Bachelor Thesis of Christoph Kanzler [Kanz 14] (both su-
pervised by the author of this dissertation) and the corresponding arti-
cles [Ramp 14, Kanz 15]. Parts of this chapter (methods of section 5.2 and
subjects and results of section 5.4) have previously been published in the
IEEE-TBME article [Ramp 14].

5.1 Motivation

The introduction in Chapter 1.2.3 gives an overview over published re-
search that targets gait event determination, stride parameter calculation
and gait analysis from inertial sensor data. There remain several open
research questions related to the broad, complex area of IMU based gait
analysis and its validation. In the following some of those open questions
are formulated and subsequently addressed.

Algorithms can be optimized by model adaptation with respect to
each individual stride. For example the sensor drift is higher in the swing
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Figure 5.1: The thesis describes the individual building blocks of a gait analysis
system to measure gait impairments in Parkinson’s disease. The whole frame-
work was developed in a step by step development process. The next step after
the stride segmentation, was the calculation of spatio-temporal stride parameters
from gait sequences.

phase of one stride and depends on individual timing and acceleration.
Because the drift compensation substantially influences the accuracy of
the parameter calculation, models to compensate the drift can be adapted
to each stride individually. Another line of optimization is the improve-
ment of the gait event detection by using accelerometer and gyroscope
data simultaneously. In this approach a combination of different sensor
axis can potentially be used to limit the search range for one specific gait
event.

Currently, many algorithms to calculate specific stride parameters re-
quire additional manual input. For example the calculation of the foot
height during a stride or the toe clearance relies on the shoe size in addi-
tion to the IMU data. In this thesis, a method was developed that needs
no manual inputs to improve the ease of use of a gait analysis system.

External gold standard systems were used for algorithm validation.
Published validation studies commonly use about 1000 strides from a
population of only 10 to 15 subjects (Table 1.3). Strides belonging to a
single person usually have similar shape and timings. This results in algo-
rithms that are optimized based on a large number of strides from only a
small number of subjects. Those algorithms often generalize poorly and
only perform accurately on certain stride types. Validation on a dataset
with more than 10-15 subjects is crucial, in particular when gait impair-
ments are analyzed. Furthermore, diversity of strides in the reference data
is important. Strides with a high variability regarding stride length, stride
speed, subject age or gender should be recorded for validation to optimize
the algorithms for a wide range of use. So far, there is no study in which
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reference data was recorded with a focus on variability of those stride pa-
rameters.

The aim of this chapter is to describe algorithms to calculate stride
parameters that are based on existing methods, but were developed fur-
ther to improve previously mentioned limitations. In Section 5.2 and 5.3
we describe the methods to calculate the stride parameters and avail-
able evaluation strategies, respectively. We then validate stride length and
stride times in Section 5.4 and 3D gait parameters in Section 5.5.

5.2 Methods for Stride Parameter Calculation

To calculate the spatio-temporal stride parameters from the IMU data the
msDTW stride segmentation algorithm was used (Chapter 4). Segmented
strides were manually proofed and corrected if necessary. However, stride
borders from msDTW algorithm were different to the biomechanical gait
events. For that reason, after stride segmentation the standard stride pa-
rameters HS, TO and Mid stance (MS) were calculated. A combination
of accelerometer and gyroscope data was used to recognize these gait
events. The temporal stride parameters stride time, swing and stance
time could be calculated on the basis of the gait events. The integrated
angular velocity of the gyroscope signal leads to the foot angles during
one gait cycle. In a last processing stage, spatial parameters were calcu-
lated by double integrating the accelerometer data including orientation
correction from the gyroscope data. A detailed description of the spatio-
temporal stride parameter calculation is given in this chapter. Fig. 5.2 vi-
sualizes the data processing for stride parameter calculation.

5.2.1 Calculation of Gait Events

The basis for the spatio-temporal stride parameter calculation are the
biomechanical gait events TO, HS and MS. A direct validation of these gait
events is not part of this thesis.

Toe Off

TO is described by Becker et al. [Beck 97] as a change in movement from
plantar flexion to dorsal extension of the ankle joint in the sagittal plane.
This change is supposed to coincide with the zero crossing of the gyro-
scope’s z-axis signal. The calculation of this event was described by Man-
nini et al. [Mann 11]. Examples for TO events are shown as green circles
in Fig. 5.3.
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Figure 5.2: Visualization of the data processing to calculate stride parameters. The
fields with yellow background show the stride parameters which were calculated
from IMU data. IMU: inertial measurement unit; msDTW: multi-dimensional dy-
namic time warping

Heel Strike

At the HS, the foot decelerates abruptly when the heel hits the ground.
This deceleration is represented as a minimum in the accelerometer x-
axis signal (red plus in Fig. 5.3). To make the algorithm robust to noisy
signals an own approach to identify the HS was developed:

1. Minimum search between swing and stance phase in the gyro z-axis
signal

• Reduction of search area per stride to the area between abso-
lute maximum to first 70 % of the stride

• Then, reduction to area between steepest negative slope and
steepest positive slope

• Then, identification of minimum in gyroscope z-axis

2. Identification of the HS in acceleration x-axis signal

• Searching for the minimum in the area 50 ms before and 20 ms
after the described minimum in the gyroscope signal
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Figure 5.3: Typical gait signal of accelerometer anterior-posterior movement and
gyroscope rotation in sagittal plane with toe off (TO, green circle), heel strike (HS,
red plus) and mid stance (MS, blue cross) events. Dotted lines show the stride bor-
ders from previously described msDTW stride segmentation. The figure is reused
from [Ramp 14]with the publisher’s permission © 2015 IEEE.

Mid Stance

In general, the MS is the phase were the foot has the lowest angular veloc-
ity. Here, we defined the MS as the point in the middle of this phase and
calculated it with the method of Skog et al. [Skog 10]. Therefor, a window
function was used that searched for the area with the lowest energy aver-
aged over all three gyroscope axes. The window length was set to a size of
45 % of the stride length. This is about 30 % less than the complete stance
phase [Holl 11] and was determined by empirical evaluation. The MS is
illustrated as blue cross in Fig. 5.3.

5.2.2 Temporal Stride Parameters

Temporal stride parameters were calculated on the basis of the gait events.
The borders of the stride segmentation (Chapter 4) were not identical to
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these gait events and could not directly be used. Therefore, temporal pa-
rameters were defined from two consecutive strides. Definitions of TO,
HS and MS were modeled as functions tT O (i ), tH S (i ) and tM S (i ), where i
is the stride number taken from the stride segmentation. These functions
delivered the point in time within the stride i , where the event occurred.
To get the results in seconds, each temporal stride parameter was divided
by the sampling frequency fs .

St r i d e T i me (i ) =
tH S (i +1)− tH S (i )

fs
(5.1)

Sw i ng T i me (i ) =
tH S (i )− tT O (i )

fs
(5.2)

St a n c e T i me (i ) =
tT O (i +1)− tH S (i )

fs
(5.3)

5.2.3 Spatial Stride Parameters

To calculate the spatial parameters stride length and foot clearance fur-
ther data processing including orientation estimation, gravity cancela-
tion and a double integration, were necessary (Fig. 5.2). Based on the
orientation estimation, it is possible to calculate directly the angles dur-
ing one gait cycle. A sensor drift elimination is necessary to determine
stride length and foot clearance. To minimize this drift, the signal was
segmented at MS events assuming that the velocity of the foot is zero at
these points. For drift compensation these zero velocity assumption to
define start end end point of the model is necessary. In the following the
calculation of spatial parameters of one stride is shown. This stride is de-
fined between two subsequent MS events with the length of n samples,
e.g. sample 0 is equal to tM S (i ) and sample n is equal to tM S (i +1).

Stride Angles

Orientation estimation at MS: To describe the orientation of the sensor,
quaternions were used. They depict the mapping between the sensor
frame and the world frame. The y-axis of the world frame represents the
gravity axis of the earth. At MS events, the orientation of the sensor was
estimated by using the accelerometer as a tilt sensor. It was assumed that
there is no movement at this point in time. Due to the alignment of the
y-axis to the gravity vector, the rotation around the y-axis is assumed to
be zero.
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A quaternion that describes orientation in context of x- and z-axis at
this time instance was defined as the quaternion product

q= qx ⊗qz , (5.4)

where

qx = [cos
φ

2
sin
φ

2
0 0], (5.5)

and

qz = [cos
ψ

2
0 0 sin

ψ

2
]. (5.6)

The angles φ and ψ are rotation angles that describe the displace-
ment between sensor and world frame in rotations around x- and z-axis.
These angles were calculated from the accelerometer signals ax , a y and
az [Pedl 13, eqn. 25f]:

tanφ =
−az

−a y
(5.7)

tanψ=
−ax
a 2

y +a 2
z

(5.8)

These equations define the orientation at one specific MS event. The next
paragraph shows how to get a continuous orientation for each time point
in a stride.

Orientation estimation during stride: Between MS events, orienta-
tion was computed by integrating the gyroscope signals. The rate of
change q̂( j ) at sample j was defined as the quaternion product of a
previously estimated orientation q( j − 1) and the current angular rates
g x ( j ), g y ( j ), gz ( j ) scaled with the sampling rate fs [Cook 92]:

q( j ) =
1

2 fs
· (q( j −1)⊗ [0 g x ( j ) g y ( j ) gz ( j )]) (5.9)

This rate was added to the previous estimate [Madg 11]

q′( j ) = q( j −1) + q̂( j ), (5.10)

and the interim result q′( j ) was normalized by its L 2 norm to fulfill the
unit quaternion constraint:

q( j ) =
q′( j )
‖q′( j )‖2 (5.11)
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Sagittal foot angle estimation: The angleψ( j ) in the sagittal plane be-
tween the sensor and the ground could be calculated using the previously
estimated quaternion q( j ) [Kuip 99]:

ψ( j ) = arctan 2(2q2q3−2q1q4, 2q 2
1 +2q 2

2 −1). (5.12)

For a direct output of the foot angle ψ( j ) the angle was assumed to
be zero at MS. For further calculations the sensor angles estimated from
accelerometer data at MS point was used (Fig. 5.4).
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Figure 5.4: The sagittal angleψ between the foot and the ground has a maximum
after the toe off (ψ(T O )) and a minimum before the heel strike (ψ(H S )). During
the swing phase and in the stance phase the foot is for a short time parallel to the
ground and the angle is zero.

Stride Length

Gravity cancelation: To cancel the influence of the gravity from the ac-
celerometer signal a method described by Sabatini et al. [Saba 05a] was
used. The gravity component of the signal at sample j was described as a
vector aG ( j ). It was computed by projecting the gravity vector of the world
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frame to the sensor frame with the orientation quaternions estimated be-
fore [Saba 05a]:

a′G ( j ) = q( j )⊗ [0 0 −1 0]⊗q∗( j ) (5.13)

aG ( j ) =
a′G
‖a′G ‖2 (5.14)

q∗( j ) is the conjugate of quaternion q( j ) defined as

q∗( j ) = [q1( j ) −q2( j ) −q3( j ) −q4( j )] (5.15)

over q( j )’s components q1( j ), q2( j ), q3( j ) and q4( j )
The projected gravity aG ( j ) was subtracted from sensor measure-

ments aS ( j ) to get a gravity corrected acceleration vector aC ( j ) in the sen-
sor frame:

aC ( j ) = aS ( j )−aG ( j ) (5.16)

Finally, the corrected acceleration vector aC ( j ) in the sensor frame
must be projected back to the world frame aE ( j ).

aE ( j ) = q∗( j )⊗aC ( j )⊗q( j ) (5.17)

This computation step makes a simple integration of the sensor axes pos-
sible for position estimation.

De-drifted integration: The angular velocity signal already includes a
measurement noise. This signal is integrated to get the sagittal foot an-
gle, that is used for gravity cancelation. Thus, the acceleration vector aE

already contains drift. This drift was modeled by a drift function da ( j ).
A drift model with plateaus at the beginning and end was chosen as it is
assumed that drift only occurs during movement and not in the MS area.
The amplitudes of these plateaus were represented by the values y0 and
y1, which are the mean of the first k and the last l samples of the acceler-
ation vector aE of the current stride, respectively:

y0a =
1

k

k−1∑
j=0

aE ( j ) (5.18)

y1a =
1

l

n∑
j=n−l+1

aE ( j ), (5.19)
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Figure 5.5: The upper subplot illustrates a typical stride signal of accelerometer
anterior-posterior movement from the vector aE before and after dedrifting and
the associated drift function da ( j ). In the lower subplot, the corresponding veloc-
ity of the stride signal v and the associated velocity drift model dv ( j ) is illustrated.

Between these plateaus, the drift function interpolates a straight line:

da ( j ) =

⎧⎪⎨
⎪⎩

y0a if j ≤ k

y1a if j ≥ n − l

y0a + (y1a − y0a )
j−k

n−l− j else

(5.20)

The length of the plateaus, defined by the parameters k and l , were
calculated dynamically for each stride by an algorithm that detects the
MS phase, represented by static moments in the beginning and end of the
acceleration signal aE ( j ). To detect these static moments, the signal aE ( j )
was first normalized with the L 2 norm, then derived and subsequently
filtered with a lowpass with cutoff frequency of 5 H z .
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Figure 5.6: The filtered acceleration signal a′E f i l t ( j ) is used to determine the start
end end points of the plateaus for the drift model. The values of k and l were
determined for each stride by the intersection of a′E f i l t ( j )with the threshold tp .

a′E f i l t ( j ) = LP (
d

d j
‖aE ( j )‖2) (5.21)

The static moments at stride begin and end were then determined by
thresholding. The values k and l were set to the time points were a′E f i l t ( j )
intersects the threshold tp . The threshold was determined empirically
and set to 0.8.

The drift compensated acceleration signal was computed by subtract-
ing the drift from the estimate aE ( j ):

aE ( j ) = aE ( j )−da ( j ) (5.22)

By integrating this acceleration signal a velocity estimate

v( j ) =

∫ n

0

aE ( j )d j (5.23)

was calculated. Integration of the discrete signal values was accom-
plished using the trapezoidal rule.

To eliminate the drift from the integration of the accelerometer signal,
the effect of the zero velocity assumption was used. The zero velocity as-
sumption is shown and evaluated by Skog et al. [Skog 10] and says that
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on each MS event the velocity is zero v(0) = v(n ) = 0. Hence, the estimate
v(n ) describes the drift accumulated by integration.

This drift was modeled as described above, with the same values for k
and l :

y0v =
1

k

k−1∑
j=0

v( j ) (5.24)

y1v =
1

l

n∑
j=n−l+1

v( j ), (5.25)

and

dv ( j ) =

⎧⎪⎨
⎪⎩

y0v if j ≤ k

y1v if j ≥ n − l

y0v + (y1v − y0v )
j−k

n−l− j else

(5.26)

Again, drift was compensated by subtraction:

v( j ) = v( j )−dv ( j ) (5.27)

After that, the position of the sensor was calculated by trapezoidal in-
tegration of the velocity:

p( j ) =

∫ n

0

v( j )d j (5.28)

Finally, the stride length (SL) was defined as the L 2 norm of a two dimen-
sional vector containing the distance in x- and z-direction at the end of
the stride:

S L =

����
�

px (n )
pz (n )

�����
2

=



px (n )2+pz (n )2 (5.29)

Toe Clearance

To calculate the toe clearance (TC), the element py ( j ) from the position
vector p( j ) is used. The sensor clearance (SC) p( j ) represents the height
of the sensor above the ground. Again a drift cancellation is necessary in
this calculation step. Since only the lifting of the foot and not the absolute
sensor height is of interest, it can be assumed that the SC at stride begin

92



5.2. Methods for Stride Parameter Calculation

and end is 0. That means py ( j ) can be dedrifted with the assumptions that
y0p and y1p are 0 and the plateau size is equal to the size used for previous
dedriftings. The same drift model as described in formula 5.26 was used.

With the knowledge of SC and foot angles during a stride, the distances
between sensor and toe lt o e were estimated at T O events (Fig. 5.7).
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Figure 5.7: The continuous toe clearance pt o e ,y ( j )was calculated from the sensor
height py ( j ) subtracted by the sensor toe distance corrected with the continuous
sagittal foot angle. The distance lt o e was determined from the toe off angle and the
sensor height. The figure is reused from [Kanz 15]with the publisher’s permission
© 2015 IEEE.

lt o e =− py (T O )

sin(ψ(T O ))
(5.30)

This calculation assumed a rigid shoe model which does not bend during
T O .

The vertical offsetΔ( j ) between the sensor and the position of the toe
was calculated with the current foot angleψ( j ):

Δ( j ) =

�−lt o e · sin(ψ( j )) if ψ( j )< 0

lt o e · sin(ψ( j )) else,
(5.31)

where ψ( j ) is negative if the foot is inclined towards the line of progres-
sion.

Dependent on the incline of the foot, the TC (Fig. 5.8) was obtained by
either adding or subtractingΔ( j ) from the sensor position py ( j ):

T C = p̂t o e ,y ( j ) =

�
py ( j )−Δ( j ) if ψ( j )< 0

py ( j ) +Δ( j ) else.
(5.32)
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Figure 5.8: Example signal of the toe clearance ( ) during the swing phase. The
figure is reused from [Kanz 14]with the publisher’s permission.

5.3 Evaluation Strategy for Validation Studies

The validity of our method was quantified by comparing the individual
stride parameters calculated by the IMU based system to the parameters
from two different reference systems (gold standard) by determining ac-
curacy, absolute error and correlation coefficient.

Accuracy was defined as mean and standard deviation over the signed
difference of each stride. This measure shows if results of the evaluated
method tend to be smaller or larger compared to the gold standard. Due
to cancellation of negative and positive values, it cannot quantify the
discrepancy between the reference system and results of the evaluated
method.

The absolute error was defined as mean and standard deviation over
the absolute difference of each stride. It quantifies the discrepancy be-
tween gold standard and evaluated method in absolute values.

The correlation coefficient quantifies the statistical dependency be-
tween the results of the evaluated method and the gold standard. For this
evaluation, we used the Spearman correlation coefficient as it is more ro-
bust against outliers than e.g. Pearson correlation.

Furthermore, the results were visualized with Bland-Altman-Plots
[Blan 86]. These plots show the mean of the measurement on the x-axis
and the differences of the measurements on the y-axis. It also shows a
dashed line at ±1.96σ – so 95 % of the measurements are within these
two bounds (σ stands for standard deviation).
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5.4 Validation of Stride Length and Stride Times

In a first validation procedure, data from a cohort of elderly patients with
altered gait was used. Shimmer 2R sensor units with a sampling frequency
of 102.4 Hz were used for data collection.

5.4.1 Reference System for Validation

The gait analysis system GAITRite [McDo 01, Webs 05] consisting of
an electronic walkway containing pressure sensors was defined as the
gold standard. To calculate the gait parameters from the sensor signals
a computer with the GAITRite Platinum software version 4.7.1 was
used. The electronic walkway used in this study had a sensitive area of
609.60 cm×60.96 cm, a spatial accuracy of ±1.27 cm and a track width of
84 cm. Data were sampled at 120 Hz.

5.4.2 Subjects and Measurement Protocol

Data of 116 geriatric inpatients (Table A.3 in appendix for most frequent
diagnoses) was collected at the Geriatrics Centre Erlangen (Waldkranken-
haus St. Marien, Erlangen, Germany). In all patients, inertial sensor and
GAITRite data were recorded and analyzed by the same physical therapist
(Samuel Schülein, with 10 years of experience in physical therapy and 3
years of experience in clinical gait analysis).

Written informed consent was obtained prior to data collection in ac-
cordance with the approval by the ethical committee of the medical fac-
ulty of Friedrich-Alexander University Erlangen-Nürnberg (Re.-No. 4208).

The patients performed tests of a detailed geriatric assessment that
took about one hour. The assessment included for example an orthostatic
hypotention test, an eye test, depth sensitivity test, posturography ana-
lysis, TUG test and a dual task test. The protocol of the walking tests can
be seen in Table A.2 in the appendix.

We included data from from normal walking: Subjects passed 10
meter distance at their subjective comfortable walking speed over the
GAITRite instrumentation. Subjects were asked to walk at save and com-
fortable speed. No practice trials were performed on the GAITRite system.
During testing time, each subject was allowed to rest for 1-2 min between
each trail to avoid symptoms or signs of fatigue.

Data sets of 10 subjects had to be excluded completely – 8 for medical
reasons, 2 for recording errors from inertial sensor data (malfunction of a
sensor). Furthermore, there were 5 exclusions in the normal walk test due
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Normal walk

N 101
Sex (m/f) 46 / 55
Age (y) 82.1 ± 6.5
Height (cm) 164.0 ± 10.0

Table 5.1: Subject characteristics from validation study with GAITRite instru-
mented walkway. Age and height in mean ± standard deviation.

to measurement errors of the GAITRite system. A measurement error of
the GAITRite system was defined as a stride with a measured stride length
being higher than μ+ 2σ or lower than μ− 2σ where μ is the mean and
σ is the standard deviation of all strides of all subjects. Consequently, we
included 101 subjects in the normal walk test (Table 5.1).

To exclude the gait initiation from the sensor data recordings, subjects
started walking 2 meters prior to reaching the electronic walkway and
stopped 2 meters beyond it [Kres 05]. To establish a relationship between
strides derived from the GAITRite system and strides from inertial sen-
sors, the number of strides a subject took to reach the carpet were counted
and removed manually from the inertial sensor signals.

In this validation study the drift models were manually set and no au-
tomatic determination of the drift model plateaus was used. The length of
y0a was defined as 4% and the length of y1a was defined as 2% of the cur-
rent stride length for the acceleration drift model. For the velocity drift
model the length y0v was set to 0 and the length of y1v was set to 5 sam-
ples. These parameters were defined empirically.

5.4.3 Results

Table 5.2 shows evaluation results of the presented method. Temporal pa-
rameters were estimated with an absolute error≤33 ms. Spearman corre-
lation between the parameter calculation of the GAITRite system and the
IMU system was≥0.94 for stride time and stance time and≥0.89 for swing
time. Stride length was calculated with 6.27 cm mean absolute error and
correlation of 0.93 in normal walk test. Fig. 5.9 shows Bland-Altman-Plots
comparing the two measurement results.
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5.4. Validation of Stride Length and Stride Times

Test Parameter Unit IMU system GAITRite Mean Error Abs. Error ρ n

Normal
walk

Stride time s 1.227 ± 0.189 1.226 ± 0.189 0.002 ± 0.068 0.029 ± 0.062 0.95 1220
strides
101
subjects

Swing time s 0.364 ± 0.068 0.372 ± 0.081 −0.008 ± 0.045 0.025 ± 0.038 0.90
Stance time s 0.863 ± 0.154 0.854 ± 0.161 0.009 ± 0.069 0.033 ± 0.061 0.95

Stride length cm 79.8 ± 24.3 80.0 ± 23.4 −0.3 ± 8.4 6.3 ± 5.6 0.93

Table 5.2: Results of our inertial sensor-based system are compared to the results
of the gold standard (GAITRite). Quality of the measurement is denoted as the dif-
ference of the measured values (mean error), the mean of the absolute error (abs.
error) and Spearman correlation coefficient (ρ). Results, mean error and abs. er-
ror are given as mean ± standard deviation. The table is reused from [Ramp 14]
with the publisher’s permission © 2015 IEEE.
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Figure 5.9: Bland-Altman-Plots of validation study with GAITRite. The x-axis
shows the arithmetic mean of results of our method and the gold standard; the
y-axis shows the difference between the results. The dashed line in the middle is
the arithmetic mean of the differences, the lines above and below denote 1.96σ
(σ= standard deviation) where 95 % of the differences are in between. The figure
is reused from [Ramp 14]with the publisher’s permission © 2015 IEEE.
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5.5 Validation of 3D Gait Parameters

The second validation study focused mainly on the analysis of angle and
clearance measurements. In this study the aim was to analyze a high vari-
ability of strides from different age groups and different kinds of strides
regarding length and speed. In the validation study described in this sec-
tion Shimmer 3 sensor units with a sampling frequency of 204.8 Hz were
used.

5.5.1 Reference System for Validation

The gold standard system was the VICON optical motion capture system.
Data was sampled at 200 Hz. To match the sampling rate from the IMU
data, the ground truth data was linearly interpolated up to 204.8 Hz using
the Matlab (MathWorks, MA, USA) function interp1. 6 markers at each
shoe (Fig. 5.10) were tracked by 16 VICON T-series cameras to provide the
3D position. The data was recorded with the Vicon Nexus 1.8.5 software.

Figure 5.10: A Shimmer 3 sensor with the wireless trigger system as well as 6 mark-
ers were mounted at each shoe. In this figure, the marker placed medial below the
ankle joint is not visible.

Due to calibration errors, the recorded vertical position data showed an
over time ascending marker position (about 2 − 3 c m in 4m distance),
even though the environment was a flat surface. It was assumed that the
mid stances of two subsequent strides were on the same vertical level. To
compensate the systematic error, a linear drift model was subtracted from
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5.5. Validation of 3D Gait Parameters

Trial Stride length Stride velocity

1 Normal Normal
2 High High
3 High Low
4 Low High
5 Low Low

Table 5.3: Each subject had to perform gait trials with different combinations of
stride velocities and stride lengths.

Complete data

N 20
Sex (m/f) 11 / 9
Age (y) 42.5 ± 19.3 [16-76]
Height (cm) 174.7 ± 8.2 [156-187]

Table 5.4: Subject characteristics from validation study with Vicon motion capture
system. Age and height in mean ± standard deviation.

the position signal of the markers individually for each stride between mid
stance points.

5.5.2 Subjects and Measurement Protocol

The data recording took place at the laboratory of the adidas AG (Herzo-
genaurach, Germany). 20 healthy subjects were acquired from different
age groups (Table 5.4). Subjects performed 5 different gait trials with 3
repetitions each. To get a high variability in the validation data the sub-
jects were advised to walk with different stride length and velocities but
convenient for them. The 5 different walking trials regarding stride length
and velocity are described in Table 5.3. Written informed consent was ob-
tained prior to the data collection.

10 recorded gait trials from 300 in total were excluded completely -
9 because the reference data was corrupted and 1 due to artifacts in the
IMU data. For the entire data analysis, 4 outlier strides were removed.
These outliers occurred due to wrongly detected heel strike events. 713
strides with valid data from both measurement systems were manually
segmented.
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5.5.3 Synchronization

Both measurement systems were synchronized using a wireless trigger
system consisting of a transmitter and a receiver [Kugl 12]. The transmit-
ter was mounted at a light barrier and the receiver at the Shimmer 3 analog
input. When the subject crossed the light barrier, the transmitter sent an
impulse to the receiver.

5.5.4 Results

Table 5.5 shows evaluation results of the validation with the Vicon system.
The results were divided into the most relevant subgroups were subjects
walked with normal strides, high stride length and low stride length.

Stride length was estimated with an absolute error of 3.9 cm for the test
were subjects walked with normal strides and 4.2 cm for low stride length
test. A higher error was obtained from high stride length where an abso-
lute error of 10.5 cm occurred. Spearman correlation between results of
our method and results of the Vicon system was ≥0.94 for normal strides.

Stride time was calculated with an error of≤18 ms and a correlation of
more than 0.98 in each case.

The absolute error of the maximum TC was in a range of 2.3 cm to
3.8 cm. However, the correlation ranges from 0.20 to 0.59 and was lower
compared to other stride parameters.

For the TO angle, errors between 2.4 ◦ and 3.5 ◦ were reached for nor-
mal strides and low stride length test. In the high stride length test an ab-
solute error of 6.4 ◦ was reached. Spearman’s correlation ranges from 0.72
to 0.9. The calculation of HS angle showed an increased error of up to
9.3 ◦ for the data with high stride length instead of 7.1 ◦ for normal strides.
Also the correlation coefficient was decreased compared to data from TO
angle.

For a visualization of the mean and difference of the systems, Fig. 5.11
presents Bland-Altman plots of most relevant parameters.

5.6 Discussion

Technical Validation of Stride Length and Stride Times

If we compare the validation results to other groups working on IMU
based gait analysis, similar or even better results were reached. Mariani et
al. [Mari 10] e.g. calculated stride length with a similar correlation (0.96),

100



5.6. Discussion

Test Parameter Unit IMU system Vicon Mean Error Abs. Error ρ n

Normal
strides

Stride length cm 155.4 ±13.1 155.0 ± 14.9 0.4 ± 6.1 3.9 ± 4.7 0.94

169
strides

Stride time s 1.096 ±0.098 1.092 ± 0.100 0.004 ± 0.180 0.009 ± 0.016 0.98
Max TC cm 12.1 ±2.8 13.3 ± 1.5 −1.1 ± 2.9 2.3 ± 2.1 0.20

Angle TO ◦ −71.8 ±5.0 −70.7 ± 6.9 −1.1 ± 4.5 2.4 ± 4.0 0.90
Angle HS ◦ 18.5 ±5.7 24.9 ± 5.6 −6.4 ± 6.0 7.1 ± 5.2 0.50

Low
stride
length

Stride length cm 131.2 ±24.1 131.4 ± 24.1 −0.1 ± 6.5 4.2 ± 4.9 0.97

364
strides

Stride time s 1.098 ±0.195 1.097 ± 0.198 0.001 ± 0.300 0.018 ± 0.024 0.99
Max TC cm 10.1 ±4.8 11.0 ± 2.1 −0.9 ± 4.6 2.5 ± 3.9 0.59

Angle TO ◦ −65.3 ±9.0 −62.8 ± 11.6 −2.6 ± 7.1 3.5 ± 6.7 0.88
Angle HS ◦ 14.6 ±6.0 20.1 ± 5.8 −5.5 ± 6.1 6.5 ± 5.0 0.55

High
stride
length

Stride length cm 187.0 ±22.5 191.1 ± 24.6 −4.0 ± 17.4 10.5 ± 14.4 0.84

180
strides

Stride time s 1.250 ±0.239 1.251 ± 0.239 −0.001 ± 0.070 0.005 ± 0.005 1.00
Max TC cm 17.9 ±6.2 17.9 ± 2.5 0.0 ± 5.7 3.8 ± 4.2 0.43

Angle TO ◦ −75.1 ±5.8 −70.3 ± 13.7 −5.0 ± 11.8 6.4 ± 11.1 0.72
Angle HS ◦ 25.6 ±7.6 32.5 ± 8.64 −6.9 ± 9.0 9.3 ± 6.6 0.41

Table 5.5: Results of the IMU based system are compared to the results of the gold
standard (Vicon). Data from 20 subjects is shown. Subjects were advised to walk
with normal stride length, low stride length and high stride length. Quality of the
measurement is denoted as the difference of the measured values (mean error),
the mean of the absolute error (abs. error) and Spearman correlation coefficient
(ρ). Results, mean error and abs. error are given as mean ± standard deviation.

but a lower standard deviation of the mean error (1.5± 6.8 cm). Com-
pared to Salarian et al. [Sala 04], stride length was similar (mean error:
3.5± 8.5 cm), but their method was more accurate in stride time (mean
error: 0.0022± 0.0232 s) and stance time (mean error: 0.0059± 0.0296 s).
This accuracy was achieved using six gyroscopes mounted on upper and
lower leg which is not applicable for a non stigmatizing day-by-day long
time monitoring system. Doheny et al. [Dohe 10] calculated stride length
using two gyroscopes placed on the shank (mean error: 9± 7 cm) but they
already mentioned that their method could have problems with altered
gait.

In general, comparison with results from other studies is difficult
because there are various statistical measures which cannot be com-
pared with each other. Moreover, the source of the analyzed data
was very diverse ([Dohe 10] had young, [Sala 04] had old subjects;
[Mari 10, Dohe 10] had healthy subjects, [Sala 04] had patients as well
as healthy controls) and the number of subjects differed (from 7 to
20). To improve comparability with other studies, we published our
data (http://www.activitynet.org) and invite other studies to apply their
method on our data.

In order to calculate the important gait events during one stride,
methods out of literature were used for TO and MS calculation [Mann 11,
Skog 10]. For detecting HS, previous studies showed that this event is just
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Figure 5.11: Bland-Altman-Plots of the validation study with a Vicon reference
system. For each stride, one data point as plotted. The x-axis shows the arith-
metic mean of results of our method and the gold standard; the y-axis shows the
difference between the results. The line in the middle is the arithmetic mean of
the differences, the lines above and below denote 1.96σ (σ= standard deviation)
where 95 % of the differences are in between.

before the change in angular velocity between swing and stance phase
[Mann 11]. While other studies used the gyroscope signal solely, we used
the accelerometer signal as an additional source of information. A HS al-
ways causes a deceleration of the foot, which results in a peak in the ac-
celerometer signal and should therefore be a more accurate estimation of
this event. To make HS detection more robust, we considered just the rel-
evant part of the signal. Depending on the walking speed of a stride, the
swing phase lasts 32-38 % [Hebe 15], it is therefore sufficient to search in
the first half of the stride’s signal. Moreover it is obvious that the HS event
occurs after the mid swing event, which can be detected as the absolute
maximum of the gyroscope’s z-axis signal [Sala 04]. However, HS detec-
tion still caused problems for one particular subject (outliers in Fig 5.9).
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5.6. Discussion

The window size for MS detection was derived based on the assumption
that common stride speed ranges from 0.6-0.8 m/s and the MS phase lasts
30 % of a stride [Hebe 15]. Since MS occurs during a small amount of
time, a smaller window size is sufficient. However, the actual amount of
the window size for MS as well as the window size for HS detection were
adapted to our data and need further evaluation for generalization.

For the intermediate task of orientation estimation and gravity re-
moval of the accelerometer signal, a quaternion based calculation was
used. Compared to Euler angles, this method had the advantages that it
required less computational operations as well as avoided the problem of
a gimbal lock [Cook 92].

To compensate the drift that appears in gyroscope integration, a
piece-wise defined linear function was used. This function takes into ac-
count that the foot is assumed to stand still at the beginning and end of
every stride. In contrast to other studies that used a static function to mo-
del drift, we adapted the drift function in this study individually to each
single stride by using a fixed percentage of the stride to determine the
plateaus at stride beginning and ending. This approach is promising as
it takes into account that most drift occurs during swing phase and the
duration of the swing phase depends on the duration of the whole stride.
Despite the sophisticated sensor drift compensation, sensor drift was still
the main cause for inaccuracies in the stride parameter calculation. Fur-
ther research should consider methods to eliminate the possible sources
of the sensor drift.

Furthermore, the calculation of stride length is based on the assump-
tion that a foot has zero velocity at a specific point in time during stride.
In reality, velocity reaches a minimum at this point [Peru 11]. Results tend
to get better when setting the velocity not to zero but to a small amount
when resetting the integration. This relationship should be examined in
a separate study where subjects walk at different paces, since it can be
assumed that the relationship is dependent on the gait speed.

Results of the validation procedure of our system compared to the
gold standard GAITRite showed that the absolute differences and also the
correlation coefficients are comparable to literature [Mari 10, Mann 11].
Based on the high number of subjects and their advanced age, it can be
assumed that the method is applicable in geriatric medicine. Since the
approach showed promising results for altered gait, it can be assumed
that the developed method is usable for other gait disorders such as PD.
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Technical Validation of 3D Gait Parameters

In the previously discussed validation study, where IMU based stride pa-
rameters were compared to the results from an instrumented walkway, it
is not possible to get information about the accuracy of three dimensional
parameters. The foot angle during the gait events HS and TO and the max-
imum TC of the foot during one gait cycle could so far not be compared to
reference data. For that reason, another validation study using an optical
motion capturing system as a gold standard system was set up. To pro-
duce generalizable validation results, a dataset from a variety of different
strides and walking styles was recorded.

The absolute error of stride length for subjects performing a normal
walk was 3.9± 4.7 cm. We assume that this improvement is caused by the
validation data of healthy subjects compared to altered gait of geriatric
patients in our first validation study with the GAITRite system. Based on
the results for subjects that were advised to walk with high stride lengths,
the absolute error increased to 10.5± 14.4 cm. In these tests a strongly
changed and unnatural walking pattern was observed. This supports the
idea that it is more difficult to calculate parameters from altered gait, be-
cause the stride event detection is more difficult.

Like in the previous study with the instrumented walkway, results with
high precision and accuracy for the stride time calculation were reached.
An error of less than 18 ms and a correlation coefficient of more than
0.98 was measured in all cases. Stride times were calculated between heel
strikes of segmented strides based on our improved HS detection algo-
rithm. This excellent results for stride time confirm the precision of the
algorithm for HS detection.

With a camera based motion capturing system, the validation of 3 di-
mensional parameters like the maximum TC was also possible. With our
system, we achieved an absolute error of 2.3± 2.1 cm and a mean error of
1.1± 2.9 cm for normal strides. The only group that also showed a valida-
tion of the clearance was the group of Aminian. In the study from Mariani
et al. [Mari 12], they focused on calculating the clearance during discrete
time points and also on the maximum TC as in our study. They achieved
a mean error of 2.1± 1.8 cm for normal strides. We reached a lower mean
error but a higher standard deviation. These similar results were obtained
even though we estimated the shoe size from the sensor data. The algo-
rithms of the group of Mariani used the shoe size as an additional input
parameter. With a novel approach, we estimate the shoe size by combin-
ing sensor clearance and angles on HS and TO events. The algorithms
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5.6. Discussion

used a simplified model, where the shoe is assumed to be a rigid body.
However, this simplified assumption can have a negative influence on
the results of the validation. Further research could incorporate a flexi-
ble shoe model to get a more reliable shoe size estimation.

The calculation of angles was validated on the discrete gait events HS
and TO. A comparable validation study, also with a Vicon system, was pre-
sented in 2014 from Brégou Bourgeois et al. [Breg 14]. They achieved a
mean error for the HS angle of 0.5± 2.9 ◦ and for the TO angle of 4.6± 5.8 ◦
for normal strides from healthy controls. Compared to their algorithms,
our system shows a higher error for HS angle 6.4± 6.0 ◦ and a lower error
for TO angle 1.1± 4.5 ◦ in the data of normal strides. The Bland-Altman
plot 5.11 shows a constant negative offset of the HS angle of the IMU based
system. In this stride phase the movement is fast and a constant offset of
a few ms of the HS itself may explain this error. However, the TO angle can
be calculated more accurate than with the algorithm of Bregou Bourgeois
et al. [Breg 14]. The reason for the contradictory results from both studies
could lie in the different algorithms to determine the gait events.

The Bland-Altman plot in Figure 5.11 shows several outliers for stride
length and TO angle calculation. It was assumed that the TO angle out-
liers were caused by the unnatural walking pattern from tests where the
subjects were advised to walk with high stride length. If the foot rotation
does not change direction when the subject loses ground contact, the TO
is detected too early or too late and consequently a wrong angle is cal-
culated. In case of the stride length, it was assumed the outliers result
from the tests where the subjects were advised to walk fast. In these tests,
the subjects often hit the ground very hard and the sensor unit was shook
exaggerating. These hard impacts cause sensor noise that results in a bi-
ased sensor signal. To improve the robustness of the gait analysis system,
a better sensor mounting should be considered.

A novel approach for the drift model adaption was introduced and val-
idated in this study. The length of the plateaus at the drift model begin-
ning and ending were determined by an algorithm that detects static mo-
ments. This approach analyzes each stride individually to determine the
length of the MS phase in contrast to the percentage dependent approach
before. Especially for altered gait, the relationship between swing and
stance phase varies [Haus 98]. That causes different length of MS, even
in the gait of the same person and necessitates a per stride detection of
the MS phase for an accurate drift model creation. With the introduced
static moment detector, the drift model could be adapted to each individ-
ual stride, independent of the walking style.
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5.7 Chapter Highlights

• Algorithms for the calculation of gait parameters were
developed that allow for a clinical interpretation and are
thus well understandable and acceptable by both ther-
apists and physicians (e.g. stride time, stride length, an-
gles, clearance, etc.).

• The focus lies in a wide range usability of the system.
Therefore gait parameters were validated on data with
a high variability regarding age and sex of the subjects,
and stride time and length. Additionally the algorithms
were validated on data of patients with altered gait.

• Contribution: The applicability of the developed algo-
rithms was shown by analyzing data of patients with al-
tered gait from elderly.

• Contribution: The developed algorithms do not rely on
additional inputs about subject, sensor or shoe geome-
try. No additional information have to be provided man-
ually when calculating the described gait parameters.
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Chapter 6

Shuffling Gait in Parkinson’s
Disease

A study with 291 subjects was cunducted, in which the described algo-
rithms for stride segmentation and stride parameter calculation were ap-
plied. The aim was to detect and confirm gait alterations in PD patients
obtained from strides isolated during the 40 meter walk test. Differences
between PD patients and controls were analyzed as well as typical alter-
ations regarding different disease stages. The methods, datasets and re-
sults of this chapter are based on the article [Schl 17] submitted to the
journal PLoS ONE (shared first authorship of J. Barth and J. Schlachetzki).
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Figure 6.1: The thesis describes the individual building blocks of a gait analysis
system to measure gait impairments in Parkinson’s disease. The whole frame-
work was developed in a step by step development process. The next step after
the stride segmentation and stride parameter calculation was to evaluate stride
parameters on a dataset of 291 subjects including PD patients and controls.
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Chapter 6. Shuffling Gait in Parkinson’s Disease

6.1 Motivation

Gait is often evaluated for therapy related decisions and as an important
indicator for quality of life. However, gait is only analyzed by visual im-
pression of movement disorder specialists and is consequently rated in a
subjective way. With the help of spatio-temporal stride parameters, e.g.
assessed with the system developed in this thesis, a better rating can be
established [Hend 16, Mari 13]. Implementing an objective and mobile
assessment to record stride parameters can enable the quantification of
PD related gait patterns, can support the individual monitoring of dis-
ease progression, and help to evaluate individual response to a treatment
[Pasl 15].

The main focus of this chapter was the analysis of PD typical gait
changes and, in particular shuffling gait, that results in short strides, a re-
duced step height and a slow walking speed [Snij 07]. A detailed descrip-
tion of these impairments can be found in chapter 2. Stride parameters
like stride length, toe clearance or angles have the potential to measure
shuffling gait and help physicians to assess impairments more objective.

Another point of interest was the analysis of postural instability, which
is a cardinal symptom of PD and results in an increased risk for falls.
In addition, non-harmonic gait or increased gait variability were highly
prevalent in PD [Blin 90, Haus 98]. Increased gait variability, in particular
stride time variability in PD, has been associated with postural instability
[Scha 03]. These former findings should be analyzed with our IMU based
gait analysis system.

In this study we used a cross-sectional design to compare stride pa-
rameters of PD patients to a group of controls and also between different
disease stages.

6.2 Methods

6.2.1 Subjects and Measurement Protocol

Data of 190 patients with PD and 101 age matched controls was analyzed
in this study (Table 6.1). Patients were diagnosed by movement disorder
specialists of the Department of Molecular Neurology at the University
Hospital Erlangen according to consensus criteria of the German Soci-
ety of Neurology analogue to the National Institute of Neurological Dis-
orders and Stroke (NINDS) diagnostic criteria for PD [Gelb 99]. PD pa-
tients were recruited during their visit in the movement disorder out-
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6.2. Methods

PD patients Controls

N 190 101
Sex (m/f) 125 / 65 45 / 56
Age (y) 63.7 ± 10.6 61.2 ± 10.7
Disease duration (y) 5.5 ± 4.8 -
H&Y 2.1 ± 0.8 -
UPDRS motor score 18.6 ± 10.6 -
Weight (kg) 77.5 ± 14.7 75.7 ± 12.6
Height (cm) 172 ± 8.9 170.0 ± 7.8

Table 6.1: Baseline characteristics of PD patients; m: male; f: female; H&Y: Hoehn
& Yahr; UPDRS: Unified Parkinson’s Disease Rating Scale; Characteristics are given
as mean ± SD.; no significant differences between patients and controls

patient center at the University Hospital Erlangen from May 2010 un-
til July 2014. Written informed consent from PD patients and controls
was obtained (IRB-approval-Re. -No. 4208, Medical Faculty, Friedrich-
Alexander University Erlangen-Nuernberg, Germany). Clinical evalua-
tion according to the UPDRS motor score rating was obtained immedi-
ately prior to gait assessment (< 30 min) to reduce the influence of motor
fluctuations [Goet 07]. Exclusion criteria consisted of non-PD related gait
impairments (e.g. spinal or orthopedic surgery), atypical Parkinson syn-
dromes, spasticity, stroke, neuropathy, myelopathy, hydrocephalus, and
severe cognitive impairment. Patients had to be able to walk indepen-
dently (H&Y < 4, UPDRS gait item < 3). All subjects performed 40 meter
walk at their preferred speed, which is described in detail in chapter 3.2.

PD patients were staged according to H&Y and divided into differ-
ent subgroups for in depth analysis of the disease progression (H&Y I:
n=63; H&Y II: n=65; H&Y III: n=62) [Goet 04a]. Further the PD patients
were categorized based on the level of motor impairment in groups with
low (U P D RSl o w : 1-12; n=68), middle (U P D RSmi d d l e : 13-22; n=58), and
high (U P D RShi g h : ≥ 23; n=64) impairment. The groups were defined to
achieve a balanced amount of patients per group. Additionally patients
were divided into subgroups regarding two single items of the UPDRS mo-
tor score: gait (0: n=71; 1: n=94; 2: n=25) and postural stability (0: n=90;
1: n=81; 2: n=19).

To obtain quantitative gait data from controls, we recruited 101 age-
matched controls with no signs of PD and/or other motor impairment as
defined by the exclusion criteria mentioned above. With respect to age,
height, weight, and body-mass-index (BMI), PD and control cohorts did
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not show any differences (see Table 6.1). However, the number of male
PD patients was higher compared to male controls.

6.2.2 Sensor Platform and Stride Parameter Calculations

Data was collected with the inertial sensor measurement system de-
scribed in chapter 3. Data was recorded wirelessly via Bluetooth with a
sampling rate of 51.2Hz. All strides from straight walking were automat-
ically identified by the msDTW algorithm including gait initiation strides
but excluding turning strides as described in chapter 4. Subsequent to
stride isolation, the following stride parameters were calculated by algo-
rithms described in chapter 5:

• Stride length
• Stride time
• Stride velocity
• Cadence
• Stance time
• Swing time
• Heel strike angle
• Toe off angle
• Maximum toe clearance

For statistical comparison the strides from left and right foot were aver-
aged. Variabilities of the parameters were given as Coefficient of Variation
(CV) (standard deviation divided by mean).

6.2.3 Statistical Analysis

Differences in stride parameters of PD patients and controls were calcu-
lated based on Student’s T-test or one-way ANOVA followed by Bonfer-
roni’s post-hoc test as indicated. To calculate the correlation coefficients
Pearson’s r was used. Statistical analysis was calculated using Matlab
(MathWorks, MA, USA) and SPSS (IBM Deutschland GmbH, Germany).
Data are expressed as mean values ± standard deviation (SD). The signif-
icance level was set at p < 0.05.
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PD patients Controls p-value

Stride length [cm] 114 ± 18 123 ± 17 <0.001
Stride time [s] 1.10 ± 0.10 1.04 ± 0.10 <0.001
Stride velocity [m/s] 1.06 ± 0.19 1.20 ± 0.18 <0.001
Cadence [spm] 55.1 ± 4.7 58.4 ± 7.7 <0.001
Stance time [%] 65.0 ± 2.4 63.9 ± 2.0 <0.001
Swing time [%] 34.9 ± 2.4 35.9 ± 1.9 <0.001
Maximum toe clearance [cm] 10.6 ± 4.0 14.3 ± 4.5 <0.001
Heel strike angle [◦] 19.0 ± 9.3 22.1 ± 9.5 <0.01
Toe off angle [◦] -54.8 ± 9.5 -56.4 ± 8.7 >0.05

Table 6.2: Stride parameters of the 40 meter walk with initiation strides. Values
presented as mean± SD; spm: strides per minute; p-value calculated with Stu-
dent’s T-test. The table is reused from [Schl 17]with the publisher’s permission.

6.3 Experiments and Results

6.3.1 Short Strides and Shuffling Gait

Differences in spatio-temporal stride parameters between both groups
(Table 6.2) were analyzed. Significant differences in all spatio-temporal
stride parameters were detected. Stride length was significantly reduced
by 7 % in the PD cohort, while stride time and stance time was signifi-
cantly increased by 6 % and 2 %, respectively. This short stride pattern
was completed by a significant decrease in cadence and stride velocity,
reflecting the typical bradykinetic feature of gait in PD. Next, the aim was
to assess shuffling gait in the PD cohort. Since shuffling is mirrored best
by reduced toe clearance as well as altered heel strike and toe off angles,
these parameters were extracted by single stride analysis (Table 6.2). Max-
imum toe clearance in controls reached 14.3± 4.5 cm, while in PD max-
imum toe clearance was significantly reduced by 26 % to 10.6± 4.0 cm.
The lifting of the foot reflected by the heel strike angle was reduced in PD
patients by 14 %, while the toe off angle did not significantly differ be-
tween both groups. Taken together, by applying mobile sensor-based gait
analysis to the PD cohort we were able to measure both, short strides and
shuffling gait in PD.

Gait in Different Disease Stages of PD

With disease progression, gait impairment becomes more prevalent and
increasingly reduces mobility [Elli 11]. Thus, gait patterns were compared
related to short strides between different disease stages according to H&Y.
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Overall, there was a significant difference in stride length and stride ve-
locity (Fig. 6.2 A), as well as stride time, stance phase and swing phase
between PD and controls (Fig. 6.3 A). In the course of the disease, walking
deficits become more evident, reflected by deterioration of stride length,
stride time, stance time, maximum toe clearance, and heel strike angle
(p < 0.05) (Fig. 6.2, 6.3 and 6.4 A).
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Figure 6.2: Quantification of short strides in PD and controls in a cross-sectional
study design. Stride length and stride velocity were calculated for controls and
PD patients grouped according to Hoehn & Yahr disease stage (A), UPDRS motor
score (B), and the single item gait of the UPDRS motor score (C). Group data are
displayed as mean± SD and compared using one-way ANOVA followed by Bon-
ferroni’s post-hoc test. *p < 0.01. The figure is reused from [Schl 17]with the pub-
lisher’s permission.

Next the question was, whether spatio-temporal stride parameters corre-
sponded to motor impairment defined by the total UPDRS motor score
(Fig. 6.2, 6.3 and 6.4 B). All spatio-temporal stride parameters were sig-
nificantly impaired in PD patients with high motor impairment, e.g.
UPDRShi g h . Furthermore, stride length and stride velocity were also sig-
nificantly reduced in UPDRShi g h patients compared to UPDRSl o w and
UPDRSmi d d l e .
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Figure 6.3: Quantification of short stride times in PD in a cross-sectional study
design. Stride time, stance phase, and swing time were calculated for controls
and PD patients grouped according to Hoehn & Yahr disease stage (A), UPDRS
motor score (B), and the single item gait of the UPDRS motor score (C). Group
data are displayed as mean ± SD and compared using one-way ANOVA followed
by Bonferroni’s post-hoc test. *p < 0.05. The figure is reused from [Schl 17] with
the publisher’s permission.

According to the definition of the gait item of the UPDRS motor score,
the clinician rates gait of PD by observing in particular changes in stride
length. Thus, the correspondence between mobile sensor-based stride
parameters and the clinician’s gait rating was analyzed. Specifically, stride
length and stride velocity decreased corresponding the clinician’s rating
of the UPDRS motor score item gait (Fig. 6.2 C). Stride time and stance
time increased, also reflecting gait impairment (Fig. 6.3 C).

Shuffling gait increases with the progression of disease and motor im-
pairment 2. This was expressed in various stride parameters (Fig. 6.4).
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In particular, the maximum toe clearance was significantly impaired and
discriminated between PD patients and controls (Fig. 6.4 A). Specifically,
maximum toe clearance was already significantly decreased at onset of
disease (controls: 14.3± 4.5cm vs. H&Y I: 11.6± 3.9cm). Maximum toe
clearance was also significantly reduced in all H&Y stages when patients
were stratified according to the level of motor impairment (Fig. 6.4 B) and
UPDRS motor score gait item rating (Fig. 6.4 C). With advanced disease
stage as well as motor and gait impairment, heel strike and toe off angles
were significantly reduced (Fig. 6.4 A-C). Based on these findings, maxi-
mum toe clearance was the best indicator of shuffling gait measured in
the present study early in the disease.
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Figure 6.4: Quantification of shuffling gait in PD in a cross-sectional study design.
Maximum toe clearance, heel strike, and toe off angles are depicted according to
Hoehn & Yahr disease stage (A), UPDRS motor score (B), and rating of the single
item gait of the UPDRS motor score (C). Group data are displayed as mean ± SD
and compared using one-way ANOVA followed by Bonferroni’s post-hoc test. *p <
0.05. The figure is reused from [Schl 17]with the publisher’s permission.
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PD Controls
W/o initiation With initiation W/o initiation With initiation p-value

Stride length CV (%) 8.3 ± 4.3 15.8 ± 5.7 9.1 ± 4.2 15.7 ± 7.6 >0.05
Stride time CV (%) 5.6 ± 5.1 7.0 ± 4.3 6.1 ± 5.3 7.8 ± 5.4 >0.05
Stance phase CV (%) 6.3 ± 5.7 8.5 ± 5.2 7.3 ± 6.3 9.3 ± 6.0 >0.05
Swing phase CV (%) 8.9 ± 10.6 10.5 ± 9.7 9.2 ± 10.1 11.1 ± 12.5 >0.05

Table 6.3: Gait variability during the 40 meter walk was analyzed from PD patients
as well as controls. No significant differences were found between PD patients and
controls for both, datasets with and without gait initiation. Values are presented
as mean ± SD; W/o: without; CV: coefficient of variation; p-value calculated with
Student’s T-test. The table is reused from [Schl 17]with the publisher’s permission.

6.3.2 Correlation of Stride Parameters with UPDRS Motor Score

Since stride parameters may differentially deteriorate in relation to the
overall motor impairment, it was then examined, whether changes in
stride parameters correlate with the total UPDRS motor score. The regres-
sion analysis between individual stride parameters and the UPDRS mo-
tor score revealed highly significant correlation (p < 0.001). However, low
but significant correlation coefficients for gait velocity (R=-0.360), stride
length (R=-0.337), and maximum toe clearance (R=-0.291) indicated that
there was only a mild contribution of gait to the overall UPDRS motor
score.

6.3.3 Gait Variability in PD and Postural Stability

The next analysis was whether gait variability was altered in the PD co-
hort. Interestingly, there was no group difference in gait variability (stride
time, stride length, and swing time) between PD patients and controls
(Table 6.3). Since the initiation strides alter gait, we analyzed the distinct
stride parameters without the first two initiation and deceleration strides
of each 10 meter track and confirmed these results (Table 6.3).

The impact of the disease stage according to H&Y on gait variability
was analyzed next. Again, no significant changes e.g. in swing time vari-
ability were detected when different disease stages according to H&Y were
compared (Fig. 6.5 A). In the UPDRS motor score, the patient’s perfor-
mance in the pull test determines the clinician’s rating of postural stability.
Intriguingly, an increased swing time variability was observed in patients
with increased postural instability compared to PD patients without pos-
tural instability (Fig. 6.5 B). Thus, PD patients showing enhanced postural
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instability in the clinical examination presented also with increased swing
time variability.
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Figure 6.5: PD patients with higher postural instability as identified by rating of
the single item postural stability of the UPDRS motor score show increased swing
time variability (A). However, swing time variability shows no significant increase
when grouped according to Hoehn & Yahr disease stage (B). Group data are dis-
played as mean ± SD and compared using one-way ANOVA followed by Bonfer-
roni’s post-hoc test. *p < 0.05. The figure is reused from [Schl 17] with the pub-
lisher’s permission.

6.4 Discussion

In addition to to the technical validation it is of interest to analyze gait
data from altered gait and consider if the clinical observations coincide
with the IMU based measurements.

Such a clinical validation confirms that these methods can be used in
daily clinical practice. To this end, 190 PD patients and 101 age-matched
controls were recruited and gait signals from a 40 meter walk test were
recorded and analyzed. Thus, our findings extend previous reports on
gait alterations in PD patients, in which either only a limited number of
PD patients [Morr 94, Vier 97, Von 14] were examined or the analysis sys-
tem was not capable to deliver 3D spatio-temporal stride parameters like
clearance or angles [Hass 12].

One major goal of this study was to investigate that already stride
parameters are able to characterize typical gait impairments in PD pa-
tients. The presented cross-sectional approach showed that with the de-
veloped system PD associated gait changes can be objectively tracked.
Short strides and shuffling gait e.g. are prototypical features of PD associ-
ated gait. This assumption could be confirmed. All examined stride para-
meters significantly differed between controls and PD patients at moder-
ate disease stage and/or higher levels of motor impairment. Reduced toe
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clearance was detected as a single stride parameter distinguishing PD pa-
tients irrespective from their disease stage from controls. Gait alterations
in the early stage of PD are mild and require a well-trained and experi-
enced clinician. Here toe clearance can help in clinical decision making
and shows that gait assessment by mobile sensor-based gait analysis pro-
vides an objective tool for characterization of PD typical gait patterns.

The stride parameters which revealed the best differences between
groups in the cross-sectional study design showed also highly significant
correlations to the UPDRS motor score. However, with low correlation
coefficients which were equal or less than r=0.36 for the most predictive
parameters stride velocity, stride length and maximum toe clearance, it
is not possible to reproduce the information from UPDRS motor score.
These findings suggest that the UPDRS motor score and gait assessment
via mobile sensor-based gait analysis provide related information on mo-
tor function in PD, however complementary information, but no replace-
ment of the motor score rating. A future approach could be the usage of
multiple stride parameters at once to find the parameters or a parameter
combination which lead to a high correlation to the UPDRS motor score.

An increased fall risk is commonly related to gait impairments and
limits patients in their everyday life and reduces consequently the qual-
ity of life. Fall risk is often associated with an increased stride to stride
variability [Haus 05, Haus 09]. In this study no difference in stride time
as well as stride length variability in patients was detected comparing
gait data to controls or when analyzing patients for disease stage or mo-
tor impairment. Whereas we did not detect any differences performing
a group comparison analysis, swing time variability was significantly in-
creased in PD patients with decreased postural stability, as determined
by the clinician’s rating of the UPDRS motor score item postural stability.
Previous studies revealed that PD patients with enhanced postural insta-
bility, which is directly related to the risk of falls [Lieb 16], show increased
gait variability [Haus 98, Scha 03, Haus 96].

However, if we want to compare our study to previous work, one lim-
itation was that stride variability assessed during the 40 meter walk was
higher as reported previously [Haus 05, Haus 09]. This could be due our
experimental approach since patients were asked to walk with their pre-
ferred speed and had to start, turn and stop within a 10 meter track. It was
shown in previous studies, that different walking speed or dual task con-
ditions significantly alter stride variability [Eber 99, Yoge 05]. Other stud-
ies e.g. suggest that gait variability delivers only acceptable results with a
walking distance of at least 20 meters [Naja 11].
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Here, we employed a cross-sectional analysis to assess PD gait via clin-
ically applicable wearable sensor-based gait analysis. Our findings show
that this method provides objective and quantitative outcome of distinct
gait parameters, which can be used as markers, e.g. to monitor the present
status of the disease. From the patient’s point of view, these parameters
may be used in future as valid and reliable feedback in everyday life. How-
ever, the system should be extended to focus more on a rating of single pa-
tients to provide a more focussed analysis on the individual impairments.
In the next chapters we follow that aim with a combination of stride pa-
rameters, signal processing and machine learning techniques.

6.5 Chapter Highlights

• A cross-sectional study confirmed the feasibility and ap-
plicability of mobile sensor-based gait analysis to objec-
tively track PD associated gait changes.

• The study provided objective and quantitative outcomes
of distinct stride parameters, having the potential to
clinically characterize movement disorders.

• Contribution: The clinical validation of the developed
stride parameters extended the previous technical vali-
dation.

• All examined stride parameters were significantly differ-
ent between controls and PD patients at moderate dis-
ease stage and/or higher levels of motor impairment.
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Chapter 7

Pattern Recognition Basics and
Feature Description

In the previous chapters it was shown that with a mobile, IMU based sys-
tem stride parameters can be quantified objectively that can support both
the assessment of the disease progression and the clinical decision mak-
ing. For example, in chapter 6 it was shown that parameters such as the
maximum toe clearance or the stride length change significantly with the
level of the disease and differ between PD patients and controls. However,
these stride parameters have limited specificity and thus do not allow for
an accurate discrimination of PD patients and controls or even a rating of
the individual disease progression level.

The aim of this chapter is the introduction of pattern recognition ba-
sics that allow a more disease focused and patient specific rating of move-
ment impairments from more general IMU data instead of from single
parameters only. The stride parameters, which can be extracted as de-
scribed in Chapter 5, were combined with statistical features and data
from standardized movement tests to allow for a more accurate separa-
tion of disease groups and rating of the impairment. This chapter pro-
vides an overview of the employed techniques, a detailed list of the used
classification features as well as a description of regression experiments
(Fig. 7.1).

7.1 Introduction to Pattern Recognition

The field of pattern recognition comprises approaches that aim at
learning the relation between input data, such as features in form of
measurement data from a sensor, and predefined classes, such as specific
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Figure 7.1: The thesis describes the individual building blocks of a gait analysis
system to measure gait impairments in Parkinson’s disease. The whole framework
was developed in a step by step development process. After stride segmentation
and technical and clinical evaluation of stride parameter calculation we introduce
pattern recognition fundamentals to create the basis for an individualized rating
of gait impairments in PD.

disease categories. Generally, one can distinguish between supervised
and unsupervised methods, where the latter approaches generally do
not rely on predefined target categories. The following description is
restricted to supervised pattern recognition approaches suitable for
disease state classification. Humans are generally very good in a wide
range of classification tasks such as the recognition of the voice of a
known person or the detection of abnormal walking patterns. To perform
those tasks automatically, specific machine learning algorithms have
to be developed that are sensitive to specific measurement changes
or irregularities. Pattern recognition is often concerned as a branch of
machine learning, where a class label is assigned to a given input variable.
In the context of this thesis pattern recognition and machine learning
were used as synonyms. A typical workflow of a pattern recognition
system was defined by [Niem 83] and is shown in a modified diagram
in Fig. 7.2. The first block of such a system is the collection of data that
can be acquired, for example, as raw sensor data. The acquired raw
data is commonly further transformed using specific signal processing
approaches. In this thesis, data acquired from one test of a subject,
including a set of feature values and class label, is called instance. The
next step is the pre-processing of the sensor data to make e.g. data from
different kinds of sensors more comparable or to eliminate sensor noise.
In many cases it is not feasible to handle the raw data directly. Often
only a fraction of the raw data is informative or the shear amount of
data prohibitive to process the data in its entirety. Therefore features are
extracted from signals that better describe specific characteristics, such
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as the shape of the signal or bio-mechanical markers during gait. The
next processing stage in a pattern recognition system is the selection of
the most relevant features (feature-selection) followed by the assignment
of the data to a specific class or group of data (classification). If the data
is classified in continuous rather than in discrete class variables, this task
is called regression. In the following sections of this chapter, each step
of the pattern recognition pipeline is described in greater detail. As an
example serves the data processing which aims to classify and rate PD
specific movement impairments.

Data collection Classification 
and regressionPre-processing Feature 

extraction

Training data

Feature pre-
processing  

and selection

Supervised  
learning

Figure 7.2: Pattern recognition pipeline for a supervised learning szenario
(adopted from [Niem 83]).

7.2 Data Collection

For all studies described in this thesis data from IMU sensor units were
collected. Accelerometers and gyroscopes were used to collect data from
specific movement and gait tests (cf. chapter 3.2). Recorded raw data from
a continuous movement sequence was denoted with Sr a w .

7.3 Data Pre-processing

The raw sensor data is pre-processed in multiple ways. As described in
chapter 3.4 the raw sensor data is acquired in a sampled voltage and has
to be calibrated to get SI units (Sc a l ). Further, the sensor axes of the two
sensors from left and right foot have to be inverted to have the same align-
ment and thus provide comparable data (Sno r m ). A time period with fixed
length was cut out for the standardized movement tests where no strides
were included. Many tests were performed for a predefined time inter-
val, e.g. the heel-toe tapping, which is described in Chapter 3.2, was per-
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formed for 20 seconds. However, as a consequence of the manual proce-
dure many tests were not recorded in their entirety due to a late start or
early termination of the recording. For that reason signals were trimmed
to the middle 15 seconds with the highest variance. Another important
pre-processing procedure for the calculation of stride features was the
segmentation of individual strides (see chapter 4).

7.4 Feature Extraction

The features which were used in this thesis can be categorized into four
distinct groups: 1) spatio-temporal stride parameters, 2) statistical stride
features, 3) statistical features from the signal sequence and 4) frequency
features from the Fourier transformation of the signal sequence. Spatio-
temporal stride parameters were calculated as described in chapter 5. The
calculation of statistical stride features is described below. Features from
the signal sequence and the frequency band were computed from the
IMU data directly.

7.4.1 Spatio-temporal Stride Parameters

The following list describes all spatio-temporal stride parameters that
were calculated from all extracted, individual strides of one gait test. The
stride parameters that were calculated per stride (e.g. stride time, stride
length, ...) were averaged over all strides to get one value per test and foot.
The CV is the standard deviation divided by the mean.

P01 Number of strides
The number of strides recognized by the stride segmentation algo-
rithm (Chapter 4).

P02 Stride time [s]
The time interval between two consecutive heel strikes of the same
foot (Chapter 5).

P03 Stride time variability [%]
The variability of all recognized stride times as CV.

P04 Swing time [% of stride time]
The time interval between toe off and heel strike of the same foot
(Chapter 5).
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P05 Swing time variability [%]
The variability of all recognized swing times as CV.

P06 Stance time [% of stride time]
Complementary to swing time, the time interval when the foot is on
the ground - heel strike to toe off (Chapter 5).

P07 Stance time variability [%]
The variability of all recognized stance times as CV.

P08 Cadence [1/min]
Calculated by multiplying the number of strides with 60 and dividing
the result by the sum of all stride times in minutes.

P09 Stride length [cm]
The distance between two consecutive mid stance events of one foot
(Chapter 5).

P10 Stride length variability [%]
The stride length variability as CV.

P11 Heel strike angle [◦]
The angle between foot and ground in the sagittal plane at heel strike
(Chapter 5).

P12 Toe off angle [◦]
The angle between foot and ground in the sagittal plane at toe off
(Chapter 5).

P13 Maximum toe clearance [cm]
The maximum distance between toe and ground during the swing
phase (Chapter 5).

P14 Estimated distance [m]
Calculated by summing up all stride length values of all recognized
strides.

P15 Stride velocity [m/s]
Defined as the estimated distance divided by the sum of all stride
times.
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7.4.2 Statistical Stride Features

Statistical stride features were calculated from all recognized strides of
one gait test. Stride borders were directly taken from the stride segmen-
tation algorithm (Chapter 4). Individual features that were calculated per
stride, were averaged over all strides to get one feature value per test and
foot.

G01 Stride duration
The time interval of a complete stride with stride borders taken from
the segmentation algorithm.

G02 Rise gradient of swing phase
The gradient from the beginning of a stride to the maximum posi-
tive value of the swing phase in the signal of the angular velocity in
sagittal plane (Fig. 7.3).

G03 Rise gradient of stance phase
The gradient from local minimum before the stance phase to the
maximum during stance phase in the signal of the angular velocity
in sagittal plane.

G04 Fall gradient of swing phase
The gradient of the maximum positive value of the swing phase to
the following local minimum in the signal of the angular velocity in
sagittal plane (Fig. 7.3).

G05 Fall gradient of stance phase
The gradient of the maximum value during stance phase to the end
of the stride in the signal of the angular velocity in sagittal plane.

G06 Stride minimum
The global minimum of one stride, averaged over all strides of one
test and calculated individually for each accelerometer and gyro-
scope sensor axis (Fig. 7.3).

G07 Stride minimum standard deviation
The global minima of all strides of one test and calculated individu-
ally for each accelerometer and gyroscope sensor axis.

G08 Stride maximum
The global maximum of one stride, averaged over all strides of one
test and calculated individually for each accelerometer and gyro-
scope sensor axis (Fig. 7.3).
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G09 Stride maximum standard deviation
The standard deviation of the maxima for all strides of one test and
calculated individually for each accelerometer and gyroscope sensor
axis.

G10 Minimum maximum difference
Defined as the difference between the stride maximum and mini-
mum and calculated individually for each accelerometer and gyro-
scope sensor axis.

G11 Stride mean value
The mean value of one stride, averaged over all strides of one test
and calculated individually for each accelerometer and gyroscope
sensor axis (Fig. 7.3).
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Figure 7.3: Example of a typical stride from sagittal angular velocity of gyro-
scope data. The features G01 (rise gradient of swing phase), G03 (fall gradient
of swing phase), G05 (stride minimum), G07 (stride maximum) and G10 (stride
mean value) were plotted.

7.4.3 Features from Signal Sequence

Signal sequence features were calculated directly from the IMU data of
the normed sensor signal Sno r m . No further filtering or event detection
was applied. For each test and sensor axis a separate set of features was
calculated. For each movement test the features were calculated from the
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15 seconds with the highest variance and for gait tests from the complete
movement sequence.

S01 Entropy
Entropy of a discrete signal sequence is a measure of uncertainty. The
content of information is maximal if all events occur with the same
probability. A histogram was used to calculate the probability P for
one event e.g. si . Information content is defined as:

I (P (si )) =−l o gb P (si ) (7.1)

The entropy H is the mathematical expectation of information con-
tent [Shan 48]:

H (Sno r m ) =
n∑

i=1

P (si )I (P (si ))

=−
n∑

i=1

P (si )l o gb P (si )

(7.2)

S02 Mean
The mean value (also known as expectation value E ) was calculated
by determining the mean of all data points of a signal sequence
(Fig. 7.4):

μ= E (Sno r m ) =
1

n

n∑
i=1

si (7.3)

S03 Variance
The variance is a measure of the spread of measurements.

σ2 =
1

n

n∑
i=1

(si −μ)2 (7.4)

S04 Root mean square (quadratic mean)
The Root Mean Squared Error (RMS) is defined as the square root of
the square of the values:

R M S (Sno r m ) =

√√√ 1

n

n∑
i=1

s2
i (7.5)

RMS is particularly useful when values vary in positive and negative
range.
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S05 Histogram area
The signal was normalized to a range of [-0.5, 0.5], the histogram of
the signal was calculated and the histogram bins higher than 0.2 and
lower -0.2 were summed up. This results in a high feature value, if
the movement during a test had a constant amplitude or speed. His-
togram area is consequently a measure for constant velocity or ac-
celeration during the movement, dependent on the sensor type.

S06 Integral
A discrete integration of the normed sensor signal Sno r m

f (Sno r m ) =
n∑

i=1

si (7.6)

S07 Regression line of maxima
The slope of the regression line of local maxima in the signal (Fig. 7.4).
The signal was normalized to a range of [-0.5, 0.5] and filtered with a
15th order Chebyshev lowpass with 20 dB of passband ripple and a
passband edge frequency of 50 Hz. Finally, the local maxima were
determined with a threshold based peak detection approach.

S08 Regression line of minima
The slope of the regression line of local minima in the signal (Fig. 7.4).
The signal was normalized and filtered like in the feature calculation
above. Finally, the local minima were determined with a threshold
based peak detection approach.

S09 Maximum
The maximum of the signal is the largest measured value within the
entire signal.

S10 Minimum
The minimum of the signal is the smallest measured value within the
entire signal.

S11 Kurtosis
Kurtosis describes the shape of the sensor signal, e.g. how peaky the
signal is. It is the fourth standardized moment and defined as:

k u r t o s i s (Sno r m ) =
E (Sno r m −μ)4

σ4
(7.7)

where Sno r m is the signal sequence, E is the expectation value, μ is
the mean value andσ is the standard deviation.
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S12 Skewness
Skewness describes the asymmetry of the signal sequence around
the mean. It is the third standardized moment and is calculated as:

s k e w ne s s (Sno r m ) =
E (Sno r m −μ)3

σ3
(7.8)

where Sno r m is the signal sequence, E is the expectation value, μ is
the mean value andσ is the standard deviation.

Figure 7.4: Example of a typical signal from a heel-toe tapping test from sagittal
angular velocity of gyroscope data. The features S02 (mean), S07 (regression line
of maxima) and S08 (regression line of minima) were plotted exemplary.

7.4.4 Features from Frequency Transformation

Frequency features were calculated from the Fourier transform of the IMU
data of the normed sensor signal Sno r m . By default no additional filtering
was done and a fast Fourier transform (Eq. 7.9) was used. For each test
and sensor axis a separate set of features was calculated. For each move-
ment test the features were calculated from the 15 seconds with the high-
est variance and for gait tests from the complete movement sequence.

X k =
N−1∑
i=0

si e − j 2πk i/N (7.9)

F01 Dominant frequency
The dominant frequency of the signal is defined as the index of the
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maximal amplitude in the Fourier transformed signal. It character-
izes the main frequency of the movement during the test. Is e.g. one
heel-toe tapping cycle performed in 0.9 seconds (Fig. 7.4), the dom-
inant frequency can be assumed as about 1.1 Hz.

F02 Energy ratio
The energy ratio is the energy of the signal sequence divided by the
amplitude of dominant frequency. Energy is the sum of the absolute
values of the Fourier-transformed signal between 0 and 50Hz. Signal
components with frequency above 50Hz were considered as noise.

F03 Energy in frequency band 0.5 to 3 Hz
The energy in a frequency band is a surrogate measure that describes
the characteristics of distinct frequency ranges within the signal, typ-
ical frequency bands for specific movements can be defined. It is
computed by building the sum of all absolute values of the Fourier
transformed signal between the two frequencies. In the frequency
band 0.5 to 3 Hz most of the common movement in gait tests appear
(e.g. a typical stride duration is about one second [Holl 11]; PD typi-
cal tremor is higher than 3 Hz [Sami 04]).

F04 Energy in frequency band 3 to 8 Hz
The calculation was done like in the feature above. The frequency
band 3 to 8 Hz was chosen because this is the typical tremor fre-
quency of PD [Sami 04].

F05 Windowed energy in frequency band 0.5 to 3 Hz
This feature is similar to the above described energy in frequency
band. However, the energy was calculated not from the complete
signal sequence, but by dividing the signal into sections of 5 seconds.
From each window the short-term Fourier transform was calculated
with the signal s and window w.

X (m , w ) =
N∑

i=0

si wi−m e − j w i (7.10)

The single windows had an overlap of 2.5 s. The energy values from
each 5 s window were averaged. With the short-term Fourier trans-
form it is possible to show the change in the spectral density over
time.
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F06 Windowed energy in frequency band 3 to 8 Hz
The calculation was done like in the feature above. The tremor typi-
cal frequency band 3 to 8 Hz was chosen.

F07 Power spectral density in frequency band 0.5 to 3 Hz
In comparison to the other frequency features here the power instead
of the energy was calculated. First the autocorrelation was calculated
from the signal sequence Sno r m , followed by the a Fourier transform.
The frequencies 0.5 to 3 Hz were summed up to get the feature value.

F08 Power spectral density in frequency band 3 to 8 Hz
The calculation was done like in the feature above. The tremor typi-
cal frequency band 3 to 8 Hz was chosen.

F09 Regression line of windowed energy
This feature was derived from the windowed energy in frequency
band, like it is described above. However, energy values from each
5 s window were not averaged, but a linear regression line was fitted
through the single energy values of each window. This feature shows
e.g. a strongly positive slope if in the course of the signal the energy
increases (e.g. if a tremor occurs).

F10 Energy
Energy is the sum of the absolute values of the Fourier-transformed
signal between 0 and 50Hz. Signal components with frequency
above 50Hz are considered as noise.

7.5 Feature Pre-processing

For each classification and regression task all calculated features were
normalized to a range between −1 and 1. This normalization is done by
dividing the features by their absolute maximum over all datasets for the
current classification experiment. If a separate test set was used, the test
set was normalized by the absolute maximum of the training data.

7.6 Feature Selection

To reduce the number of calculated features to the most informa-
tive/discriminative features a ranking algorithm was used in this thesis.
Specifically, the Information Gain feature selection was employed that
ranks all individual features based on their information gain values
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[Witt 11]. The optimum feature set was determined with the Sequential
Forward Selection algorithm. This algorithm starts with the feature with
the highest information gain and subsequently adds features, one-by-
one, by using the classification accuracy as an adding criterion [Theo 08].
If the classification accuracy isn’t improving while features from the
ranked list were added, the algorithm stops and the feature set is final.

7.7 Classification and Regression Algorithms

For classification and regression experiments different algorithms were
evaluated within this thesis. A short description of the compared algo-
rithms is given in the following.

Classification Algorithms

A classification algorithm aims at finding the ideal mapping of single in-
stances to a given class on the basis of the calculated feature values. The
classification algorithm computes an optimal decision boundary to sep-
arate between classes. Different classifiers may result in different deci-
sion boundaries. Three examples for a two dimensional feature space are
shown in Fig. 7.5 where (A) shows an optimal linearly separable dataset,
(B) illustrates a dataset which is not completely separable by a linear deci-
sion boundary and (C) shows a dataset with an overfitted decision bound-
ary. The term overfitting refers to a decision boundary that is optimally
adapted for the training data but does not generalize well for new, un-
seen testing data. If new instances are classified based on a model that
is highly accurate on, but overfitted to the potentially noisy training data
the classification performance on the new data is substantially lower than
calculated on the training data.

• Linear Discriminant Analysis
The Linear Discriminant Analysis (LDA) is a transformation tech-
nique that uses the class information to find a linear combination
of features that separate two or more classes. Continuous inde-
pendent variables (feature vectors) are labeled with a categorical
dependent variable, the class label, to define the class dependency.
This algorithm aims to minimize the intra-class distance and
maximize the inter-class distance [Hast 03]. LDA assumes that the
data belonging to the same class is normally distributed.
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(A) (B) (C)

Figure 7.5: Three examples of decision boundaries. (A): optimal linearly separable
dataset; (B) dataset which is not completely separable with a linear model; (C)
dataset with an overfitted decision boundary.

The functionality of the algorithm can be summarized roughly in
the following calculation steps: 1) Compute the mean vectors of
the different classes. For each class the mean vector represents the
averaged feature values of the training data. 2) Next, the within-
class and between-class scatter matrices must be calculated. These
matrices give information about the distribution and correlation
within and between the classes. 3) Now, the Eigenvectors and
Eigenvalues of the scatter matrices must be calculated. 4) In the
next calculation step, the Eigenvectors must be sort by decreasing
Eigenvalues and the Eigenvectors with the largest Eigenvalues
were chosen. 5) In the last algorithm step those Eigenvectors
were used to transform the samples onto a new subspace which
has a maximized inter-class distance and a minimized intra-class
distance [Rasc 15].
If for example a classification of two classes is considered, LDA
results in a continuous variable and the distance to the class mean
defines the classification result. That means also that for a two class
classification problem LDA behaves like a regression algorithm.

• AdaBoost
The concept of boosting is to build a strong classifier on the
basis of a set of weak classifiers. In the case of adaptive boosting
(AdaBoost), commonly the weak learner decision stump is used
and trained iteratively to build the final classification algorithm
[Freu 97]. Decision stump is an one-level decision tree that makes
classification decisions based on only one single feature.
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In the training phase of the algorithm a fixed number of iterations
is used to train the weak learner. In the first iteration the weak
learner is trained to separate the classes as optimal as possible.
However, with a weak learner (e.g. linear decision boundary)
numerous misclassified instances are left. These misclassified
instances are then re-weighted with higher weight in the following
iteration. Because of the higher weight, in the next iteration an
optimum number of before misclassified instances is correctly
classified. This is done iteratively and finally the resulting decision
boundaries are combined. The output of the AdaBoost algorithm
is consequently a complex decision boundary, built by simple
ones from weak learners. In this thesis the AdaBoostM1 [Freu 97]
implementation was used.
The number of iterations has to be optimized to reach an optimal
classification rate.

• Support Vector Machines
The main idea of the Support Vector Machine (SVM) is to find an
optimal separating hyperplane between classes of labeled training
data. This is a more complex optimization target as compared
to, for example, LDA since there can be several possible decision
boundaries that optimally separate the data if the classes are
perfectly separable. With the SVM algorithm the distance of all
instances per class that are near to the decision boundary (support
vectors) is maximized [Hast 03]. This is also called the maximiza-
tion of the margin and results in an optimal separating hyperplane.
For the case that the data is completely separable a SVM with a hard
margin can be used. That means no errors are allowed. For a more
realistic case, a so called soft margin is introduced, where errors
are allowed but weighted with a cost factor. With a soft margin the
data is separated as cleanly as possible. For each false classified
instance a slack variable is introduced and weighted with the cost
factor dependent on the degree of misclassification.
To further allow classifications with a non-linear decision boundary
the so called kernel trick is used. Kernel functions are introduced
to find a non-linear maximum-margin hyperplane. This means
for the implementation of the algorithm that dot products were
replaced by kernel functions [Theo 08]. One example is the Radial
Basis Function (RBF) kernel that is widely used for SVMs. The
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γ parameter of an RBF kernel defines the shape of the Gaussian
distributions in the RBF kernel.
In this thesis a linear as well as a RBF kernel were used. In the case
of the linear SVM only the C parameter for weighting the slack
variables has to be optimized. In the case of the RBF kernel also
the γ parameter has to be optimized. In general a high C value
builds a classification algorithm that is similar to a hard margin
algorithm what often results in overfitting. A recommended value
for g a mma is 1 divided by the number of features. Also for γ a
high value results often in an overfitted decision boundary.

Regression Algorithms

In contrast to classification a regression algorithm maps the instances
not to a distinct class but calculates a continuous output variable. The
aim is to build an output variable that has a strong relationship to a given
gold standard. In machine learning often multiple features are used to
predict one specific output variable.

• Support Vector Regression
The same principles as in the SVM algorithm for classification can
be used for regression. However, the maximum-margin hyperplane
concept works only for classification and algorithms were adjusted
for Support Vector Regression (SVR). The aim of regression is to find
a function that approximates the training points while minimizing
the prediction error. The output is in general a continuous variable.
In the case of SVR a parameter ε is introduced that defines a tube
around the regression function in which errors are ignored. This
tube can be compared to the hyperplane in the SVM. If all training
points can fit within a tube of width 2ε the algorithm outputs the
function with the flattest tube that encloses them. That means, the
tube with the lowest possible diameter. The support vectors in SVR
are now all those points that are on the border or outside the tube
and are the only points that define the regression algorithm. The
tube example works with regard to a two dimensional feature space
and is used for explanation purposes.
For a linear SVR the cost parameter C and ε need to be optimized.
A small ε leads to an algorithm that tends to overfit because there
is no tube that encloses the data. If ε is 0 the regression is a hard
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linear regression. The higher ε the lower is the complexity and
also the precision of the algorithm. A ε parameter that is too high
represents a meaningless predictor and only predicts the mean
class value [Witt 11].

7.8 Evaluation Methods

For all conducted experiments in this thesis a two step evaluation ap-
proach was used. In the first step best parameters and features were
calculated using cross-validation on the training data. In the second step
the previously described algorithms were tested with an unseen test set.

7.8.1 Cross-validation

Cross-validation is used as a model validation technique to evaluate the
performances of various classification algorithms and their respective de-
pendencies on parameter choices. The aim is to assess how the results
of classifiers or regression algorithms will generalize to a novel, unseen
dataset. Normally, a training dataset is used to obtain a prediction model
and the test dataset is used to evaluate the prediction model on unseen
data. To assess generalizability of a model to unseen data and to avoid
overfitting to the training data cross-validation is used (Fig. 7.5 C).

In a k -fold cross-validation the data is divided into k subsets/folds.
Optimal is a stratified k -fold cross-validation. That means that each
fold contains roughly the same proportions of the types of class labels.
To train the algorithm k − 1 subsets are used and the remaining subset
(validation subset) is used to estimate the performance of the algorithm.
This is repeated k times so that each subgroup is used once as validation
subset [Duda 00]. The validation results were averaged over all folds.

7.8.2 Unseen Test Set

To test a prediction model additionally an unseen test set should be used.
The test data consists of different recordings of ideally also different
subjects than the training data. The parameters for data pre-processing
(normalization and feature selection) were determined on the training
data and applied to the test data.
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Table 7.1: Confusion matrix for two possible outcomes and consequently for a two
class classification problem.

7.8.3 Error Measurement

To quantify the performance of the given classifiers and regression algo-
rithms typical error measures were used.

Classification

For classification experiments specificity, sensitivity and the balanced
classification rate were used [Duda 00]. These error measures can
directly be calculated from the confusion matrix (see Table 7.1). Espe-
cially in medical studies sensitivity an specificity are of particular interest.

• Sensitivity

sensitivity=

∑
true positives∑

true positives +
∑

false negatives
(7.11)

Sensitivity or the true positive rate is a measure to rate the algorithm
performance to identify those subjects with the disease.

• Specificity

specificity=

∑
true negatives∑

false positives +
∑

true negatives
(7.12)
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Specificity or the true negative rate is the measure to rate the algo-
rithm performance to identify those subjects without the disease.

• Balanced classification rate

balanced classification rate=
1

2
(sensitivity+ specificity) (7.13)

The balanced classification rate is the mean value of sensitivity
and specificity. This measure gives also reliable results when the
number of instances per class are unbalanced.

Regression

In regression experiments the correlation coefficient or the mean abso-
lute error is commonly used as a performance criterion. The aim of the
regression tasks in this thesis was to predict a new scale that shows strong
correlation with a gold standard scale. As error minimization was not
the goal, only the correlation coefficient was used as an error measure to
assess the quality of the used regression algorithms.
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Chapter 8

Classification of Gait
Impairments in Parkinson’s
Disease

The introduced pattern recognition methods can now be used to distin-
guish between controls and PD patients as well as between different dis-
ease stages. Statistical and frequency features from single strides and sig-
nal sequences were used for different classification experiments to rate
disease related movement impairments. The integration of this chapter
in the context of the thesis is illustrated in Fig. 8.1. The developed ap-
proach was in parts implemented in the Diploma Thesis of the author of
this dissertation [Bart 10] and a conference article [Bart 11]. Parts of this
chapter including methods and study population, have previously been
published in the PLoS ONE journal article [Kluc 13].

8.1 Motivation

The automated assessment of movement is key to rate disease related
impairments objectively. As an example the motor symptoms bradyki-
nesia, rigidity, tremor and postural instability define the diagnosis of PD.
There are several studies which consider the sensor-based rating of move-
ment impairments with wearable sensors. However, they are subject to
a variety of limitations. Often a complex sensor setup is used that is
not applicable in daily clinical procedures since the focus lies on pure
research questions [Ambo 12, Roiz 10, Sofu 05]. To distinguish between
impairment groups or to identify disease related changes in the signals,
some groups use only a threshold based evaluation of single features (e.g.
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Figure 8.1: The thesis describes the individual building blocks of a gait analysis
system to measure gait impairments in Parkinson’s disease. The whole framework
was developed in a step by step development process. After stride segmentation
and technical and clinical evaluation of stride parameter calculation we applied
the introduced machine learning methods to classify controls and PD patients as
well as different disease stages.

[Bach 10, Moor 08b]) or even just a statistical group comparison of the fea-
tures and gait parameters [Manc 11, Roiz 10]. The focus on symptom spe-
cific features only, calculated from the sensor signals is also common in
literature [Keij 06, Pate 09].

In our approach the goal is to show that with a simple sensor setup
and gait related as well as standard statistical features and pattern recog-
nition methods we are able to classify disease related gait alterations for
PD patients in general and not only for single symptoms. With a dataset
of 173 subjects the developed algorithms were also tested on an unseen
validation group to provide information about the generalizability of the
developed algorithms.

The aim of this study was to built an algorithm that is able to distin-
guish between PD patients in different disease stages and controls. Pat-
tern recognition methods were used to calculate statistical features that
separate these groups. To achieve this, 173 patients and controls were
recorded to train and validate the algorithm, including an unseen test
group.

8.2 Methods

8.2.1 Subjects and Measurement Protocol

Sample and Definition of Clinical Ratings

PD patients and controls were selected for gait recording during their
visit in the movement disorder outpatient center from April 2010 until
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February 2012 at the University Hospital Erlangen, Germany. All clini-
cal assessment and correlation to motor signs was based on standardized
consensus criteria and performed by movement disorder specialists. Pa-
tients and controls were recruited after obtaining written informed con-
sent (IRB-approval-Re. -No. 4208, Medical Faculty, Friedrich-Alexander
University Erlangen-Nürnberg, Germany). All clinical investigations have
been conducted according to the principles expressed in the Declaration
of Helsinki. PD patients were included according to the consensus cri-
teria of the German Society of Neurology analogue to the National Insti-
tute of Neurological Disorders and Stroke (NINDS) diagnostic criteria for
PD [Gelb 99]. A total of 92 PD patients and 81 controls without gait im-
pairment were included in the present study, divided into two different
age matched populations, and analyzed in a case-control design with a
training and a validation group. The training population consisted of 50
patients with idiopathic PD and 42 age matched controls, the validation
population of 42 PD patients and 39 controls (Table 8.1). Predominantly
male PD patients were recruited.

To exclude motor fluctuations between biometric gait analysis and
clinical evaluation the UPDRS motor score [Goet 07] rating was obtained
within less than 30 minutes prior to sensor-based data recording. A sub-
score that includes only lower extremity related sub-items was defined
(U P D RSL E ). Included items were: bradykinesia; rigidity of neck and
lower extremities, tremor of lower extremities; leg agility; posture; gait;
arising from chair; postural stability. PD was staged according to H&Y
[Goet 04a]. To control for depression Zung Self-rating Depression Scale
SDS was obtained [Zung 65](Table 8.1). Out of 81 controls, 8 were rated
mildly, 2 moderately depressed, from PD patients 26 were mildly, 13 mod-
erately, and 4 severely depressed. Exclusion criteria consisted of non-
PD related gait impairments (e.g. spinal or orthopedic surgery), atypical
Parkinson syndromes, spasticity, stroke, neuropathy, myelopathy, hydro-
cephalus, and cognitive impairment. Patients had to be able to walk in-
dependently (H&Y<4). L-Dopa equivalent dosage was calculated from all
dopaminergic medication taken [Toml 10].

Clinical characteristics of subjects were analyzed to find statistical sig-
nificant group differences with Student’s T-test. No significant differences
between patients in training and in validation group, as well as between
controls in training and validation group were found. There were no sig-
nificant differences in the parameters age, weight and height between pa-
tients and controls in training as well as validation group. In training and
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Training Validation

PD patients Controls PD patients Controls

N 50 42 42 39
Sex (m/f) 36 / 14 17 / 25 28 / 14 16 / 23
Age (y) 63.9 ± 10.6 60.0 ± 11.2 65.1 ± 9.7 60.7 ± 11.8
Age onset (y) 57.6 ± 10.0 - 59.7 ± 11.3 -
Disease duration (y) 6.5 ± 4.7 - 5.6 ± 4.7 -
H&Y 2.1 ± 0.9 - 2.2 ± 0.9 -
UPDRS motor score 18.3 ± 11.4 - 20.7 ± 11.8 -
Levodopa equivalent 492 ± 411 - 418 ± 397 -
Depression score (SDS) 49.5 ± 13.6* 37.9 ± 8.4 50.9 ± 11.0* 40.2 ± 8.0
Weight (kg) 77.2 ± 13.9 75.3 ± 13.1 77.1 ± 16.3 74.6 ± 13.7
Height (cm) 172 ± 9.6 170 ± 7.2 171 ± 8.8 169 ± 8.7

Table 8.1: Subject characteristics. m: male; f: female; H&Y: Hoehn & Yahr; UP-
DRS: Unified Parkinson’s Disease Rating Scale; SDS: Self Rating Depression Scale;
Characteristics are given as mean± standard deviation; * p<0.001 Student’s T-test.
The table is reused from [Kluc 13]with the publisher’s permission.

validation group patients reached significant higher depression scales
than controls.

Patient Subgroups

For subgroup analysis, PD patients were divided into three equally sized
subgroups (A) according to H&Y stages (H&Y I: n=32; H&Y II: n=24; H&Y
III: n=36), and (B) based on their UPDRS motor score at best-on state with
low (U P D RSl o w : 1-12; n=31), middle (U P D RSmi d d l e : 13-22; n=30), and
high (U P D RShi g h : ≥ 23; n=31) rating. Axial affection and postural insta-
bility defining H&Y substages (1.5 or 2.5) were included (either H&Y I or
II) and not categorized separately, because the major goal was to assess
and classify features on gait motor function, rather than rating postural
instability.

Tests and Sensor Data

Subjects underwent three different gait and movement tests 1) 40 meter
walk, 2) heel-toe tapping and 3) circling foot rotation that are described in
more detail in Chapter 3.2. For data recording of the study described in
this chapter Shimmer 2R sensor units with a sampling rate of 51.2Hz were
used.
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Statistical stride features Signal sequence features Frequency features

G01 Stride duration S01 Entropy F01 Dominant Frequency
G02 Rise gradient of swing phase S02 Mean F02 Energy ratio
G03 Rise gradient of stance phase S03 Variance F03 Energy in FB 0.5 to 3 Hz
G04 Fall gradient of swing phase S04 Root mean square F04 Energy in FB 3 to 8 Hz
G05 Fall gradient of stance phase S05 Histogram area F05 Windowed energy in FB 0.5 to 3 Hz
G06 Stride minimum S06 Integral F06 Windowed energy in FB 3 to 8 Hz
G07 Stride minimum SD S07 Regression line of maxima F07 Power spectral density in FB 0.5 to 3 Hz
G08 Stride maximum S08 Regression line of minima F08 Power spectral density in FB 3 to 8 Hz
G09 Stride maximum SD F09 Regression line of windowed energy
G10 Minimum maximum difference
G11 Stride mean value

Table 8.2: The features used in all classification experiments before feature selec-
tion was performed. A more detailed description of the features can be found in
Section 7.4. SD: standard deviation; FB: frequency band

8.2.2 Classification Algorithms and Data Evaluation

A classification system like it is described in Chapter 7 was defined,
trained and optimized with the training population. The best resulting
classification algorithms were reevaluated using the second, unseen vali-
dation group.

Feature Extraction

Features were extracted from gyroscope and accelerometer signals from
both feet. They were obtained from single strides and gait sequences.
Three different kinds of features were calculated as described in Chap-
ter 7.4. Statistical stride features from single strides of the 40 meter walk
test. One feature is calculated per stride and averaged over all strides of
one subject, resulting in one value per subject and feature (Table 8.2).
Stride segmentation in this study was based on a semi-automatic peak-
detection approach. Start and end points of the single strides were also
defined from minima in gyroscope z-axis. Signal sequence features de-
rived from the complete gait sequence in 40 meter walk and from a 15
second period out of the other tests (Table 8.2). Frequency features were
computed from the Fourier transform of gait sequences to incorporate a
frequency based analysis (Table 8.2). A more detailed description of the
features can be found in Section 7.4. Features were extracted from both
shoes, which resulted in 286 features for the 40 meter walk, and in 204
features for both the heel-toe tapping and the circling foot rotation test,
giving a total of 694 features for each subject.
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Feature Selection and Classification

For each classification experiment a separate feature selection and classi-
fication algorithm optimization was done with the training group and a
10-fold cross-validation. The performance of the selected features and
algorithms were validated with the unseen test group. The number of to-
tal features was reduced to the most relevant using Information Gain fea-
ture selection and Sequential Forward Selection as described in chapter
7.6. For the classification task the algorithms Linear Discriminant Ana-
lysis (LDA), AdaBoost, and Support Vector Machines (SVM) with linear
and radial basis function (RBF) kernel were trained and evaluated (de-
tailed description in chapter 7.7). To optimize the AdaBoost classifier, the
algorithm was evaluated with 10 to 100 iterations in increments of 10. For
each evaluation of the SVM with linear kernel, varying C values and for
SVM with RBF kernel varying C and Gamma values of a range from [0.1,
0.3, 0.5, 0.7, 0.8, 1, 2, 3, 4, 5, 10, 15, 20, 30, 40]were considered. Finally, bal-
anced classification rate, specificity, and sensitivity of optimal feature sets
were calculated from the unseen test group [Duda 00]. The classification
experiments were implemented as it is described in Chapter 7.8.

Statistical Analysis

Differences in the results and clinical characteristics of patients and con-
trols were calculated with one-way ANOVA, Pearsons’s Chi-Square, or
Student’s T-test using the IBM SPSS Statistics software package (IBM
Deutschland GmbH, Germany) or Matlab (MathWorks, MA, USA).

8.3 Experiments and Results

8.3.1 Differences in Single Features

Analyzing all features individually for differences between patients and
controls revealed several distinct features that significantly varied be-
tween both groups. As an example, the dominant frequency (F01, heel-
toe tapping, accelerometer) and the root mean square (S04, heel-toe tap-
ping, gyroscope) were significantly (p ≤ 0.001) reduced in PD patients
(Fig. 8.2 (A)). Nevertheless, a substantial overlap between PD and controls
remained (Fig. 8.2 (B)) and a clear separation between groups could not
be done with single features.
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Figure 8.2: Single feature changes of gait characteristics in PD. Individual features
(F01: Dominant frequency; S04: Root Mean Square) (A) show significant differ-
ences between PD and controls (p ≤ 0.001), but (B) groups still overlap. Values
were normalized and are plotted in an arbitrary unit [au]. The figure is reused
from [Kluc 13]with the publisher’s permission.

8.3.2 Classification of PD and Controls

The first classification experiment aimed on classifying PD patients and
controls. From the training data and with a cross-validation evaluation
AdaBoost revealed the best classification results. In total 23 different fea-
tures (G01, G04, G05, G07, G09, G10, S01-S07, F01-F09; Table 8.2) were
selected from the 40 meter walk, heel-toe tapping, and circling foot rota-
tion test. Patients and controls were classified with an accuracy of of 82 %
(Table 8.3).

The unseen test group was used to confirm these results with classifi-
cation results of 81 % correct classification accuracy (76 % sensitivity and
85 % specificity).

8.3.3 Correct and False Negative Classification Results

A validated 82 % correct classification rate for the experiment PD vs. con-
trol was reached. We also wanted to identify and characterize the re-
maining 18 % of false classified patients. In a first attempt the classifi-
cation results were divided by distinct H&Y stages (H&Y I, II, III), and dif-
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Groups and categories n Acc Sens Spec

PD vs. Control

Training group 50 / 42 82 % 82 % 81 %
Validation group 42 / 39 81 % 76 % 85 %

H&Y staging

H&Y I vs. control 14 / 39 70 % 57 % 82 %
H&Y II vs. control 11 / 39 86 % 91 % 82 %
H&Y III vs. control 17 / 39 91 % 100 % 82 %

UPDRS motor score

U P D RSl o w vs. control 12 / 39 74 % 67 % 82 %
U P D RSmi d d l e vs. control 15 / 39 81 % 80 % 82 %
U P D RShi g h vs. control 15 / 39 91 % 100 % 82 %

Table 8.3: Classification of PD patients and controls. Optimal classification algo-
rithm AdaBoost was selected. This algorithm was tested using an unseen valida-
tion group. This group was additionally separated into different groups of disease
levels (H&Y) and different stages of movement impairment (UPDRS motor score)
to test the algorithm. The table is reused from [Kluc 13] with the publisher’s per-
mission.

ferent levels of motor impairment as defined by the UPDRS motor score
(U P D RSl o w , U P D RSmi d d l e , U P D RShi g h , 8.3). Interestingly, more ad-
vanced H&Y stages (H&Y III) and more affected patients (U P D RShi g h ,
score 23-50/108) reached very good classification results (91 %), whereas
classification rate was lower, both at early stages (70 % for H&Y I) and for
mildly affected patients (74 % forU P D RSl o w ). Thus, classification results
improved with increased motor impairment or H&Y stages.

In a second attempt, we isolated patients from the validation group
that were classified as controls (false negative samples). In order to de-
fine possible confounding parameters influencing the gait-based classi-
fication we compared the clinical characteristics between correct (n=32)
with false negative (n=10) classified PD patients. Notably, among the 10
false negative classified patients, age was younger than in the group of
correctly classified patients (58, 6 y ± 5.0, vs. 67.1 y ± 1 0.0, p ≤ 0.001).
Also, age-at-onset was younger (54, 4 y ± 6.9, vs. 61.3 y ± 12.0, p = 0.031).
Vice versa, false positive classified samples (n=6) in the control group
were older then correctly classified samples (mean age of false positive
results: 67.8 y ± 10.8; compared to 59.4 y ± 11.6), without reaching sta-
tistical significance (p = 0.124). Thus, even though PD and control sam-
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ples were age-matched, age in particular was an important confounder
for false classification.

The effect of age on false negative classification results was also
observed for early H&Y stages (H&Y I) and mildly affected patients
(U P D RSl o w , 8.4). In particular for the group H&Y I, age (57.5 y ± 3.7
vs. 66.4 y ± 9.9) and age-at-onset (54.5 y ± 3.7 vs. 64.5 y ± 10.5) was
significantly lower in false negative classified patients. A similar trend
was observed in the U P D RSl o w group, but did not reach significance
(Table 8.4 lower panel). Weight and gender did not differ between correct
and false classified patients, supporting that these factors did not have a
confounding influence on classification.

For early H&Y stages (H&Y 1) the total UPDRS motor score in false
negative classified patients was lower than in correct classified patients
(8.5 ± 3.6, vs. 11.7 ± 2.8, p = 0.06), without reaching statistical signifi-
cance (Table 8.4). Motor symptoms in early PD begins more frequently at
the upper extremity without affecting lower extremities [Roch 08]. Thus,
we tested, if false negative classification of PD patients depends on little
or no impairment of the lower extremity in both H&Y I and U P D RSl o w

group. However, limiting the UPDRS motor score sub-items of the lower
extremity did not reveal differences between false negative and correctly
classified PD patients (U P D RSL E : correct classified: 4.1 ± 2.0, vs. false
negative: 3.3 ± 2.6, p = 0.49).

8.3.4 Disease Stages and Levels of Motor Impairment

Next, we aimed on distinguishing patient groups at different H&Y stages
(H&Y I, II, III) or with different levels of motor impairment defined by the
UPDRS motor score (U P D RSl o w , U P D RSmi d d l e , U P D RShi g h ). Since
subgroups were relatively small, all samples from the training and vali-
dation population were included and classification rates were calculated
using cross-validation. Thus, the aim was rather to distinguish subgroups
of clinically defined patients, than support the diagnosis of PD itself.

Subgroups of patients in different H&Y stages were separated by H&Y
from controls with balanced classification rates between 83 % and 91 %
(Table 8.5). A larger difference between H&Y stages (e.g. H&Y I vs. H&Y
III) revealed the best classification results.

Another algorithm was introduced to classify subgroups with differ-
ent levels of UPDRS motor score based motor impairment. Whereas dif-
ferentiation between U P D RSl o w vs. U P D RSmi d d l e , or U P D RSmi d d l e

vs. U P D RShi g h groups reached only 77 % correct classification rates, dif-

147



Chapter 8. Classification of Gait Impairments in Parkinson’s Disease

Clinical characteristics Correct classified False negative p < 0.05

N (H&Y I) 8 6

Sex (m/f) 3 / 5 3 / 3
Age (y) 66.4 ±9.9 57.5 ±3.7 *
Age at onset (y) 64.5 ±10.5 54.0 ±3.7 *
Disease duration (y) 2.0 ±1.2 3.9 ±3.7
UPDRS motor score 12.0 ±3.3 8.5 ±3.6
Levodopa equivalent (mg/d) 130 ±186 162 ±233
Depression score (SDS) 44.8 ±12.6 53.8 ±12.6
Weight (kg) 77.8 ±13.8 72.7 ±18.3
Height (cm) 172 ±11.2 168 ±8.8

N (U P D RSl o w ) 7 5

Sex (m/f) 4 / 3 2 / 3
Age (y) 61.7 ±11.3 58.4 ±3.4
Age at onset (y) 57.4 ±13.8 54.8 ± 5.4
Disease duration (y) 4.3 ±4.1 4.1 ±4.1
H&Y 1.6 ±0.9 1.1 ±0.2
Levodopa equivalent (mg/d) 283 ±387 160 ±261
Depression score (SDS) 43.8 ±9.7 53.8 ±14.1
Weight (kg) 73.6 ±10.7 70.4 ±19.5
Height (cm) 171 ±11.5 166 ±8.3

Table 8.4: Clinical characteristics of false negative classified PD patients at early
stage (H&Y I) or with mild motor impairment (U P D RSl o w ; < 12 UPDRS motor
score) compared to correctly classified patients. m: male; f: female; H&Y: Hoehn
& Yahr; UPDRS: Unified Parkinson’s Disease Rating Scale; SDS: Self Rating Depres-
sion Scale; Characteristics are given as mean ± standard deviation; * p<0.05 Stu-
dent’s T-test. The table is reused from [Kluc 13]with the publisher’s permission.

ferentiation performance improved substantially for the classification of
U P D RSl o w vs. U P D RShi g h group with larger UPDRS score differences
(89 % correct classification rate, Table 8.5). Thus, the ability to distinguish
between different stages or levels of motor impairment further supports
the ability of sensor-based movement analysis to assess PD related gait
alterations.

8.4 Discussion

With pattern recognition approaches we are able to analyze a huge
amount of data by extracting not only stride parameters but also a large
number of statistical features from raw sensor data of gait. With these
methods we analyzed differences between PD patients and controls as
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Groups and categories n Classifier Test Features Acc Sens Spec

H&Y staging

H&Y I vs. H&Y II 32 / 24 SVM linear (C=15) A,C G07,S04,F03,F10 83 % 75 % 91 %
H&Y II vs. H&Y III 24 / 36 SVM linear (C=20) A,B S01,S05,S08,F07,F08 83 % 83 % 83 %
H&Y I vs. H&Y III 32 / 36 SVM linear (C=30) A,C G04,S03,F04-F06 91 % 92 % 90 %

UPDRS motor score

U P D RSl o w vs. U P D RSmi d d l e 31 / 30 AdaBoost (10 iterat.) A,B G09,G10,S01,S03,S07,F07 77 % 70 % 84 %
U P D RSmi d d l e vs. U P D RShi g h 30 / 31 AdaBoost (10 iterat.) A,B,C G07,S01,S04,F03,F05 77 % 77 % 77 %
U P D RSl o w vs. U P D RShi g h 31 / 31 SVM linear (C=30) A,C G04,S04,F05,F06 89 % 87 % 90 %

Table 8.5: Classification results within patient subgroups. Subgroups of PD pa-
tients defined by either H&Y I, II, III, or UPDRS motor score based levels of motor
impairment (U P D RSl o w , U P D RSmi d d l e ; U P D RShi g h ) were classified and cross-
validated from all PD patients. Best classification results were obtained with clas-
sifier listed, resulting in the algorithms using selected features from specific tasks
(A:40 meter walk, B: heel-toe tapping, C: circling foot rotation). The table is reused
from [Kluc 13]with the publisher’s permission.

well as different disease stages. Finally the findings and developments
from the complete thesis were used to build a score to rate movement
impairments in PD in an objective and automated way with regression
algorithms.

Including pattern recognition algorithms a system was developed to
use data from mobile sensor-based gait analysis to classify gait alterations
in PD patients corresponding to the commonly used disease stages and
scores for motor symptoms. In particular, the IMU system was able to
A) distinguish PD patients from controls, and B) to automatically classify
different disease stages and levels of motor impairment of PD patients.

We detected individual gait derived features that show significant dif-
ferences between PD and control (Fig. 8.2). Other groups used multiple
accelerometer attached to the trunk, belt, limbs or the spine to detect
motor-fluctuations [Keij 06] or trunk stability [Maet 12]. However, these
approaches compare only single or a limited number of features derived
from sensor signals and focused primarily on specific gait characteristics
of individuals. The major drawback of a single feature approach is that we
could not find an unique feature which makes a clear separation between
patients and controls possible (Fig. 8.2). Nevertheless, already the signifi-
cant difference in single features between groups supports the idea to use
mobile sensor systems to assess motor functions. To make use of multi-
ple features at once, pattern recognition algorithms were introduced for
further data analysis.

In the present study, the clinical evaluation of the examiner was used
as the gold standard to train the algorithms. Thus, the primary goal was
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to reproduce the rating by a clinician (e.g. diagnostic rating, staging,
and motor performance) by the IMU system to develop this as an ob-
jective, unbiased, and automated assessment tool supporting the clinical
workup. The system was able to correctly isolate patients from controls
based on their gait alterations and motor signs with classification rates
above 80 %. The accuracy of the clinical PD diagnosis made by physicians
ranges between 50 % and 80 % [Tolo 06]. Even though the accuracy of IMU
based gait analysis was higher, the clinical diagnosis includes differential
diagnosis of other neurological disorders with gait impairment.

Most importantly, the developed classification algorithm was con-
firmed by an unseen validation group. In the presented study an unseen
test group is of particular importance, because the substantial number
of features would allow an overfitting by the classification algorithm if
only one single group of patients and controls was classified. However,
since the results for the training and validation group did not differ, we
conclude that the developed system is assessing PD related gait changes
rather than individual differences of the group participants. This conclu-
sion is further supported by the fact that with increasing levels of motor
impairment or advanced stages the classification results for individual pa-
tients were improving as expected, supporting even more a clear depen-
dency of our analysis on PD related motor impairment.

A considerable inter-rater variability has been reported for the UPDRS
[Rich 94] that should be reduced by video-based teaching programs
[Goet 04b, Goet 10]. In the present experiments, we aimed to use the IMU
system as a rater-independent, objective measure of gait characteristics.
We were able to correctly classify three groups of PD patients with low,
middle, and high levels of motor impairment based on the UPDRS motor
score. Classification rates were even higher if UPDRS scores differed more
between groups ((U P D RSl o w vs. U P D RShi g h , Table 8.5). This comple-
ments earlier findings, where automated movement detection of the up-
per limb showed the potential to correlate to a decline in motor func-
tion [Goet 09]. Previously, similar cluster analysis approaches detected
changes in upper limb movement in PD patients by surface electromyo-
graphy and accelerometers [Riss 08].

At this point, it is also important to note, that classification errors
showed a strong relation to the age of the individual patients (Table 8.4).
In particular, young PD patients were misclassified as controls, or older
controls were classified as PD, respectively. Age is a very important fac-
tor for gait changes in the elderly healthy population [Cabe 13, Haus 07,
Schi 11]. Even though we age-matched the groups to exclude age as a con-

150



8.5. Chapter Highlights

founding factor for sensor-based analysis, the individual results empha-
size that gait assessment in movement disorders substantially relies on
gait characteristics in age matched control groups. Thus, future studies
aiming at individual specificity and sensitivity not only have to include
other diseases with gait impairments to allow differential diagnosis in-
cluding atypical PD syndromes and symptomatic Parkinsonism. In ad-
dition, they also have to control for age related gait changes in the elderly
healthy population.

8.5 Chapter Highlights

• PD related gait impairments were recognized in a dataset
of 92 patients and 81 controls that were split into training
data and testing data.

• Contribution: It was shown that PD patients were accu-
rately recognized and staged regarding their disease lev-
els based on IMU data from gait tests.

• Contribution: The analysis of the clinical data con-
firmed that age and age of onset are strong confounders
in the classification of disease related gait impairments.
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Chapter 9

Instrumented Gait Score in
Parkinson’s Disease

In previous chapters it was shown how an IMU based system enables the
assessment of stride parameters and how these stride parameters can be
analyzed to stage PD typical gait impairments. In two cross-sectional
studies it was demonstrated how mobile gait analysis can be used to
characterize shuffling gait (chapter 6), or how PD patients or even indi-
vidual disease stages were recognized with machine learning algorithms
(chapter 8). In this chapter an algorithm is presented that was developed
on a training population of 155 individual patients with 262 recordings
and was applied on a pharmacological intervention group (treated with
Rasagiline), where 13 de novo patients were recorded and rated multiple
times in a period of 5-8 months. The algorithm provided objective ratings
of the disease progression and is the last development step in this thesis
(Fig. 9.1).

9.1 Motivation

The qualitative and quantitative rating of signs of motor impairment in
PD defines the diagnosis, the disease stage, and is the major primary
outcome parameter for the therapy of motor functions. The most fre-
quently used rating score for motor signs in PD is the UPDRS motor score
[Fahn 87, Goet 08]. It is widely used in clinical studies e.g. to assess phar-
macological intervention to improve motor function of PD patients. Nev-
ertheless, a major obstacle is its rater dependency resulting in a consider-
able inter-rater variability [Rich 94, Post 07]. The already introduced stride
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Figure 9.1: The thesis describes the individual building blocks of a gait analysis
system to measure gait impairments in Parkinson’s disease. The whole framework
was developed in a step by step development process. On the basis of stride pa-
rameters from gait and movement tests and with the findings from classification
experiments, the relevant information was available to built an automated scale
to rate movement impairments objectively.

parameters can help here to make a more objective rating. However, these
stride parameters can be misinterpreted and need a rater dependent in-
terpretation.

Results from the previous chapter demonstrated that IMU based gait
recordings analyzed with machine learning algorithms reveal disease re-
lated impairments (chapter 8). A technical and automated scale which
is able to rate such impairments can help therapists to assess the disease
progression in PD. Therefore, sensor data recorded during simple gait and
movement tests was used to train a regression algorithm that is able to
provide an automated scaling. This scale is comparable to the UPDRS
motor score but complementary. Such an additional, more objective scale
has the potential to optimize the clinical decision making.

Different research groups already published studies to predict the
complete UPDRS motor score from movement or speech data [Brew 09,
Eski 12]. However, the UPDRS motor score consists of different sub-items
concerning upper and lower extremities, tremor and movement impair-
ments, balance problems or unintelligible and impaired speech. With
one kind of sensor not all of those impairments can be assessed. For that
reason only specific UPDRS sub-items that can be measured with IMU
data, were data-driven identified and used to train the algorithms in this
study. An objective score was developed that correlates with the gait as-
sociated symptoms rated by the UPDRS motor score. Accordingly this in-
strumented rating from defined gait sequences can be used to monitor
the disease progression and especially the progression of the motor im-
pairment.
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Summarized, the aim of this study is to show that we are able to mea-
sure motor symptoms in patients gait that serve as basis for an individu-
alized motor impairment score. We use stride features and trained a re-
gression algorithm with a clinical rating to build a score that has lower
variability and a higher discriminatory power than a clinical rating. Ad-
ditionally two hypothesis should be analyzed: 1) We expect that machine
learning algorithms, trained with the complete UPDRS motor score, de-
liver worse results than algorithms trained with a gait-related sub-score,
because only specific sub-items are related to gait [Goet 07] and can be
assessed with foot worn sensors. 2) We assume that the machine learn-
ing algorithms have to be trained with data from a patient group that was
matched to the target group by their clinical characteristic e.g. age, dis-
ease duration or gender (cf. chapter 8).

9.2 Methods

9.2.1 Subjects and Measurement Protocol

Sample and Definition of Clinical Ratings

168 patients were recruited during their regular visit at the Movement Dis-
order Unit at the Department of Molecular Neurology, University Hospital
Erlangen from February 2011 until September 2015 (Table 9.1). Patients
were examined by trained movement disorder specialists and PD was di-
agnosed according to consensus criteria of the German Society of Neu-
rology analogue to the National Institute of Neurological Disorders and
Stroke (NINDS) diagnostic criteria for PD [Gelb 99]. The clinical assess-
ment includes the rating of the UPDRS motor score and the H&Y staging.
To reduce the influence of motor fluctuations, clinical examination was
performed no longer than 30 minutes prior to sensor-based recordings
[Goet 07]. All participants gave written informed consent (ethical pro-
posal Re.-No.4208, IRB, Medical Faculty, Friedrich-Alexander-University,
Erlangen-Nürnberg, Germany) according to the declaration of Helsinki.
Exclusion criteria consisted of non-PD related gait impairments (e.g.
spinal or orthopedic surgery), atypical Parkinson syndromes, spasticity,
stroke, neuropathy, myelopathy, hydrocephalus, and severe cognitive im-
pairment. Patients had to be able to walk independently (H&Y<4, UPDRS
gait item < 3).
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Training group Rasagiline group p<0.05

Patients 155 13
Recordings 262 57
Sex (m / f) 103 / 52 7 / 6
Subtype (akin / trem / equi) 60 / 29 / 66 3 / 4 / 6
Age (y) 63.9 ± 10.9 57.8 ± 11.2 *
Age onset (y) 58.4 ± 10.9 56.2 ± 11.4
Disease duration (y) 5.5 ± 4.7 1.6 ± 1.3 *
H&Y 2.2 ± 0.9 1.4 ± 0.5 *
UPDRS motor score 18.9 ± 9.8 13.5 ± 7.2 *
Weight (kg) 78.0 ± 15.3 75.5 ± 13.6
Height (cm) 172.5 ± 8.8 173.2 ± 9.8

Table 9.1: Baseline characteristics of PD patients; m: male; f: female; H&Y: Hoehn
& Yahr; UPDRS: Unified Parkinson’s Disease Rating Scale; akin: akinetic-rigid sub-
type, trem: tremor-dominant subtype, equi: equivalent subtype; Characteristics
are given as mean ± standard deviation. A significant difference between groups
were found for age, disease duration, H&Y stage and UPDRS motor score.

Patient Subgroups

Two groups of patients were included in the study and are characterized
in Table 9.1. The training group consists of 262 recordings from 155 in-
dividual patients patients and was used to build the algorithms including
sub-item selection and parameter optimization. Repetitive recordings on
different time points (time between recordings differed from 1 day to 42
months) were assessed from 64 patients during their standard neurolog-
ical examination. The Rasagiline responder group was used to test the
algorithm. The group consited of 13 drug naive patients with de novo
PD. They took part in a short-term drug titration paradigm to analyze the
course of movement impairment over 12 weeks of Rasagiline treatment
1 . One additionally recorded patient was not responding to Rasagiline
and therefore excluded from the study. The focus was on the analysis of
Rasagiline responder. Responding to Rasagiline was defined by an im-
provement of the UPDRS-motor score of at least 3 points within the first
12 weeks. All 13 patients were recorded before therapy start (baseline
measurement), and after 2, 6 and 12 weeks, and in a follow-up analysis
5-8 months after the baseline measurement. These five measurement

1 Rasagiline is a MAO-B inhibitor and used as a monotherapy in early PD. MAO-B is an en-
zyme that breaks down dopamine. As a consequence Rasagiline inhibits the reduction of
dopamine.
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points of the 13 patients result in 65 individual recordings. However, due
to a measurement error (1 dataset, measurement on week 6) and missing
follow-up analysis (7 datasets) only 57 recordings were analyzed (details
in Table A.4).

Tests and Sensor Data

Subjects underwent four different gait and movement tests equipped with
the sensor system described in chapter 3.2. The data was recorded with
a sampling rate of 102.4 Hz. In this study the four tests 20 meter walk, 40
meter walk, 20 meter stop and go and heel-toe tapping were assessed. A
detailed description of these tests can be found in chapter 3.2.

9.2.2 Regression Algorithms and Data Evaluation

The development of the regression model that predicts the score for ob-
jective movement impairment rating in PD is illustrated in Figure 9.2.

Development of the eGaIT-score

UPDRS  
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sub-items
analysis

Creation of 
UPDRS  

gait score

Training of 
SVR regression 

model with 
gait score

Applied on 
training group

Data recording  
and calculation of 

stride and  
signal features

 Applied on 
unseen 

Rasagiline group

eGaIT-score

1. Bradykinesia 
2. Rigidity 
… 
… 
25. Postural stability 
26. Speech
27. Facial expression

UPDRS gait score 
= Bradykinesia 
+ Rigidity
+ Posture 
… 
+ Gait 
+ Postural stability

Averaged rating 
of single tests: 

2x10 meter walk 
4x10 meter walk
Stop and go 
Heel-toe tapping

Ø = eGaIT-score }
Figure 9.2: Illustration of the processing workflow for the development of the
eGaIT-score (eGaIT: embedded gait analysis using intelligent technologies). From
the recorded sensor data of the four standardized gait tests, signal and stride fea-
tures were calculated. A regression algorithm was trained to analyze each of the
27 UPDRS motor score sub-items with features from the training group. The sub-
items that could be predicted best were used to build a gait-related UPDRS sub-
score (UPDRS gait score). A SVR regression model was trained and tested on
the training group to predict the gait score. The prediction results generated the
eGaIT-score. To assess these score the algorithms were applied on the training
group and on the unseen Rasagiline group of early stage patients.

Feature Calculation and Machine Learning

Gait-related features as well as features from signal sequence and fre-
quency transformation were extracted from the sensor data of the four
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movement tests 20 meter walk, 40 meter walk and 20 meter stop and go
(Table 9.2). A detailed description of the quantitative features that were
used to characterize the sensor signals is given in chapter 7.4. For the heel-
toe tapping test only the features from signal sequence and frequency
transformation were extracted.

Features from left and right foot and from the 3 sensor axis from gyro-
scope and accelerometer were extracted. This results in 186 features for
20 meter walk, 40 meter walk and 20 meter stop and go and 156 features for
heel-toe tapping. The 156 features of the heel-toe tapping test were made
up of 8 signal sequence and 5 frequency features from 6 sensor axis on
each of the 2 feet. For the other three tests additionally 15 stride features
from 2 feet were added.

In this study features were used that showed good performance in
previous work (chapter 8). Statistical stride features were replaced with
the spatio-temporal stride parameters, because a feature ranking in the
classification study showed that these features were of lower relevance.
These features already had low discriminative power for the classification
of different disease stages, therefore we assume that they have also low
relevance for regression algorithms. The frequency features that charac-
terize specific frequency bands (F03-F08, chapter 7.4), showed strong cor-
relations to each other. Consequently only the energy in frequency band
(F03-F04, chapter 7.4) was considered in this study.

A SVR model with a linear kernel was used in all experiments of the
training group, evaluated with a 10-fold cross-validation and the C param-
eter was optimized to get the highest correlation between clinical rating
and prediction. To find the best cost parameter C different values were
evaluated with an inner 10-fold cross-validation (value range [0.001, 0.01,
0.1, 0.5, 1.0, 3.0, 5.0, 7.0, 9.0, 11.0, 13.0, 15.0, 17.0, 20.0, 25.0, and 30.0]).
The Epsilon value was set to 0.001 (chapter 7.7). The Rasagiline group
was analyzed using best SVR model optimized from training group. De-
tails to the machine learning algorithms and parameter optimization can
be found in chapter 7. No feature selection was performed in this study.
For each experiment the complete set of quantitative features was used.
The features were evaluated separately for each gait test.

UPDRS Motor Score Prediction and Sub-item Analysis for Gait Score Develop-
ment

First the complete UPDRS motor score was predicted with a SVR model
that was built and evaluated on the training group. Further, it was ex-
pected that a regression algorithm trained with a gait related sub-score
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Statistical stride features Sequence and frequency features

P01 Number of strides Signal Sequence features
P02 Stride time S01 Entropy
P03 Stride time variability S02 Mean
P04 Swing time S03 Variance
P05 Swing time variability S04 Root mean square
P06 Stance time S09 Maximum
P07 Stance time variability S10 Minimum
P08 Cadence S11 Kurtosis
P09 Stride length S12 Skewness
P10 Stride length variability Frequency features
P11 Heel strike angle F01 Dominant Frequency
P12 Toe off angle F02 Energy ratio
P13 Maximum toe clearance F03 Energy in FB 0.5 to 3 Hz
P14 Estimated distance F04 Energy in FB 3 to 8 Hz
P15 Stride velocity F10 Energy

Table 9.2: The features used in the regression experiments. A more detailed de-
scription of the features can be found in Section 7.4. FB: frequency band

improves the automated prediction. Therefore individual sub-items of
the UPDRS motor score were analyzed and used to develop this sub-score.
Each of the 27 UPDRS sub-items was predicted with an individual regres-
sion model. The data from the training group (Table 9.1) was used and
the tests 20 meter walk, 40 meter walk, 20 meter stop and go and heel-toe
tapping were analyzed separately. All sub-items that reached in one of
the four gait tests a correlation coefficient higher or equal than 0.30 were
selected to build the gait-related UPDRS sub-score (UPDRS gait score).

Application of the Gait Score

The UPDRS gait score was built by summing up the clinical ratings of
the UPDRS sub-items that were data-driven selected with the previous
described regression models. Quantitative features from each patient
dataset were labeled with the UPDRS gait score and a SVR regression mo-
del was trained and evaluated with a 10-fold cross-validation. All regres-
sion experiments for model generation were performed for each of the
gait tests separately. To generate the prediction result from the regression
model, results from all available tests (20 meter walk, 40 meter walk, 20
meter stop and go and heel-toe tapping) were averaged. This approach al-
lows a training and prediction of the UPDRS gait score if single gait tests
from individuals were missing [Hall 97]. The averaged prediction resulted
in a single value (eGaIT-score; eGaIT: embedded gait analysis using intel-
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ligent technologies) with the aim to reach a high correlation to the sum of
the selected UPDRS sub-items.

The concept allows also a training of the eGaIT-score regression model
with different patient groups. This gives the opportunity to select specific
sub-populations of the training group e.g. in different disease stages, to
define the regression model.

To proof the developed eGaIT-score, the model was used to rate the
gait impairments of 13 patients of a pharmacological intervention study
(Rasagiline group, Table 9.1). The main idea is to predict the course of
the movement impairment and analyze the influence of Rasagilin in early
stage patients. To analyze the course of the Rasagiline responder, the
change in the clinical rating and the rating from the model score was eval-
uated. The changes between baseline, 2 weeks, 6 weeks, 12 weeks and fol-
low up measurements were averaged from the data of the 13 patients by
calculating mean and standard deviation.

Statistical Analysis

Standard correlation coefficients were calculated with Pearson’s r . Test-
retest reliability of clinical rating and objective gait scores were calculated
by intra-class correlation coefficient (ICC). Differences in the scores regar-
ding patient groups were calculated based on Student’s T-test or one-way
ANOVA followed by Bonferroni’s post-hoc test. The change of the score
in the Rasagiline group was analyzed for statistical significant differences
with a two sample ANOVA test, the Wilcoxon matched pairs test for paired
samples. To compare variation between different measurement scales the
CV was used, which is calculated by dividing the standard deviation by the
mean. All statistical tests were performed with build in Matlab (Math-
Works, MA, USA) functions.

9.3 Experiments and Results

The experiments and results chapter is structured in such a way that
the development of the eGaIT-score is presented. First results from the
UPDRS motor score analysis, then the sub-item analysis was presented,
followed by a performance analysis of the eGaIT-score on the training data
and a comparison to disease stages and single UPDRS sub-items. Finally
the eGaIT-score is evaluated on unseen data from a pharmacological in-
tervention study.
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9.3.1 Prediction of the UPDRS Motor Score

A regression model was built to predict the complete UPDRS motor score
that achieved a Pearson correlation of 0.48 and an ICC of 0.48 (Fig. 9.3).
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Figure 9.3: Scatter plots of the clinical ratings and the predictions with a trained
regression model for the complete UPDRS motor score (ICC=0.48).

9.3.2 UPDRS Motor Score Sub-item Analysis

Results from the UPDRS motor score sub-item analysis are shown in Ta-
ble 9.3. The Pearson’s r was used to calculate the correlation between the
clinical rating and results from the regression model. For each movement
test separate experiments were performed.

2x10 meter walk (n=168) 4x10 meter walk (n=244) Stop and go (n=232) HT tapping (n=227)

sub-item R sub-item r sub-item r sub-item r

bradykinesia 0.41 gait 0.48 gait 0.44 bradykinesia 0.45
posture 0.40 speech 0.43 bradykinesia 0.41 posture 0.45
arise from chair 0.38 bradykinesia 0.40 legAgility 0.39 leg agility 0.40
gait 0.34 rigidity lower extr. 0.40 posture 0.39 arise from chair 0.39
speech 0.34 arise from chair 0.37 arise from chair 0.38 alternating mov. 0.35

posture 0.35 rigidity lower extr. 0.37 speech 0.32
leg agility 0.34 leg agility 0.35 gait 0.31
postural stability 0.33 speech 0.34
alternating mov. 0.30

Table 9.3: Results of the UPDRS motor score sub-item analysis are shown. The
sub-items with a correlation of the clinical rating to the prediction from the re-
gression model higher or equal than 0.30 are listed. The number of patients n that
performed each of the 4 tests is given.
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The sub-items gait, posture, arise from chair, bradykinesia, and speech
showed in all of the four gait tests a correlation coefficient higher than
the defined threshold (r ≥ 0.3). Additionally the items postural stabil-
ity, alternating movement left and right, leg agility left and right, rigidity
of lower extremities left and right showed in at least one movement test
a correlation higher than the threshold. These items were summed up
and used as sub-items of the gait-related UPDRS sub-score (UPDRS gait
score).

The data analysis was performed with the data of the training dataset
characterized in (Table 9.1). Individual patients performed only a subset
of the four tests. Table 9.3 shows the number of patients that performed
the single movement tests.

9.3.3 eGaIT-score Predicts UPDRS Gait Score

The regression model to predict the UPDRS gait score was applied on the
training group (Table 9.1) and achieved a Pearson correlation coefficient
of 0.58 and an ICC of 0.60 (Fig. 9.4). With the regression model trained
with the UPDRS gait score an improvement of 25 % of the ICC compared
to the complete UPDRS motor score was realized (Fig. 9.3). The prediction
results of the UPDRS gait score regression model are further termed as
eGaIT-score.
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Figure 9.4: Scatter plots of the clinical ratings and the predictions with a trained
regression model for gait-related UPDRS sub-score (ICC=0.60).
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9.3.4 eGaIT-score Detects Disease Stage and Gait Impairments

Association of eGaIT-score to Disease Stage

Disease stage in PD is commonly defined by the H&Y rating. Goetz et
al. already described that the H&Y rating depends on gait impairments:
„The scale is based on [...] motor involvement and compromised bal-
ance / gait“ [Goet 04a]. The eGaIT-score confirmed this and showed a
clear relationship to the different disease stages in the training dataset
(Fig. 9.5 A). Significant differences were achieved between all three groups
(p < 0.005). The 74 recordings with the disease stage H&Y I had an aver-
aged eGaIT-score of 6.4±1.7 and increases by 16 % for H&Y II (113 record-
ings, 7.4± 1.8) and by 22 % for H&Y III (75 recordings, 9.0± 2.6).
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Figure 9.5: Box plots (median and quartiles) of the predicted eGaIT-score per
Hoehn & Yahr stage. Significant differences between all mean values were shown
(p < 0.005).

The H&Y rating was additionally compared to the UPDRS motor score
(Fig. 9.5 B). Significant differences were achieved between all three groups
(p < 0.005). The recordings with disease stage H&Y I had an averaged
UPDRS motor score of 10.5± 5.2 and increases by 77 % for H&Y II (18.6±
6.8) and by 35 % for H&Y III (25.2± 8.8).

The CV per disease stage was used to analyze the precision of the
eGaIT-score and the UPDRS motor score. Considering the predicted
eGaIT-score, the patient groups H&Y I, II and III showed a CV of 27 %, 24 %
and 28 %; the UPDRS motor score of 49 %, 37 % and 35 %.

Based on significant differences in all H&Y groups it was shown that
the eGaIT-score is related to the disease stage and has a lower variability
in H&Y stages compared to the UPDRS motor score.
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Association of eGaIT-score to Gait, Posture and Arise from Chair

Gait, posture and arise from chair are the main sub-items of the UPDRS
motor score that characterize gait impairments. Other sub-items are per
definition of the UPDRS motor score assessment not or less influenced by
gait impairments [Fahn 87]. For that reason the relationship of the eGaIT-
score to the items gait, posture and arise from chair was analyzed in more
detail. We could show that the eGaIT-score increased with higher clinical
rating of the sub-items. In Fig. 9.6 boxplots show the mean and standard
deviation of the eGaIT-score from patients with stage 0, 1 or 2 for the sub-
items gait, posture and arise from chair.
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Figure 9.6: Box plots (median and quartiles) of the predicted eGaIT-score per stage
of the UPDRS sub-items gait, posture and arise from chair. Significant differences
between all subgroups of the mean values per sub-item were shown (p < 0.05).

The eGaIT-score increased by 25 % when the item gait (Fig. 9.6 A) was
rated with 1 instead of 0 and by 19 % when the item gait was rated with
2 instead of 1. Averaged eGaIT-score for rating 0 was 6.3± 1.4 (86 record-
ings), for rating 1 it was 7.9± 1.9 (136 recordings) and for rating 3 it was
9.4± 3.0 (40 recordings). There was a significant difference between all
three groups (p < 0.005).

The eGaIT-score increased by 27 % when the item posture (Fig. 9.6 B)
was rated with 1 instead of 0 and by 14 % when the item gait was rated
with 2 instead of 1. Averaged eGaIT-score for rating 0 was 6.2 ± 1.5 (67
recordings), for rating 1 it was 7.9± 2.1 (157 recordings) and for rating 3 it
was 9.0+/−2.5 (38 recordings). There was a significant difference between
all three groups (p < 0.05).

The eGaIT-score increased by 23 % when the item arise from chair
(Fig. 9.6 C) was rated with 1 instead of 0 and by 26 % when the item gait was
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rated with 2 instead of 1. Averaged eGaIT-score for rating 0 was 6.9± 1.9
(172 recordings), for rating 1 it was 8.5± 2.2 (76 recordings) and for rat-
ing 3 it was 10.7± 1.8 (14 recordings). There was a significant difference
between all three groups (p < 0.005).

The functionality of the eGaIT-score to measure gait-related impair-
ments was confirmed by the significant increase of the score in all gait-
related UPDRS sub-item stages.

9.3.5 Assessment of Gait Upon Rasagiline Treatment

The eGaIT-score was tested on unseen data from a pharmacological in-
tervention study (Rasagiline group, Table 9.1). This dataset included 57
data recordings that consisted of repeated measures from 13 patients.

A prediction of the eGaIT-score with an algorithm trained on the com-
plete training group resulted in an ICC of 0.1 for the Rasagiline group,
which is 83 % worse than results from the cross-validation experiment.
In Table 9.1 significant differences in the clinical parameters age, disease
duration, disease stage (H&Y) and movement impairment (UPDRS motor
score) were shown. Therefore, the training group was adapted to match
clinical characteristics of the Rasagiline group. The groups were matched
by reducing the training group to patients with disease duration of less
than four years to eliminate significant group differences (Table A.5).

An ICC of 0.54 was reached with the previously developed regression
model built from the disease duration-matched training group. In Fig-
ure 9.7 the result from the matched training group is presented that was
10 % worse than the result from the cross-validation group.

The averaged course of the clinical rating and the rating from the
eGaIT-score was analyzed. A significant decrease of the UPDRS motor
score as well as the UPDRS gait score in the measurements 2 weeks af-
ter baseline rating was confirmed by a significant decrease in the eGaIT-
score (Fig. 9.8 and Table 9.4). The eGaIT-score additionally confirmed the
significant decrease in the rating of the UPDRS gait score 6 weeks after
baseline measurement. The follow up measurement showed in the eGaIT-
score data a significant increase and consequently a significant worsening
of the movement impairment. This significant change did not exist in the
clinical ratings.
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Figure 9.7: Scatter plot of the clinical rating and the regression model prediction
(eGaIT-score) of the UPDRS gait score from the Rasagiline group. Algorithms were
trained with a sub-group of the training population that was matched regarding
disease duration to the Rasagiline group.
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Figure 9.8: The change between two time points of measurements from Rasagiline
responder. Single charts show the averaged data of the 13 patients from baseline
(bl), 2 week, 6 week, 12 week and a follow up (f-up) measurement. Values below
zero represent a decrease of the score and consequently an improvement of the
movement impairment. Values above zero represent a worsening of the move-
ment impairments. A significant change between 2 measurements is marked with
a *.

9.4 Discussion

Gait impairment is a major symptom in PD, limiting quality of life and
daily activities, but is rated with low resolution and a substantial inter-
rater variability within the UPDRS motor score. We developed the first
automated objective score for gait impairment in PD that is purely based
on sensor-technologies and algorithms. The basis for the algorithms was
the clinical rating of experienced movement disorder specialists, the score
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Change between measurements of Rasagiline responder

2 weeks 6 weeks 12 weeks follow up

UPDRS motor score -5.5 ± 4.3* -1.1 ± 2.9 2.1 ± 8.2 2.2 ± 6.3
UPDRS gait score -1.9 ± 1.7* -1.1 ± 1.4* 0.9 ± 3.8 2.4 ± 3.4
eGaIT-score -0.7 ± 1.1* -0.6 ± 0.9* 0.3 ± 0.9 1.3 ± 0.9*

Table 9.4: The mean change of the scores to previous measurement is shown in
this table. Data is averaged from the 13 patients that Respond to the Rasagiline
treatment. The results are given as points (mean ± standard deviation). A signifi-
cant change between 2 measurements is marked with a *.

was tested on an unseen pharmacological intervention group and created
as a complementary tool to common scales.

To analyze which items of the UPDRS motor score can be assessed
with inertial sensors, the most meaningful sub-items were identified by
evaluating each of them with a machine learning algorithm. The regres-
sion model selected the sub-items gait, posture, arise from chair, bradyki-
nesia and speech most frequently. Within the UPDRS the sub-items gait,
posture and arise from chair define the gait impairment and the item
bradykinesia influences gait [Fahn 87]. The item speech is at first glance
not directly related to gait. However, impaired speech is together with the
items gait, posture and arising from chair based on axial symptoms, that
are known to respond less to medical treatment and were consequently
rated similar by movement disorder specialists [Bejj 00]. That might ex-
plain why speech seemed to be cofounded with gait impairments by po-
tential underlying disease mechanisms. All items that were selected dur-
ing the sub-item analysis are clinically related to gait impairments and
confirm therefore the outcome of the regression model.

With a sub-item analysis of the UPDRS motor score a gait-related sub-
score was developed and used to train a regression model. The prediction
results from this regression model were further termed as eGaIT-score
and confirmed that a gait-related sub-score of the UPDRS was predictable
with a higher correlation (ICC=0.60) than the approach to predict the
complete UPDRS motor score (ICC=0.48). Additionally we proofed the
general applicability of the eGaIT-score by comparing the automated rat-
ings to the clinical rated disease stages. It was shown that with increas-
ing H&Y stage also the eGaIT-score increases significantly. If the clinically
rated UPDRS motor score is compared to the individual H&Y stages also
significant differences can be observed. However, the CV in each H&Y
stage is in average 14 % higher in the UPDRS motor score than in the
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eGaIT-score. That indicates a higher precision and homogeneity of the
eGaIT-score in single disease stages.

With an ICC of 0.60 between the predicted eGaIT-score and the clini-
cal rating of UPDRS gait score we achieved only a moderate correlation.
A possible reason for this could be the clinical rating of the UPDRS motor
score, which has still a subjective influence from the movement disorder
specialist and a considerable inter-rater variability [Rich 94]. That means,
we built an objective scale with a kind of subjective gold standard. How-
ever, if we consider the ICC of 0.60 to the inter-rater correlation of the
UPDRS motor score, similar results were shown. The ICC for the incor-
porated UPDRS items for inter-rater reliability ranged in the study from
Richards et al. from 0.29 to 0.92 and was in average 0.64 [Rich 94]. The
results of the eGaIT-score analyzing different disease stages and individ-
ual UPDRS motor score items confirmed also that the eGaIT score mea-
sures gait-related impairments. With the lower variation in disease stage
analysis we can also assume that a higher precision is achieved with the
measured score.

A limitation of the results from the training group is that the same
dataset was used to determine the sub-items as well as to calculate the
eGaIT-score. This may lead to overfitted results and gives a too optimistic
forecast [Theo 08]. However, it was necessary to train the system with a
reasonable number of datasets during the score development. An indica-
tor that our model was not affected by overfitting is also the result from the
unseen Rasagiline dataset, where only a 10 % less ICC value could confirm
the general outcome from the cross-validation.

To analyze the applicability of the eGaIT-score in the course of time the
Rasagiline group was analyzed. In this patient group a pharmacological
intervention was assessed on 13 drug naive patients with de novo PD. Due
to this specific test population and the significant differences in the items
age, disease duration, H&Y stage and UPDRS motor score of the clinical
characteristics, an adaption of the training group was necessary to train
the regression model. The ratings of H&Y and UPDRS are per definition
responsible for different kinds of movement impairments and that espe-
cially the age and also the disease duration has influence to classification
results, was already shown in chapter 8. An adaption of the training group
to match clinical characteristics is a common way and was used already
from other groups like Greene et al. where the regression model for the
risk of fall assessment was adapted to match age and gender of the sub-
jects [Gree 10b]. In PD different disease stages show different symptoms
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and need consequently adapted training data for the automated assess-
ment, which is one major outcome of this study.

We compared also the course of the 12 week treatment of the UPDRS
motor score to the course calculated with the eGaIT-score and could ob-
serve an identical progress. By the UPDRS motor score rating as well as
by the automated rating with the eGaIT-score in the first six weeks of the
Rasagiline treatment an improvement and in the following weeks a wors-
ening could be observed. Similar observations were already shown in
previous publications [Park 02b, Olan 09]. The significant changes were
identical in the UPDRS gait score as well as in the eGaIT-score and con-
firm that a working, automated and objective score for gait impairments
in PD was developed that is purely based on sensor-technologies and al-
gorithms. The score might serve as an objective and complementary gait
assessment target for clinical studies and care independent from the rater
and the environment.

9.5 Chapter Highlights

• A data-driven gait-related UPDRS sub-score was deter-
mined that includes items assessable from IMU based
measurements of gait.

• Contribution: A regression model was developed to as-
sess gait-related movement impairments. This objective
rating is not symptom specific and can assess disease
stage with lower variation than the UPDRS motor score.

• Contribution: It was confirmed that disease duration,
disease stage and age have strong influence on the re-
sults of automated rating models and should be incor-
porated during system development.

• Contribution: The eGaIT-score was able to assess the
change of movement impairments during a pharma-
cological intervention with Rasagiline and confirms
through objective measurement the trends from previ-
ous Rasagiline studies.
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Figure 10.1: The thesis describes the individual building blocks of a gait analysis
system to measure gait impairments in Parkinson’s disease. The whole framework
was developed in a step by step development process. In this part of the thesis the
development is summarized, the achievements and contributions are discussed
and an outlook to open research topics is given.

This chapter provides an overview and discussion of the thesis. First, a
summary is given in section 10.1 to recapitulate essential development
parts. The second part, section 10.2, combines a discussion of limitations
and future work with a focus on the individual building blocks:

• Stride segmentation as described in chapter 4,

• gait parameter development and application as described in chap-
ters 5 and 6,

• gait impairment classification and eGaIT-score development and
application as described in chapters 8 and 9, and
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• a general discussion and outlook of gait assessment with IMUs.

A final conclusion of this thesis is provided in section 10.3.

10.1 Summary

The presented thesis describes the development and validation of a sys-
tem to quantify gait and disease related impairments with a mobile and
lightweight IMU-based sensor system. A complete overview over the es-
sential building blocks of the system is shown in Figure 10.1. Stride char-
acteristics were quantified from specific gait and movement tests as well
as from free walking of a person (cf. chapter 4). The segmented strides
were then used to calculate gait parameters that are typically used in clin-
ical gait analyses including stride times, stride length or even three di-
mensional parameters such as foot angles and clearance. The assessment
of these gait parameters was validated with two gold standard systems,
the instrumented walkway GaitRite and the optical motion capturing sys-
tem Vicon. With 101 geriatric patients and 20 healthy controls in different
age groups, a wide range of subjects with and without gait impairments
was used for validation (cf. chapter 5). These stride parameters were an-
alyzed in a study with 291 participants to show the practical applicabil-
ity of the system. Parameters such as maximum toe clearance or stride
length changed significantly through different disease stages of PD and
also between patients and controls (cf. chapter 6). A combination of ex-
tracted gait parameters and statistical features derived from the sensor
data was used to distinguish between PD patients and healthy controls
as well as between patients with different disease stages. The analyzed
results indicated that age is an important confounding variable and has
influence on classification rates (cf. chapter 8). Further a new score was
developed based on machine learning and regression techniques to rate
PD typical gait impairments. The application of this score was validated
in a pharmacological intervention study, in which the disease course of
patients was analyzed over a time period of several months. The devel-
oped eGaIT-score was able to rate disease stages and could be used to
automatically rate an individual patient’s disease course, even with less
uncertainty compared to the clinical rating (cf. chapter 9).
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10.2 Limitations and Future Work

10.2.1 Automated Stride Segmentation

The proposed approach for sensor-based gait analysis relies on a ro-
bust segmentation and identification of strides from the sensor data. Al-
gorithms for stride parameter calculation based on bio-mechanical as-
sumptions, such as the one used in this thesis, require individual gait
events like heel strike, toe off or mid stance. Further, machine learning
algorithms were employed to also exploit gait sequence features when
training e.g. regression models that stage the disease level. Depending
on the type of application in some studies only such sequence features
were used. A good example is described in the article of Bachlin et al.
[Bach 10] that is based on the method of Moore et al. [Moor 08b]. Bach-
lin et al. used inertial sensor data and analyzed different frequency bands
from continuous signal sequences of 6 seconds to detect freezing of gait
episodes. Thus, depending on the application, stride segmentation and
stride parameter calculation is not always necessary to analyze gait im-
pairments. However, stride parameters make a gait analysis more under-
standable and comprehensible.

The presented approach allows the combination of different sen-
sors for a time invariant template matching. With a growing number of
lightweight and wearable sensors the combined analysis of data from dif-
ferent modalities becomes increasingly important. In the context of stride
segmentation, results can be further improved in the future by using ad-
ditional sensors such as magnetometers, plantar pressure or even data
from electromyography. Another potential approach is to use combined
sensor data to recognize other movements in numerous fields of applica-
tions. Examples for such a versatile use were presented in the study by
Kluge et al. [Hebe 14]where the authors detected vertical jumps with ms-
DTW or in the study by Groh et al. [Groh 14] in which strokes during row-
ing were detected. These examples confirm the flexible and customizable
use of the presented time invariant template matching. In future studies
this algorithm may also serve as a highly performant method for gesture
recognition or can be adapted and trained to recognize movement im-
pairments.

In contrast to the method described in this thesis, where the msDTW
algorithm was trained to exclude e.g. turning strides or stair climbing
strides during the segmentation process, it is possible to use a more sensi-
tive algorithm that includes every kind of stride. Such an approach can be
used together with a downstream analysis of the strides e.g. through clus-
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tering. In this case, segmentation does not differentiate between stride
types, but the clustering can reveal completely new information about
stride types or types of movement impairments automatically. Such an
approach was described by our group in a patent application that was
filed in 2016 [Bart 16]. Future work should consider a detailed evaluation
of the clustering on a large cohort of patients and controls to analyze and
confirm the potential of this approach.

10.2.2 Calculation and Validation of Stride Parameters

The stride parameter calculation is based on the previously summa-
rized stride segmentation algorithm and requires a recognition of the gait
events: heel strike, toe off and mid stance. The recognition of these events
and the validation of the calculated stride parameters was partly per-
formed on a population of 101 geriatric patients. This is in contrast to
the focus of the thesis where mostly gait impairments in PD were ana-
lyzed. One reason for choosing a population of geriatric patients was the
collaboration with the geriatric department of the Waldkrankenhaus St.
Marien in Erlangen, Germany where we had access to the instrumented
walkway GAITRite as a validation system. This allowed us to analyze geri-
atric patients during their standard clinical assessment procedure. The
focus of this thesis was the analysis of altered gait and in the geriatric pop-
ulation more than 50 % of the patients had typical gait disorders (cf. Ap-
pendix Table A.3). PD patients and geriatric patients show similar gait al-
terations (e.g. shuffling gait, short strides and increased fall risk). In chap-
ter 8 it was shown that similar ratings were observed for the elderly and
younger PD patients. Stride parameter algorithms could be used in other
research fields without significant adaptions, since our algorithm was de-
velopment based on bio-mechanical assumptions. As long as the pro-
posed framework was able to detect strides and gait events correctly the
stride parameter calculations is not influenced by altered gait (cf. chap-
ter 5).

A drawback of the bio-mechanical assumptions is that the stride pa-
rameter calculation fails if the gait events heel strike, toe off or mid stance
are not identifiable or identified incorrectly. This is the case when the sub-
ject is running or suffers other movement impairments such as Hunting-
ton’s disease, where a wide range of alterations in gait parameters can be
observed [Reyn 99]. With novel deep learning approaches it is possible to
determine stride parameters without the explicit calculation of specific
gait events or without including bio-mechanical assumptions. The suc-
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cess of deep learning in other domains, e.g. [Kriz 12], is promising and
suggests the translation to new fields such as to mobile gait analysis. A
first study of Hannink et al. confirmed this idea [Hann 17]. In the work
of Hannink, the GaitRite datasets of this thesis were used (chapter 5) and
stride length was estimated using a deep convolutional neural network.
Similar accuracy like in the bio-mechanical approach was reached but
the deep learning method is independent from specific stride borders and
drops the zero velocity assumption. However, this method requires a large
amount of training data and must be trained on input data specific to each
type of impairment to reach reliable results.

The gait tests in this thesis used a shorter walking track than in many
other studies. For gait analysis a track with at least 20 meters is proposed
to give reliable results for standard gait parameters [Naja 11]. The focus of
this thesis was to provide a system that is employable nearly everywhere.
We thus anticipate that the availability of a 10 meter track is a practically
simpler and more realistic requirement. The presented studies in chap-
ter 6, chapter 8 and chapter 9 confirmed that a 10 meter walking track
allows the meaningful measurement of outcomes. Such an easy to use
gait analysis system is also applicable in a wide range of new applications,
which, to this end, were not considered in the context of gait analysis. For
example, in a recent study the system was used to analyze the gait alter-
ation with simulated eyes disease [Kanz 16]. Here, significant stride pa-
rameter differences in a 10 meter walking scenario with and without vi-
sion impairment could be shown. In the future, such outcomes may serve
as an important indicator of positive pharmacological treatment-effects
in various domains.

Further to this, additional new gait parameters can be calculated with
an improved sensor setup. An example is the stride width which is of high
interest in PD [Vier 97]. The distance between both shoes can be deter-
mined with a distance sensor between the shoes or maybe even with a
signal roundtrip measurement. Mariani et al. already showed that swing
width variability in PD, determined with inertial sensors, is different in
patients with medication than in patients without medication [Mari 13].
Other novel parameters of interest could include be the foot bending, the
foot area of the initial contact, supination or pronation and much more.

10.2.3 Machine Learning to Stage PD Related Gait Impairments

In this thesis two studies were described in which stride parameters
were combined with statistical features from the signal sequence to train
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machine learning algorithms that assess PD related impairments. The
promising results from the classification study (chapter 8) gave the mo-
tivation to analyze PD patients in more detail and rate them not only ac-
cording to three distinct levels but with a continuous scale implemented
with regression algorithms (chapter 9). For a future use of the presented
methodology in a clinical scenario both methods must be implemented
in a system subsequently. First the system must classify the patients and
stage them roughly regarding their disease level with the classification
system. In a second step, the disease level of the patients can be rated with
the eGaIT-score in greater detail. With the previously performed rough
classification of the disease level, the eGaIT-score could be adapted re-
garding the disease stage, which improves the score reliability as it is de-
scribed in chapter 9.

For further improvements of the system, the amount of reference data
should be increased and concepts are needed to improve this underlying
data pool iteratively. Due to the high variability of human movement it
is important to incorporate several hundreds of heterogenous datasets as
basis for the machine learning algorithms. For a system that should be
used in everyday clinical practice the training data should be subdivided
into several subgroups to build more specified algorithms e.g. for a tremor
dominant or an akinetic rigid phenotype in PD or different age groups.
The accuracy of the machine learning algorithms can also be improved
by fusing the sensor data with data from other extremities. In an earlier
conference publication, we have shown that the accuracy for classifying
PD related impairments increases if data from a persons gait is combined
with IMU data from hand motor analysis [Bart 12]. Further to this, excel-
lent classification results were reached in a study were electromyography
was used to assess gait of PD patients [Kugl 13]. These examples under-
line that machine learning algorithms can be further improved in future
studies by using more reference data, employing additional sensors or in-
corporating other extremities.

For the specific staging of the disease level an idea for future research is
the exploration of deep learning approaches. The above described eGaIT-
score to rate disease related gait impairments could be developed based
on such algorithms. As a consequence the engineering of signal features
could be replaced with automatically constructed feature maps of neural
networks. Potentially, hand-crafted feature engineering missed some rel-
evant information and the data could provide higher accuracy. Especially
since deep learning approaches showed similar results for stride param-
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eter calculation an application of this algorithms for the disease staging
seems promising.

10.2.4 General Statements to IMU Based Assessment of Gait

The usage of IMUs has several advantages for mobile and unobtrusive gait
analysis. It is possible to record natural gait in nearly every environment,
no laboratory is necessary, long gait sequences even of several hours can
be recorded. The usage of walking aids such as a wheeled walker or a walk-
ing stick does not influence the recordings of such a system. For those rea-
sons the usage of IMU based movement detection is increasing in PD and
discussed in several review articles. For example, van Uem et al. analyzed
how wellbeing and health-related quality of life could be measured us-
ing wearables [Van 16], Pasluosta et al. analyzed how wearable technolo-
gies and the Internet-of-Things concept could be applied to PD [Pasl 15]
and Kubota et al. analyzed how wearables together with machine learn-
ing techniques help to analyze PD to improve its treatment [Kubo 16]. The
increasing accuracy of IMUs is of particular relevance. However, the gen-
eral sensor drift that result from changes of temperature, electronics sta-
bilizing, or aging of the transducer or electronic components could not be
eliminated and an absolute and precise reconstruction of the movement
is therefore not possible with current sensors.

Despite the mentioned limitations IMU sensor data is already used to
estimate movement and to reconstruct motion in 3D character animation
by companies like Xsense (Xsens Technologies B.V., Enschede, Nether-
lands). With a similar approach gait of patients could be reconstructed
in the future and can provide information support to physicians in an
entirely new manner. If strides from each assessments were recorded,
movement disorder specialists could analyze typical stride parameters in
disease progression and if necessary they can also inspect the foot mo-
tion visually. For that, strides must be rendered based on the trajectory of
3D foot movements from IMU data. A visual assessment of the deviation
from standard strides could e.g. be possible and help movement disor-
der specialist to improve their decision making. The presented methods
for stride identification and gait event detection are the essential basis for
such a 3D rendering. However, such a movement reconstruction must ful-
fill certain accuracy constraints and ideally provide confidence estimates
to rule out that a misinterpretation leads to wrong decisions during treat-
ment.
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Due to PD medication, patients often suffer from motor fluctuations.
Within a few hours various phases including dyskinesia, akinesia or a
complete freezing can occur. These motor fluctuations are currently blind
spots for therapists and a continuous rating of motor impairments is
therefore not possible. The developed algorithms for stride segmenta-
tion and gait parameter calculation can be used with more miniaturized
inertial sensors integrated in the shoes of a patient to detect and analyze
strides continuously at the patient’s home. The acquired data can be used
to give an overview of the activity of a patient, gait phases can be recog-
nized and stride parameters can be calculated. A continuous live feed-
back can be recorded and send to the treating physician to eliminate blind
spots during therapy. However, additionally to the miniaturization of the
sensors, a complete ecosystem has to be built to collect the data from the
shoes, transfer it to a server and prepare the data for the physician.

If such a home monitoring system is established, it is potentially pos-
sible to calculate not only stride features but also a score that rates the
disease impairment like the eGaIT-score. Such a system can provide
a reliable and continuous rating of the current motor impairment and
may, in the future, build the basis for the control of medication pumps
which are used for the treatment of motor fluctuations. In PD such
pumps were used for patients that were not sufficiently controlled by oral
anti-Parkinson medication. These pumps use a fine needle to deliver
substances, e.g. apomorphine, subcutaneously in a continuous manner
throughout the day. However, to automatically control apomorphine
pumps further datasets have to be acquired, and more focussed tests and
studies have to be conducted. Further ethical questions have to be dis-
cussed and answered. In theory it is possible to control such pumps with
that kind of sensor technology and the algorithms presented in this thesis.

The described system for sensor-based gait analysis, including the
stride segmentation and gait parameter calculation, is implemented as a
ready-to-use system and is already in use by several medical institutions,
including e.g. the Department of Molecular Neurology of the University
Hospital Erlangen, the Institute of Sports Science and Sport in Erlangen,
the Department of Gastroenterology, Pneumology and Endocrinology of
the University Hospital Erlangen, the Medical University of Innsbruck or
Department of Neurology at the University Hospital of Würzburg. Several
screenshots of the system can be found in appendix A.4. The presented
machine learning parts were implemented prototypically and need to be
added to the ready-to-use gait analysis system.
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10.3 Conclusion

The contribution of this thesis is to enable and improve the application of
wearable sensors for gait analysis. Mobile and wearable sensor technol-
ogy is a rapidly evolving field with high potential to transform health care
and clinical research. The developed system is able to provide standard
gait parameters and a scoring that rates PD related gait impairments. The
conducted validation experiments confirm that the proposed method
provides objective and quantitative outcomes, which have the potential
to serve as a clinically useful biomarker. Wearable sensor-based gait ana-
lysis can advance the study of PD in terms of clinical characterization,
longitudinal disease progression, and objective and quantitative evalua-
tion of interventions. PD is an ideal proof-of-concept disease for instru-
mented gait analysis. However the potential of the developed methodo-
logy goes far beyond PD since gait impairment is a hallmark in numer-
ous other disorders, including neurological disorders such as dementia
but also musculoskeletal conditions and metabolic syndromes. Transla-
tional neuro-technologies are able to provide invaluable, additional infor-
mation to the physician while being minimally intrusive for the patient
during daily life. In this thesis it was shown that capturing the PD disease
state by means of wearable sensor-based gait analysis is a working exam-
ple of such neuro-technologies. The described system has the potential
to supply physicians and therapists of movement disorders with comple-
mentary but objective data that can both accelerate and improve clinical
decision making.
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Chapter A

Appendix

A.1 Patent Overview



Author & patent Title Legal status Sensor position Measurement

Aminian et al. [Amin 09] Body movement monitoring device Granted (DE, US, EP),
Pending (WO)

Lower extremities Kinematic data

Asphahani et al. [Asph 04] Portable system for analyzing human gait Granted (US) L&R foot Gait parameters

Caritu et al. [Cari 12] Device and method for characterizing movements Granted (CN), Pending
(EP, WO)

Complete body Movement parameters

Felsing et al. [Fels 96] System for quantifying neurological function Granted (US), Pending
(WO)

Upper extremities Neurological
functions

Greenberg et al. [Gree 14a] System and apparatus for continuous monitoring of
movement disorders

Granted (US) Limbs Movement disorders

Hanawaka et al. [Hana 08] Gait analysis system Pending (US) L&R foot Gait parameters

Hutchings et al. [Hutc 00] System and method for measuring movement of ob-
jects

Granted (US), Pending
(WO)

L&R insole Gait parameters

Mariani et al. [Mari 16] System and method for 3D gait assessment Granted (US), Pending (EP,
WO)

L&R foot Gait parameters

McNames et al. [McNa 14] Method, apparatus, and system for characterizing gait Pending (US) Complete body Gait characterization

Moore et al. [Moor 08a] Fully ambulatory, self-contained gait monitor Pending (US, WO) L&R ankle Gait parameters

Pasolini et al. [Paso 08] Pedometer device and step detection method using an
algorithm for self-adaptive computation of accelera-
tion thresholds

Granted (DE, US, EP) L&R foot Gait parameters

Salarian et al. [Sala 11] System for clinical assessment of movement disorders Pending (US) Complete body Movement parameters

Wang et al. [Wang 14] Gait analysis method and gait analysis system Granted (CN), Pending
(US)

L&R foot Gait parameters

Wilson et al. [Wils 16] Gait analysis system and methods Granted (US), Pending
(CN, EP, WO)

L&R insole Gait parameters

Table A.1: Overview of the most relevant patents for movement analysis with wearable sensors. Country codes: DE (Germany),
US (United States of America), CN (China), EP (European Patent Office), WO (World Intellectual Property Organization)
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A.2 Study Details Stride Parameter Calculation

# Trial Description

1 heel-toe-tapping Subject sits on a chair and has to tap heel and toe alternatively.
2 timed up-and-go Subject has to stand up from a chair, walk around a pylon and sit

down again.
3 drawing circles Subject sits on a chair and has to draw circles with the foot just

above the ground.
4 normal walk Subject has to walk in a self-selected, comfortable speed over the

GAITRite carpet without any help.
5 dual tasking Subject has to enumerate months of a year in reverse order while

walking over the GAITRite carpet.
6 walk and turn Subject has to walk 10 m, then turn in the direction the instructor

tells, walk back to start and turn again in a told direction.
7 wheeled walker Subject has to walk in a self-selected, comfortable speed over the

GAITRite carpet with the help of a wheeled walker.

Table A.2: GAITRite validation protocol of tests performed by each subject. In this
study, data sets of the test “normal walk” were analyzed. The table is reused from
[Ramp 14]with the publisher’s permission © 2015 IEEE.

Position Diagnose Percent

1 heart rhythm disorder 69.92
2 arterial hypertension 69.11
3 gait disorders / fall proneness 53.66
4 coronary artery disease 40.65
5 hypercholesterolemia / dislipedemia 26.83
6 cardiac valve disorder 26.02
7 kidney disease 21.95
8 diabetes mellitus 20.33
9 degenerative spine disorder 20.33
10 heart failure 20.33

Table A.3: The most frequent diagnoses of subjects in validation study with
GAITRite. The table is reused from [Ramp 14] with the publisher’s permission
© 2015 IEEE.
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A.3 Study Details Gait Score Development

Patient Data recording comment Rasagiline responder

1 recording complete Yes
2 recording complete Yes
3 no follow-up analysis Yes
4 not able to perform gait tests in week 6 No
5 recording complete Yes
6 no follow-up analysis; measurement error in week 6 Yes
7 recording complete Yes
8 no follow-up analysis Yes
9 no follow-up analysis Yes
10 no follow-up analysis Yes
11 recording complete Yes
12 no follow-up analysis Yes
13 recording complete Yes
14 no follow-up analysis Yes

Table A.4: Complete list of Rasagiline patients from the gait score study with com-
ments to missing datasets of the disease course rating.

Training group Rasagiline group p<0.05

Patients 73 13
Recordings 106 57
Sex (m/f) 46 / 27 7 / 6
Age (y) 61.3 ± 11.6 57.8 ± 11.2
Age onset (y) 59.5 ± 11.6 56.2 ± 11.4
Disease duration (y) 1.8 ± 1.8 1.6 ± 1.3
H&Y 1.8 ± 0.9 1.4 ± 0.5
UPDRS motor score 16.2 ± 9.2 13.5 ± 7.2
Weight (kg) 79.7 ± 17.8 75.5 ± 13.6
Height (cm) 172.4 ± 9.4 173.2 ± 9.8

Table A.5: Baseline characteristics of PD patients with modified training data; m:
male; f: female; H&Y: Hoehn & Yahr; UPDRS: Unified Parkinson’s Disease Rating
Scale; Characteristics are given as mean ± standard deviation; no significant dif-
ferences were found between groups.

184



A.4 Screenshots Gait Analysis System

Figure A.1: Case with the eGaIT gait analysis system, including two IMU sensor
units, a tablet and sport shoes.

Figure A.2: Screenshot of the GaitRecorder application of the eGaIT system. In this
screen individual gait tests were recorded for an automated analysis and stride
parameter calculation.
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Figure A.3: Screenshot of the stride parameter calculation results of the
GaitRecorder application. After a recording of a gait tests, strides were segmented,
gait parameters were calculated and shown in the application.
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In 1817 James Parkinson described in his Essay on the Shaking Palsy 
that impaired gait is one of the most important symptoms in Parkinson’s 
disease (PD): „Walking becomes a task which cannot be performed  
without considerable attention. The legs are not raised to that height, or 
with that promptitude which the will directs,...‘‘. 
Gait disorders still play an important role in PD since the diagnosis, the 
staging of the disease level, and also the assessment of therapeutic 
outcomes are based mainly on the rating of movement impairments. 
The state-of-the-art scores and scales to rate PD are based solely  
on subjective assessment of movement disorder specialists. A more  
objective rating of disease related impairments is therefore an urgent 
need to support clinical decision making. 
In this thesis the development of a mobile and unobtrusive system to 
rate gait impairments with wearable sensors is described. An inertial 
measurement system was used to provide standard gait parameters 
and a scoring that rates PD related gait impairments. This system  
supplies physicians and therapists of movement disorders with objective 
and complementary data and consequently improves clinical decision 
making. 
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