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Abstract

Human Activity Recognition (HAR) deals with the automatic recognition
of physical activities and plays a major role in the health and sports
sector. Knowledge about the performed activities can be used to monitor
compliance regarding physical activity recommendations, investigate the
causes of physical activity behavior, implement sport-specific training
programs, and replicate the physical demands during sport competition.

Currently available tools for HAR can be divided into subjective and
objective techniques. Subjective techniques often rely on questionnaires
which involve problems in the reliability when recalling activities. In
contrast, wearable computing systems such as activity trackers provide an
objective solution for HAR. Small, lightweight, and low-power sensors,
e.g. Inertial Measurement Units (IMUs), measure human movement.
Machine learning algorithms are further applied to the acquired sensor
data in order to enable an automatic recognition of physical activities.

In this thesis, algorithms for IMU-based HAR are introduced and eval-
uated considering daily as well as sport-specific activities. Daily activities
are taken from the ’Compendium of Physical Activities’ and include e.g.
sitting, washing dishes, and climbing stairs. Soccer is chosen as an ex-
ample sport due to the high number of actively involved people. The
considered soccer-specific activities mainly include full-instep and side-
foot kicks. Besides the development and implementation of algorithms,
mandatory extensions regarding the design of HAR systems are further
identified and future research directions are provided. In the following
paragraphs, the contributions of this thesis are further explained.

Various algorithms are described which are able to infer the daily and
soccer-specific activities regarding activity type and intensity. Three HAR
algorithms classify daily activities using a hierarchical architecture or
decision level fusion. The proposed approaches achieved accuracy values
above 85 % and reduce the retraining effort in case of environmental
changes such as new activities or sensors. Compared to current research
work, the algorithms provide more generic components which can au-
tomatically be adapted to different application settings. The concept of
decision level fusion is further applied to estimate the expended energy
during treadmill walking. The system achieved a Root Mean Square
Error (RMSE) of 0.42 MET.

Two HAR algorithms are introduced to classify full-instep as well
as side-foot soccer kicks using a hierarchical architecture or expert

iii



knowledge about kick phases. The proposed approaches achieved
accuracy values above 85 %. One HAR algorithm is further proposed
which estimates the ball speed after a full-instep kick. The system
achieved a Mean Absolute Error (MAE) of 5.5 km/h. The soccer-specific
approaches provide a better applicability to classify kicks and estimate
ball speed in more realistic conditions, e.g. during games, compared to
current approaches in literature.

Besides algorithms for activity inference, two novel techniques in
HAR research are introduced and assessed. First, a low-cost database
fusion strategy is described and investigated which aims at increasing the
amount of instances which could be used to train and test HAR systems.
The technique does not require a time-consuming collection of addi-
tional data. Second, a common evaluation framework is presented which
could be used to provide a fair comparison of various activity inference
methods. The framework is used to compare proposed HAR algorithms
to state-of-the-art algorithms from literature based on the same bench-
mark dataset and experimental setup. The framework enables a better
identification of the best algorithmic approach for a certain application
compared to current approaches in literature.

The soccer-specific HAR algorithms are further integrated in a novel
application for sensor-driven video summary generation. Soccer players
are provided with individual highlight reels. The selection of the corre-
sponding highlight scenes are driven by the decision of IMU-based HAR
algorithms. Video and audio effects are further added to the highlight
reels in specific automatically detected kick phases.

The previously mentioned algorithms are evaluated on small data. The
huge amount of data collected by Internet-connected devices coincide
with the trend toward the generation of Big Data. Although Big Data
offers new possibilities in HAR research, e.g. automated detection of
deviant behavior, the current design of HAR systems does not consider
Big Data concepts and tools. In this thesis, Big Data is introduced to
the HAR research field. A HAR-related definition of Big Data as well as
Big Data specific extensions of the HAR system design are proposed and
open issues as well as future research directions are further provided.

The contributions, which are presented in this thesis, address current
limitations in IMU-based HAR research and enable a better assessment
of humans’ behavior in health and sports. Future multi-sensor HAR
systems, which integrate the proposed algorithms and further consider
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the Big Data specific components, will provide a robust, holistic, and
long-term analysis of humans’ physical state.
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Zusammenfassung

Die automatische Erkennung menschlicher Aktivität spielt eine große
Rolle im Gesundheits- und Sportsektor. Das Wissen über die Aktivität,
die durchgeführt wird, kann verwendet werden, um die Einhaltung von
Empfehlungen hinsichtlich körperlicher Aktivität zu überprüfen, die
Ursachen des Aktivitätsverhaltens zu untersuchen, für einen Sport spezi-
fische Trainingsprogramme zu implementieren und die körperlichen
Anforderungen, die in einem sportlichen Wettkampf vorkommen, nach-
zubilden.

Derzeitig zur Verfügung stehende Systeme zur Aktivitätserkennung
lassen sich in subjektive und objektive Techniken einteilen. Subjektive
Techniken beruhen oftmals auf Fragebögen. Fragebögen zu benutzen
beinhaltet das Problem, dass man sich nicht zuverlässig an die Aktivität,
die durchgeführt wurde, erinnert.

Im Gegensatz dazu stellen tragbare Computersysteme wie Aktivi-
tätstracker eine objektive Lösung zur Aktivitätserkennung dar. Kleine,
leichte und energiesparende Sensoren, z.B. Inertialsensoren, erfassen
dabei die Bewegung des Menschen. Die Sensordaten, die aufgenommen
werden, werden mithilfe von Algorithmen des Maschinellen Lernens wei-
terverarbeitet, um eine automatische Erkennung menschlicher Aktivität
zu ermöglichen.

In dieser Doktorarbeit werden Algorithmen zur sensorbasierten Ak-
tivitätserkennung vorgestellt und evaluiert. Die automatische Erkennung
von Alltags- und Sportaktivitäten bildet dabei den Fokus. Beispiele für
Alltagsaktivitäten werden aus dem ’Compendium of Physical Activities’
entnommen und beinhalten Sitzen, Geschirrspülen und Treppen steigen.
Fußball wird aufgrund der hohen Anzahl aktiver, involvierter Personen
als Sportart ausgewählt. Die fußballspezifischen Aktivitäten beinhalten
hauptsächlich den Vollspann- und Innenseitstoß. Neben der Entwick-
lung und Implementierung von Algorithmen werden des Weiteren not-
wendige Erweiterungen hinsichtlich des Designs von Aktivitätserken-
nungssystemen identifiziert und zukünftige Forschungsschwerpunkte
aufgezeigt. Im Folgenden werden die wissenschaftlichen Beiträge, die in
dieser Arbeit vorgestellt werden, näher erläutert.

Verschiedene Algorithmen werden beschrieben, die in der Lage sind,
die genannten Alltagsaktivitäten und fußballspezifischen Aktivitäten
hinsichtlich ihres Typs und ihrer Intensität abzuleiten. Drei Aktivitäts-
erkennungsalgorithmen klassifizieren Alltagsaktivitäten. Dabei wird
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eine hierarchische Architektur oder eine Fusion auf Entscheidungs-
ebene verwendet. Die Ansätze erzielten eine Genauigkeit von über 85 %
und reduzieren bei einer Umgebungsänderung, z.B. neue Aktivitäten
oder Sensoren, den Aufwand eines erneuten Trainings. Im Vergleich zu
aktuellen Forschungsarbeiten stellen diese Algorithmen einen höheren
Anteil an generischen Komponenten bereit, die automatisch an ver-
schiedene Anwendungsbedingungen angepasst werden können. Das
Konzept der Fusion auf Entscheidungsebene wird weiterhin verwendet,
um den Energieverbrauch beim Laufen auf einem LauƟand zu schätzen.
Das entsprechende System erzielte einen Root Mean Square Error von
0.42 MET.

Zwei Aktivitätserkennungsalgorithmen werden vorgestellt, die einen
Vollspann- und einen Innenseitstoß im Fußball klassifizieren unter der
Verwendung einer hierarchischen Architektur oder unter Ausnutzung
von Expertenwissen hinsichtlich Schussphasen. Die vorgeschlagenen
Ansätze erzielten eine Genauigkeit von über 85 %. Ein Aktivitätserken-
nungsalgorithmus wird weiterhin beschrieben, der die Ballgeschwindig-
keit eines Vollspannstoßes schätzt. Das System erzielte einen Mean
Absolute Error (MAE) von 5.5 km/h. Die fußballspezifischen Algorith-
men stellen, verglichen mit aktuellen Ansätzen aus der Literatur, eine
bessere Anwendbarkeit der Schussklassifikation und der Ballgeschwin-
digkeitsschätzung unter realistischeren Bedingungen bereit, wie etwa
einem Fußballspiel.

Neben Aktivitätsinferenzalgorithmen werden zwei neuartige Techni-
ken in der Aktivitätserkennungsforschung vorgestellt und ausgewertet.
Zum einen wird eine kostengünstige Strategie zur Datenbankfusion
beschrieben und untersucht, die darauf abzielt, die Anzahl an Instanzen
zu erhöhen, die für das Trainieren und Testen von Aktivitätserken-
nungssystemen verwendet werden kann. Die Technik benötigt keine
zeitaufwändige Aufnahme zusätzlicher Daten. Zum anderen wird ein
allgemeines Auswertungsframework vorgestellt, das verwendet werden
kann, um verschiedene Aktivitätsinferenzmethoden fair zu bewerten.
Das Framework wird angewandt, um die vorgeschlagenen Algorithmen
zur Aktivitätserkennung mit Standard-Algorithmen aus der Literatur
zu vergleichen, basierend auf dem gleichen Benchmarkdatensatz und
Experimentsetup. Das Framework erlaubt eine bessere Identifikation
des besten Algorithmus für eine bestimmte Anwendung, verglichen mit
aktuellen Ansätzen aus der Literatur.
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Die Algorithmen zur Aktivitätserkennung im Fußball werden zudem
in eine neuartige Anwendung zur sensorgetriebenen Erstellung von
individuellen Videozusammenfassungen integriert. Die Auswahl der
zugehörigen Highlightszenen hängt von der Entscheidung sensor-
basierter Aktivitätserkennungsalgorithmen ab. Den Highlightvideos
werden weiterhin Video- und Audioeffekte an spezifischen Schussphasen
hinzugefügt, die automatisch detektiert werden.

Die bisher vorgestellten Algorithmen werden auf kleinen Datenmen-
gen getestet. Geräte, die mit dem Internet verbunden sind, erzeugen eine
große Menge an Daten, was mit dem Trend hinsichtlich der Generierung
von Big Data einhergeht. Obwohl Big Data neue Möglichkeiten für die
Aktivitätserkennungsforschung bietet, z.B. die automatische Erkennung
von abnormalem Verhalten, berücksichtigt das momentane Design von
Aktivitätserkennungssystemen keine Big Data Konzepte und Werkzeuge.
In dieser Doktorarbeit wird Big Data in das Forschungsfeld der Aktivi-
tätserkennung eingegliedert. Eine Definition von Big Data, die sich auf
die Aktivitätserkennung bezieht, und Ergänzungen des Designs von
Aktivitätserkennungssystemen, die spezifisch Big Data adressieren, wer-
den vorgeschlagen. Des Weiteren werden offene Punkte und zukünftige
Forschungsschwerpunkte dargelegt.

Die wissenschaftlichen Beiträge, die in dieser Doktorarbeit präsen-
tiert werden, adressieren aktuelle Einschränkungen im Forschungsfeld
der sensorbasierten Aktivitätserkennung und ermöglichen eine bessere
Bewertung von menschlichem Verhalten im Gesundheitsumfeld und
im Sport. Zukünftige Multisensor-Aktivitätserkennungssysteme, die
die vorgeschlagenen Algorithmen integrieren und zusätzlich Big Data
spezifische Komponenten berücksichtigen, ermöglichen eine robuste,
ganzheitliche und langfristige Analyse des körperlichen Zustandes des
Menschen.
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Chapter 1

Introduction

HAR deals with the automatic recognition of physical activities and
plays a major role in the health and sports sector [Bull 14]. In this thesis,
algorithms were developed and implemented, which were able to infer
daily and sports activities from IMU data using machine learning. In
addition, concepts and directions for future HAR systems were given.

This chapter is structured as follows. First, a motivation is given why
knowledge about performed activities is important in the health and
sports domain (section 1.1). Second, a brief introduction of methods
is provided how these activities can be monitored (section 1.2). Third,
the scope of this thesis in the field of HAR is described (section 1.3).
Fourth, technical challenges of IMU-based HAR systems are comprised
(section 1.4). Fifth, a literature review about HAR is given (section 1.5).
Sixth, HAR related products are introduced (section 1.6). Seventh, the
main contributions regarding HAR in daily life and sports are given
(section 1.7). Eighth, the outline of the thesis is provided (section 1.8).

1.1 Motivation

Physical inactivity is the fourth leading risk factor for global mortality
[Worl 09] and about 3.2 million deaths per year are because of physical in-
activity [Worl 11]. Researchers showed that an inverse relationship exists
between being physically active and suffering from cardiovascular dis-
eases [Bare 04, Schn 06], cancers [Teha 06, Meye 06], pulmonary diseases
[Garc 06], and type 2 diabetes [Hu 01].

1
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In this context, physical activity monitors were recommended [Hill 14]
in order to provide

• Information about meeting physical activity recommendations
[Warb 06, Kohl 12]

• Investigate the causes of physical activity behavior
[Baum 12, Stra 13]

• Assess the effect of intervention programmes
[Ogil 07, Hall 12].

Knowledge about performed activities is further beneficial in sports.
Understanding the activity patterns of sports types enables coaches to
prescribe and implement sport-specific training programs that replicate
the physical demands during competition [High 12, Lyle 02] as well as
to develop recovery strategies [Duff 10]. Quantities such as heart rate or
distances are evaluated regarding activities like jogging, sprinting, and
jumping [McIn 95, Barb 08, MacL 09]. In team sports, the identification
of talents at an early age is necessary so that clubs remain competitive
[Will 00]. Scouts implement test batteries which determine the perfor-
mance during various activities such as shooting, dribbling, and sprinting
[Reil 00, Lido 05]. Information e.g. about the time spent in certain activi-
ties such as dribbling gives an indication about sport-specific skills.

1.2 Physical Activity Monitoring

According to [Casp 85, Shep 99, Warr 10], monitoring humans’ physical
activities should ideally consider four dimensions:

1. Frequency: the number of activity instances (e.g. number of steps,
number of shots on goals)

2. Duration: time of participation in an activity (e.g. time spent in
low, medium, and high intensity level during the day or in a game)

3. Intensity: physiological effort associated with participating in an
activity (e.g. effort associated in household activities or in game
actions in sports)

4. Type: kind of activity (e.g. climbing stairs, walking, kicking a ball,
tackling an opponent).

2
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Currently available human activity monitoring tools in the health and
sports domains address these four dimensions. The tools can be divided
into subjective and objective techniques [Lamo 01, Vala 06, Fitz 15].

Subjective techniques often rely on questionnaires [Crai 03, Bull 09,
Kohl 12] and previous experience, e.g. of coaches [Hugh 15]. Drawbacks
include problems in the reliability and validity when recalling activities
[Fran 91, Warr 10]. Objective techniques often rely on direct observation
[McKe 00, Hugh 04, McKe 06] or sensor-based systems, such as camera
[Di S 06, Popp 10, Agga 11, Ke 13] and positioning systems [Fren 10, Grü 11,
Kaut 15a, Seid 16]. Drawbacks include among others the burden of many
required operators and high costs [Hill 14, Cast 14, Fitz 15]. Furthermore,
equipment setup and application may be challenging and is restricted by
the capture scenarios [Carl 05, Carl 08, Barr 08].

Nowadays, Body Sensor Networks are more and more used for objective
activity monitoring and assessment [Avci 10, Chan 12, Mova 14]. Body Sen-
sor Networks consist of small, low-power, miniaturized, lightweight, and
intelligent sensor nodes. Examples of commonly used sensors include
temperature, humidity, blood sugar, blood pressure, carbon dioxide,
respiration, pulse oximetry, electrocardiography, electromyography, elec-
troencephalography, and inertial sensors [Cao 09]. These sensors are
often part of today’s wearable computing systems including smart ac-
cessories (earwear, wristwear, eyewear, shoewear, and beltwear), smart
clothing, and smart on-skin patches [Amft 17]. In particular, IMUs in
combination with machine learning techniques are heavily applied to
determine the four previously described dimensions frequency, dura-
tion, intensity, and type of activity [Crou 06a, Plas 07, Chen 12b, Schu 13b,
Schu 16, Pric 16].

1.3 Scope of This Thesis

This thesis deals with machine learning techniques based on IMU data,
which address the automatic recognition of the activity type, commonly
referred to as HAR [Lara 13, Bull 14]. The scope of the thesis is twofold.
First, IMU-based machine learning algorithms are developed, imple-
mented, and evaluated on two different sets of activities:

• Daily activities taken from the ’Compendium of Physical Activ-
ities’ [Ains 93, Ains 00, Ains 11] such as sitting, washing dishes,
climbing stairs, walking, and bicycling. The proposed approaches

3
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classified the aforementioned activities and were compared to state-
of-the-art techniques based on the same benchmark dataset. In
particular, dynamic physical activities, e.g. walking can further be
classified into intensity levels, such as light, moderate, and vigor-
ous [Bono 09a, Motl 09]. The intensity level is usually defined by
the expended energy. Thus, an algorithm for IMU-based energy ex-
penditure estimation was further developed. The aforementioned
algorithms can be used to monitor compliance regarding phys-
ical activity recommendations as well as effects of intervention
programs.

• Sport-specific activities. The focus in this thesis is on soccer
activities. HAR is especially needed in soccer, the world’s number
one sport [Reil 03, Kunz 07] due to 270 million actively involved
people (4 % of the world’s population) [Kunz 07]. Algorithms were
developed, which recognized the two main soccer-specific activities,
namely full-instep and side-foot kicks [Leva 98]. Since the selected
daily and soccer-specific activities varied in their characteristics,
the algorithmic components for the recognition of both activity
types differed. Full-instep kicks can further be classified due to
the achieved ball speed which is the main indicator of kicking
success in soccer [Lees 98, Dör 02, Kell 07]. Thus, an algorithm for
IMU-based ball speed estimation was further implemented and
evaluated. The aforementioned algorithms can be used to provide
coaches and scouts with important feedback about the physical
state of soccer players.

The second scope of this thesis is to provide concepts and directions
for future HAR systems in the context of Big Data [Ragh 14, Chen 14a,
Sing 14]. The availability of Big Data for HAR would enable important
findings in different domains, e.g. health-enabling technologies for
the elderly. Monitoring over a long period of time supports e.g. the
automatic detection of cardiac emergencies, automated detection of
deviant behavior, and the recognition of unknown diseases [Ludw 12].

1.4 Technical Challenges

Various technical challenges have to be considered if machine learning
techniques are applied to IMU data for the purpose of HAR.
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The user of interest, e.g. the athlete, should not be hindered by the
sensor system. An unobtrusive sensor location has to be considered
[Gemp 98, Yang 10]. Nevertheless, the sensor data of the chosen sensor
location should provide suitable information to assess the performed
activities. In certain sports types, collisions occur and might damage the
sensors. Thus, the sensor should be located such that the probability of
damage is minimal. In order to reduce the computational complexity
and the energy consumption, the number of sensors should further be
minimized [Lara 13]. Apart from the raw sensor data, machine learning
techniques usually require ground truth annotation for determining
approach-specific parameters in the training phase [Duda 00].

Walking, running, and cycling are rather periodic activities, whereas
kicking a ball or performing a tackle are rather sporadic activities. Ma-
chine learning techniques should provide solutions for various types of
activities. The activities differ in occurrence characteristics [Bull 14].
Humans often perform activities in different ways influenced by factors
such as stress or fatigue [Bull 14]. Machine learning techniques should be
robust regarding intraclassvariability. The ratio of target activities that
should be monitored and assessed to activities that should be neglected,
often denoted as NULL class, is usually small [Bull 14]. Machine learn-
ing techniques should filter out undesired activities of the NULL class.
Depending on the application, expert knowledge about the problem
domain is often required or beneficial, e.g. in the feature extraction step
[Bull 14, Jone 14]. Factors that influence the performance of developed
machine learning techniques include the considered activity set, applied
feature extraction techniques, and applied learning algorithms [Lara 13].
Challenges include the comparison of various proposed algorithms and
defining common metrics for performance assessment.

The described technical challenges were addressed in this thesis and
possible solutions were provided for the recognition of daily as well as
soccer-specific activities.

1.5 Literature Review

In this section, a literature review was conducted and grouped into four
parts. First, algorithms for the recognition of common daily activities
are described (section 1.5.1). The information was used to gather knowl-
edge about the typical design of HAR systems and to identify open is-
sues. Second, research about energy expenditure estimation is presented
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(section 1.5.2). The findings were used to develop a method, which can
further classify daily activities according to the intensity level. Third,
algorithms for the recognition of soccer-specific activities are described
(section 1.5.3). The information was used to design the kick classification
techniques. Fourth, research about ball speed estimation is presented
(section 1.5.4). The findings were used to develop a method, which can
further classify a full-instep kick according to the intensity. Big Data in
HAR is a rather new research topic and corresponding research work is
limited. Therefore, a literature review about Big Data in HAR could not
be provided in this section. The introduction of the abstract concept
of Big Data for HAR was based on the literature review comprised in
section 1.5.1.

1.5.1 Recognition of Daily Activities

Research work about the recognition of daily activities was categorized
regarding data, algorithm, and application perspective. The data perspec-
tive describes which activities and which sensors are usually considered.
The algorithm perspective introduces algorithmic components and con-
cepts of HAR systems such as Activity Recognition Chain (ARC), fusion
strategies, hierarchical classification, user-specific methods, and learn-
ing techniques. The application perspective mentions various examples
of deployed HAR systems. The section concludes with general findings,
limitations, and open issues. The following survey was part of a journal
article which was submitted [Schu 18].

Data Perspective

The acquired activitieswere mainly listed in the ’Compendium of Phys-
ical Activities’ [Ains 93], which included 19 activity groups with activities
of daily living or self care, leisure and recreation, occupation, and rest.
The groups explained the reason a human is engaging in a certain activ-
ity. The energy cost was further determined for each activity by available
published and unpublished data. The goal was to enhance the com-
parability of results across studies which used self-reports for physical
activity assessment. The compendium was updated in 2000 [Ains 00] and
2011 [Ains 11]. The different intensity levels included sedentary behavior
(1.0-1.5 METs), light-intensity (1.6-2.9 METs), moderate-intensity (3-5.9
METs), and vigorous-intensity (≥6 METs). Current HAR algorithms
mainly classified single activities performed by one human. Nevertheless,
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limited research also exists dealing with other types of activities such
as concurrent, interleaved, and composite activities performed by one
human [Wu 07b, Hu 08, Blan 10], multi-user group activities [Gord 11],
and abnormal activities [Hu 09].

Various sensor sources were used to infer daily activities including
environmental sensors, GPS sensors, and biosensors [Chen 12b, Lara 13].
Publicly available databases, which include sensor data of various daily
activities are comprised in Table 1.1. Accelerometers were mainly used
for HAR due to their low cost, small size, and light weight [Barb 01].
Accelerometers were further preferred for HAR since acceleration is pro-
portional to external force and therefore can reflect intensity as well as
frequency of human movement [Schu 01, Math 04b, Godf 08, Yang 10].
The applicability of accelerometers to HAR was investigated in [Velt 93].
Due to their findings, the discrimination of the three activities standing,
sitting, and lying was possible with one uniaxial sensor on the trunk and
one on the upper leg.

In [Clel 13], the optimal sensor position for activity recognition was
investigated. The best performance was achieved by an accelerometer
placed at the hip. This coincides with the findings in [Bout 97a]. Accord-
ing to [Bout 97a], a sensor placement close to the center of mass of the
body is preferred, if the movement of the whole body should be analyzed.
Nevertheless, the accelerometer is usually placed on the body part whose
movement is analyzed [Math 04b]. Accelerometers were attached to an-
kle and shin, if leg movement during walking should be investigated
[Godf 08]. In [Bhat 80, Capp 82, Bout 97a, Khan 16], the optimal sam-
pling rates and sensor ranges for activity recognition were investigated.
According to [Bhat 80, Capp 82], frequencies and amplitudes often in-
crease from cranial to caudal body parts and reach maximum values
e.g. during running [Bout 97a]. According to [Bout 97a], accelerome-
ter sensors should be able to capture an amplitude range of ± 12 g and
frequencies up to 20 Hz. For accelerometers placed on waist level, an am-
plitude range of ± 6 g was suggested. In [Khan 16], the optimal sampling
rate was estimated based on the original sampling rate. A two-sample
Kolmogorov-Smirnov test was proposed to compute the similarity of a
downsampled dataset and the original dataset. For an example dataset, an
optimal sampling rate of 30 Hz instead of originally 100 Hz was proposed.

Accelerometers were often used in combination with gyroscopes, and
magnetometers to recognize daily activities [Schw 12, Ordo 16, Ahn 16].
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Table 1.1.: List of publicly available datasets for HAR (adapted from [Schu 18]). Table contains name of dataset, number of
subjects (# Sub), number of activities (# Act), provided sensor types (ACC: accelerometer, IMU: inertial measurement unit,
IMMU: inertial-magnetic measurement unit, HR: heart rate), and reference (Ref). The study that was conducted for this
thesis is marked in bold.

Name # Sub # Act Sensors Ref

ALKAN > 200 NA ACC [Hatt 10]
HAR Using Smartph. 30 6 IMU [Angu 13]
UniMiB SHAR 30 9 ACC [Micu 17]
WISDM 29 6 ACC [Kwap 10]
DaLiAc 19 13 4 x IMU [Schu 13b]
USC-HAD 14 12 1 x IMU [Zhan 12]
REALDISP 17 33 9 x IMMU [Bano 14]
Berkeley MHAD 12 11 ACC [Ofli 13]
PAMAP2 9 12 3 x IMMU, HR [Reis 12]
OPPORTUNITY 4 9 e.g. 19 x IMU/ACC [Chav 13]
PLCouple1 2 43 > e.g. 2 x ACC [Loga 07]
PLIA1 1 89 e.g. 2 x ACC [Inti 06]
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Nevertheless, using gyroscopes is rather new compared to accelerometers
[Amin 04, Dobk 11]. Advantages are a lower noise level compared to
accelerometers and the possibility to estimate rotation angles of human
movement by integration [Amin 04].

In this work, thirteen single activities were taken from the ’Compendi-
um of Physical Activities’ from the following groups: bicycling, condi-
tioning exercises, home activities, inactivity, running, and walking. The
details are given later in this thesis. The conducted studies used inertial
sensors consisting of accelerometer and gyroscope. The sensors were
attached to different body positions in order to capture various daily activ-
ities, which were performed with different body parts. The set of sensor
positions included e.g. the hip as proposed in literature [Bout 97a].

Algorithm Perspective

The core of all algorithms for HAR is the Activity Recognition Chain
(ARC), which is a generic description of the design and performance
assessment of HAR systems [Bull 14]. Current state-of-the-art approach-
es for HAR implemented such an ARC and are comprised in Table 1.2.
The ARC consists of a sequence of machine learning techniques such
as preprocessing, segmentation, feature extraction, and classification
(Figure 1.1).

Preprocessing steps aim at reducing noise in the signal and prepar-
ing the signals for feature extraction [Bull 14]. The authors in [Kara 06]
applied median filtering to remove abnormal noise peaks produced by
the accelerometer sensor. In [Alle 06], acceleration data was divided into
body acceleration and gravity component. An elliptic low-pass filter with
a cut-off frequency at 0.25 Hz was applied to determine the gravity com-
ponent. The body acceleration was computed by subtracting the gravity
component from the original acceleration signal. In [Mant 01], Principle
Component Analysis was applied to the accelerometer data followed by
Wavelet transformation.

The segmentation step of the ARC aims at identifying segments of the
pre-processed sensor data that include information about the desired
activities. Examples for window lengths included 6.7 s [Bao 04], 5.12 s
[Ravi 05], 5 s [Altu 10], and 30 s [Liu 12]. A window overlap of 50 % was
often preferred [Bao 04, Pree 09].
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Table 1.2.: State-of-the-art algorithms for HAR, which are based on the ARC (adapted from [Schu 18]). Table contains
used sensor types (ACC: accelerometer, IMU: inertial measurement unit, IMMU: inertial-magnetic measurement unit, IR:
infrared, GPS: Global Positioning Systems, MAG: magnetometer), number of acquired subjects (# Sub), number of classified
activities (# Act), applied algorithm (GMM: Gaussian Mixture Model, NCC: Nearest Class Center, DT: Decision Trees, PCA:
Principle Component Analysis, MLP: Multilayer Perceptron, SVM: Support Vector Machine, kNN: k-Nearest Neighbors, CNN:
Convolutional Neural Network, DBN: Deep Belief Networks, HMM: Hidden Markov Model, EKF: Extended Kalman Filter,
DCM: Direction Cosine Matrix, LSTM: Long-Short-Term Memory, CRF: Conditional Random Fields, NB: Naive Bayes, QDA:
Quadratic Discriminant Analysis, HSMM: Hidden Semi-Markov Model, DLF: Decision Level Fusion, RF: Random Forest),
accuracy (Acc), and reference (Ref). The algorithms developed and implemented in this thesis are marked in bold.

Sensors #Sub #Act Algorithm Acc[%] Ref

6 x ACC 5 NA Threshold NA [Velt 93]
3 x ACC 10 7 Threshold NA [Velt 96]
4 x ACC 26 8 Threshold 98.1 [Fahr 97]
4 x ACC 24 9 Threshold 66.7 [Foer 99]
2 x ACC 5 4 Threshold 87.0 [Amin 99]
7 x ACC 1 11 EKF, HMM 96.5 [Wu 07a]
2 x IMMU 10 4 DCM, NB 95.0 [Ahn 16]
2 x ACC 6 4 PCA + MLP 84.8 [Mant 01]
22 signals 16 7 DT 86.0 [Park 06]
19 x ACC 8 10 DLF 98.0 [Zapp 07]
e.g. 2 x ACC 50 13 SVM 88.1 [Liu 12]
6 x IMMU 9 10 Manifolds 89.0 [Schw 12]
4 x IMU 19 7 DLF 93.9 [Schu 13a]
5 x ACC 20 9 DLF 95.0 [Bano 13]
5 x ACC 20 20 C4.5 84.3 [Bao 04]
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Table 1.2.: State-of-the-art algorithms for HAR (continued).

Sensors #Sub #Act Algorithm Acc[%] Ref

9 x ACC 10 8 kNN 97.6 [Full 17]
4 x IMU 42 8 DLF 85.8 [Schu 14b]
3 x ACC 9 8 DLF NA [Chow 18]
6 x ACC 8 7 SVM 97.8 [Clel 13]
ACC 26 9 DT 97.7 [Math 04b]
4 x IMU 19 13 Generic 89.6 [Schu 13b]
1 x ACC 14 10 SVM, NB 95.6 [Zhen 15]
2 x ACC NA 7 Probabilistic 75.8 [Van 00]
ACC 6 8 GMMs 92.2 [Alle 06]
10 x ACC 1 6 NCC 74.4 [Rogg 13]
ACC 2 8 Boosted SVM 73.3 [Ravi 05]
e.g. 3 x ACC 1 9 Joint boosting 64.2 [Stik 08]
ACC, GPS 32 3 C4.5 91.5 [Long 10]
ACC 1 3 Mixt.-of-exp. 91.8 [Lee 14]
5 x IMMU 6 6 Joint boosting NA [Blan 10]
8 x ACC 1 4 NCC 72.7 [Cala 11]
ACC NA 3 Probabilistic 91.0 [Hach 12]
ACC 6 12 Rule-based 90.8 [Kara 06]
3 x ACC 20 8 k-NN 96.0 [Pree 09]
ACC 20 20 DT 93.0 [Bono 09a]
5 x IMMU 8 19 SVM 87.6 [Altu 10]
e.g. ACC 8 4 NB 97.4 [Sapo 08]11
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Table 1.2.: State-of-the-art algorithms for HAR (continued).

Sensors #Sub #Act Algorithm Acc[%] Ref

ACC 8 4 DT 78.9 [Milu 08]
ACC 4 6 DT 90.6 [Yang 09]
2 x ACC 20 10 Fuzzy classif. 86.0 [Berc 10]
ACC, GPS 16 5 DT + HMM 94.0 [Redd 10]
ACC 9 4 SVM 94.2 [Park 12]
ACC 7 5 QDA 95.8 [Siir 12]
IMMU 20 5 kNN 96.8 [Uste 13]
ACC 29 6 MLP 91.7 [Kwap 10]
e.g. IR 2 12 HSMM 71.6 [Kast 10]
e.g. ACC/MAG 13 7 SVM 86.2 [Fleu 10]
e.g. motion 1 15 SVM 93.4 [Fati 13]
e.g. IR 10 8 RF 68.5 [Nef 15]
ACC 7 4 CNN 93.4 [Zhen 14]
ACC 29 6 DBN, HMM 98.2 [Alsh 15]
19 x IMMU/ACC 4 18 CNN, LSTM 91.8 [Ordo 16]
IMU 30 6 Autoencoder 97.5 [Alma 17]
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Feature extraction

Preprocessing

Classification

Segmentation

Sensor 1 Sensor 1 Sensor N...

Figure 1.1.: Activity recognition chain (adapted from [Bull 14]). N sensors are
used as input for the preprocessing step followed by segmentation, feature ex-
traction, and classification.

Feature extraction is applied to reduce the dimension of the input data
for classifiers [Bull 14]. Features were computed which were discrimi-
native for the desired activities and can be extracted in the time and
frequency domain [Lara 13]. State-of-the-art approaches in the litera-
ture extracted features such as mean, standard deviation, percentiles,
energy, Signal Magnitude Area (SMA), entropy, correlation between
axes, peak frequency, and Fast Fourier Transform coefficients [Bao 04,
Park 06, Kara 06, Pree 09, Liu 12]. Depending on the number of extracted
features, feature selection routines are applied in order to reduce the
amount of features. Feature selection routines included e.g. a visual
analysis [Park 06, Zhen 15], Principle Component Analysis [Altu 10], and
correlation-based feature selection [Chow 18].

Various classifiers were used for HAR, e.g threshold-based approaches
[Foer 99, Amin 99], Hidden Markov Models [Redd 10], Hidden Semi-
Markov Models [Kast 10], Naive Bayes (NB) [Sapo 08, Ahn 16], Multi-
layer Perceptron [Mant 01], decision trees [Bao 04, Math 04b, Park 06],
Support Vector Machine (SVM) [Liu 12, Zhen 15], k - Nearest - Neigh-
bor (k-NN) [Pree 09, Uste 13, Full 17], and Random Forest (RF) [Nef 15].
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In order to combine the information of different data sources, various
fusionstrategieswere applied. Fusing multiple sensor observations can
be usually applied at data level, feature level, and decision level [Hall 97].
Figure 1.2 illustrates the three fusion types considering the ARC shown
in Figure 1.1.

Data level fusion was applied to combine the sensor information in
the preprocessing step of an ARC [Kara 06, Wu 07a, Ahn 16]. The Signal
Magnitude Vector (SMV) was computed in [Kara 06], which combined
all three accelerometer axes to one signal. The SMV was used to eliminate
information about sensor orientation, which was not needed to detect
falls. Falls were assumed to occur, if at least two subsequent peaks in the
SMV vector above a threshold were present. Accelerometer axes were
combined in [Wu 07a] by an Extended Kalman Filter in order to estimate
the flexion angles of body segments and to compute the angular velocity.
In [Ahn 16], a Direction Cosine Matrix was applied to accelerometer,
gyroscope, and magnetometer data in order to remove noise and estimate
the correct sensor position.

Feature level fusion was applied to combine information of sensor
sources at feature level. In [Ravi 05, Kwap 10, Uste 13], features such as
mean and standard deviation were extracted from each of the three
accelerometer axes and were comprised in one feature vector. The authors
in [Park 06, Bao 04, Full 17] extracted features from accelerometer sensors,
which were attached to various sensor positions: chest and wrist [Park 06];
hip, wrist, arm, ankle, and thigh [Bao 04]; both ankles, hips, wrists,
and arms [Full 17]. It was shown that combining multiple sensors at
feature level increased the overall classification accuracy [Bao 04]. In
[Altu 10, Liu 12], features were extracted and fused based on multiple
sensor types including accelerometer, gyroscope, magnetometer, and
ventilation sensor. The authors in [Liu 12] computed 33 features from the
accelerometer and ventilation sensor. An accuracy of 88.1 % was achieved,
which was 12.3 % higher than using a single hip accelerometer. A further
reduction of the subject-to-subject variability was observed by using the
ventilation sensor. One main advantage of feature level fusion was that
only one classifier had to be trained [Bao 04, Park 06, Full 17].

In contrast to feature level fusion, decision level fusion was performed
in [Zapp 07, Bano 13, Chow 18]. The authors in [Zapp 07] compared major-
ity voting and a naive Bayesian fusion of classifier decisions.
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Feature extraction

Preprocessing

Classification

Segmentation

Sensor 1 Sensor 1 Sensor N...

(a) Data level fusion. Sensor informa-

tion is fused in the preprocessing step.

Feature extraction

Preprocessing

Classification

Segmentation

Sensor 1 Sensor 1 Sensor N...

(b) Feature level fusion. Preprocess-

ing and segmentation are performed

separately for each sensor source. Sen-

sor information is fused at feature

level.

Feature extraction

Preprocessing

Classification

Segmentation

Sensor 1 Sensor 1 Sensor N...

(c) Decision level fusion. Preprocess-

ing, segmentation, feature extraction,

and classification are performed sepa-

rately for each sensor source. Sensor

information is fused at decision level.

Figure 1.2.: Fusion strategies of HAR systems (adapted from [Hall 97]). (a), (b), and (c) show examples for data level, feature
level, and decision level fusion, respectively.
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The naive Bayesian fusion outperformed majority voting and achieved
an accuracy of 98 %. In [Bano 13], a hierarchical-weighted decision level
fusion was proposed. Binary one-vs-rest classifiers were trained in the
first level and the classifier decisions were weighted according to the
achieved accuracy. The system achieved an accuracy of above 95 % using
SVM.

In [Chow 18], three accelerometer sensors were used to distinguish
between eight activities. Three decision level fusion approaches were
compared including model-based, class-based, and posterior-adapted
class-based fusion. The latter fusion technique achieved the best F1-score
of 92.3 % using all three sensors. According to [Zapp 07, Bano 13], de-
cision level fusion reduced the complexity of lower levels of the ARC,
increased the robustness as well as the adaptability of the recognition
system, and provided an efficient scaling to a huge amount of sensors.
Nevertheless, decision level fusion often required a large amount of sen-
sors [Zapp 07] and a training of multiple classifiers [Bano 13].

According to [Sill 11], many real-world classification problems can be
seen as hierarchical classification problems, in which the predicted
classes are organized in a pre-defined class hierarchy, e.g. a tree. An
example of a class hierarchy is given in Figure 1.3. The recognition of
daily activities were also often treated as a hierarchical classification
problem [Velt 96, Fahr 97, Amin 99, Math 04a, Zhen 15]. The authors
in [Velt 96, Fahr 97, Amin 99, Math 04a] first defined activities as either
static or dynamic. Further levels often included a clustering of walking
activities (flat, upstairs, downstairs) [Fahr 97] or a grouping of postures
(sitting, standing). In [Zhen 15], several walking activities and static
activities as well as single activities such as jumping and running were
considered in the first level. The second level clustered the walking
activities in 2-D movements (walking forward, walking left, walking
right) and 3-D movements (walking upstairs, walking downstairs). In
addition, the second level contained the single static activities. The last
level contained all single walking activities.

Although activities can be organized into a class hierarchy, state-of-the-
art algorithms for HAR mainly developed and applied flat classification
systems [Liu 12, Bao 04, Pree 09]. The flat classification systems relied
on a single classifier decision including all desired classes [Babb 13] and
ignored the class hierarchy [Sill 11]. In Figure 1.3a, the flat classification
system is put into the context of the class hierarchy.
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(a) Flat classification system considering leaf nodes.

R
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(b)Hierarchical classification system with one local class-

fier per parent node.

Figure 1.3.: Class hierarchy with flat (a) and hierarchical (b) classification systems. Circles and rectangles denote classes and
classification systems, respectively (adapted from [Sill 11]). R denotes root node. Leaf nodes 1.1, 1.2, 2.1.1, 2.1.2, 2.2.1, and 2.2.2
represent final desired classes.
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In contrast to flat classification systems, research about hierarchical
classification systems for HAR is limited. Hierarchical classification sys-
tems provided an inherent hierarchical structure consisting of multiple
levels, which merged certain classes in single hierarchy levels [Sill 11].
One local classifier was often developed per parent node. In Figure 1.3b,
the hierarchical classification system is put into the context of the class
hierarchy. Single local classifiers are indicated by the rectangles. In
[Velt 96, Fahr 97, Amin 99, Math 04a, Zhen 15], hierarchical classifica-
tion systems were applied to recognize various daily activities. Uniaxial
accelerometers were used to classify specific static and dynamic activities
[Velt 96, Fahr 97, Amin 99]. Hierarchical threshold-based and distance-
based systems were implemented which first discriminated between
merged static and dynamic activities followed by a further classification
of single activities for each sub group. A generic, hierarchical framework
for activity recognition was described in [Math 04a, Zhen 15], which was
independent regarding the activity set. In [Math 04a], a binary decision
tree was implemented for classification dividing the movements into
classes and subclasses at different hierarchical levels. Thresholding ap-
proaches were mainly used, e.g. for the discrimination of activity and
rest. If sensitivity and specificity measures above 95 % were not achieved,
more sophisticated, pattern-based techniques were implemented, e.g.
rule-based systems. In [Zhen 15], a hierarchical HAR system was evalu-
ated on a dataset containing ten activities. One activity estimator was
implemented in each level consisting of a SVM followed by a NB classi-
fier. Six features were computed as input for the SVM based on a single
accelerometer. The proposed system achieved an accuracy of 95.6 %.

The authors in [Van 00, Alle 06, Rogg 13] developed user-specific
HAR systems [Bull 14], which were optimized for a specific human. In
[Van 00], a Kohonen Self-Organizing Map clustering algorithm was ap-
plied to assign map-units to pre-computed feature vectors. For each
new incoming feature vector, one unit of the already existing map was
selected and adapted itself a bit more towards the new incoming feature
vector. In [Alle 06], Gaussian Mixture Models were adapted to an intend-
ed subject using Bayesian adaptation. By using the adaptation method,
an accuracy of 92.2 % was achieved compared to 76.6 % without using
the adaptation. In [Rogg 13], an adaptive ARC was introduced including
self-monitoring, adaptation strategies, and external feedback compo-
nents. The accuracy of the implemented system was improved by 13.4 %
in the case of on-body displacement compared to applying no adapta-
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tion. User-dependent systems often showed a higher performance than
user-independent. Nevertheless, the generalization of user-dependent
system to other users is worse.

Algorithms for HAR can further be distinguished by the applied learn-
ing techniques. State-of-the-art approaches in activity recognition
mainly applied supervised learning [Chap 10]. A mapping from fea-
tures to an activity class was learned given a set of training instances
[Bao 04, Ravi 05, Pree 09]. According to [Stik 08], the main disadvantage
of supervised learning is that a huge amount of labeled data is required
in order to learn activity models.

In contrast, semi-supervised learning methods integrate unlabeled
data in the learning process [Chap 10]. Techniques for semi-supervised
methods include e.g. co-learning [Blum 98, Chap 10, Long 10]. In [Lee 14],
a mixture-of-experts model was implemented in order to perform activity
recognition on a mobile device. A global-local co-learning technique
was applied with labeled and unlabeled data. Investigations showed
a maximum performance improvement of 10 % compared to using no
co-training. Semi-supervised learning techniques such as co-learning
mainly use predictions as labels [Long 10].

In contrast, active learning approaches select samples of interest and
the user is asked to label the chosen instances [Cohn 94]. In [Stik 08], two
active learning strategies were tested on the PLCouple1 dataset (Table 1.1).
The techniques were based on a pool-based setting, in which a small set
of labeled instances and a large set of unlabeled instances were taken as
input for several classifiers. The proposed learning system outperformed
comparable supervised learning techniques.

Machine learning approaches for HAR mainly assumed that train-
ing and test data are drawn from the same distribution. According to
[Pan 10], statistical models often require a retraining of the complete
system, when the data distribution changes. New data have to be col-
lected in order to update the proposed system. In order to reduce the
need and effort for a new data collection session, transfer learning can
be applied [Cook 13]. Examples for transfer learning applied to HAR can
be found in [Blan 10, Cala 11, Hach 12]. In [Blan 10], a layered approach
was implemented including both activity events and composite activities.
Trained activity models based on one single dataset was reused to test
the system based on a second dataset. The proposed approach reduced
the requirement of retraining new composite activities. In [Cala 11], a
system-supervised learning approach was implemented. The labels were

19



1. Introduction

provided by a ground-truth trained teacher sensor node and were used
by a learner sensor node. The learner sensor node applied the labels
to perform batch training. In [Hach 12], an importance-weighted least-
squares probabilistic classifier was implemented considering a covariance
shift, i.e. the distributions of training and test phases differed.

Most state-of-the-art algorithms implemented an ARC, which consist-
ed of a rather shallow architecture [Beng 09]. Nevertheless, activity
recognition systems can further be based on deep learning techniques
[LeCu 98, Hint 06, Beng 09]. Deep learning architectures combine the
preprocessing, feature extraction, and classification step of the ARC. A
time-consuming handcrafted feature engineering is often not needed. In
[Ordo 16, Alsh 15, Zhen 14, Alma 17], deep learning such as Convolutional
Neural Networks, Long-Short-Term Memory units, Deep Belief Networks,
and Autoencoder were applied to activity recognition and showed better
performance than state-of-the-art shallow machine learning methods.
The disadvantage of deep learning techniques is mainly the requirement
of a large amount of training data [Beng 09].

The algorithms developed in this thesis were based on the described
ARC (Figure 1.1). Three HAR algorithms were developed and imple-
mented containing at least one of the three data fusion types. The SMV
was computed in order to fuse sensitivity axes of inertial sensors, to
remove the direction of movement, and to reduce the computational
complexity. Feature level and decision level fusion were applied to com-
bine the information from different sensor sources. Flat and hierarchi-
cal classification systems were developed and compared. In contrast
to [Math 04a, Zhen 15], the proposed hierarchical HAR algorithm con-
tained more generic components like an automatic selection of features
and different sophisticated classifiers in each level of the hierarchy. The
proposed approach was further evaluated on a dataset containing data of
various daily activities, sensor positions, and sensor types.

Application Perspective

Algorithms for HAR were often part of various applications. In theUbiFit
Garden project, levels of physical activity were acquired. The informa-
tion was compared to pre-defined health goals [Cons 08]. An on-body
worn fitness device recognized various types of activities such as walking,
running, and cycling. The information was communicated via Bluetooth
to a smartphone. An application running on the mobile device compared
the performed activities to the goals. In [Milu 08], a novel people-centric
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sensing application was proposed (CenceMe). Smartphone data was
used to automatically infer human’s sensing presence. The information
was shared through social network portals. Activities such as sitting,
standing, walking, and running were determined by machine learning
techniques based on the accelerometer data. The classification result
was sent to a backend server for further processing. A backend clas-
sifier provided higher level forms of classification based on the single
activities. The authors in [Sapo 08] developed the iLearn platform con-
sisting of three modules. First, a smartphone tool was used to gather
accelerometer data labeled by the user. Second, the acquired data was
imported into a desktop tool for learning and testing a classifier. Third,
the trained classifier was stored on the smartphone and could be used by
iPhone applications. The platform was used in an interactive video game
application.

Findings

Inertial sensors were heavily used in HAR. State-of-the-art algorithms
for HAR implemented the ARC introduced in [Bull 14]. Various data
sources were fused at data level, feature level, and decision level in order
to recognize mainly single activities. The overall architectures varied
from flat to hierarchical structures. User-specific systems often increased
the system performance. Different learning strategies were applied to
include unlabeled data, reduce the effort of a new data collection session,
or reduce the effort for handcrafted feature engineering. HAR algorithms
were further included in various deployed systems.

Limitations and Open Issues

Although current state-of-the-art approaches for the recognition of daily
activities tackled various research questions, limitations and open is-
sues still remain. Most currently available HAR algorithms provided a
flat classification algorithm distinguishing various activities with one
single system. Two limitations were identified. First, flat classification
algorithms relied on a single decision including all final activity classes
without exploring the information about parent-child class relation-
ships. Thus, the single HAR system might be complex, since the different
characteristics of the activities should be captured by one system. The
complexity of the HAR system might further increase, if a large number
of classes should be considered [Sill 11, Babb 13]. Second, the capability of
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flat classification systems to react to environmental changes was limited.
Integrating new activities or sensors might result in a retraining of the
whole system. In order to be flexible in adding new elements to the HAR
system and to provide a final activity prediction based on multiple single
decisions, hierarchical architectures are more suitable than flat structures
[Math 04a]. Nevertheless, only limited research work about hierarchical
classification systems was available. Four limitations of current hierarchi-
cal algorithms for HAR were identified. First, the single local classifiers
per node were mainly threshold-based [Math 04a], which might not be
sufficient for more complex activities. Second, the configuration of single
components of the ARC was often performed manually, e.g. a visual
feature inspection and selection [Zhen 15]. Adjusting an existing trained
HAR system to a new environment would be cumbersome and time-
consuming, since a manual re-design is required. Third, most of the pro-
vided systems used the same ARC design in each local classifier per parent
node [Math 04a, Zhen 15], e.g. in terms of selected features or applied clas-
sification techniques. Different types of local classifiers might improve
the performance of HAR systems. Fourth, current available hierarchi-
cal classification systems were mainly evaluated on static activities and
cyclic, dynamic activities [Velt 96, Fahr 97, Amin 99, Math 04a, Zhen 15].
The applicability of hierarchical systems to more daily activities remains
unknown.

An accelerometer at waist level was often preferred in current state-of-
the-art approaches for HAR [Bout 97a]. Nevertheless, additional sensor
positions were often needed for more complex activities. Multiple sen-
sors were mainly fused at feature level. Three limitations were iden-
tified. First, changing the number of sensors results in a retraining of
the whole system [Bano 13]. Second, the performance of activity recogni-
tion systems during run-time is affected by degradation, interconnection
failures, and jitter in sensor placement as well as orientation of single
sensors [Zapp 07]. Third, a high number of sensors often resulted in
an increased computational complexity in certain steps in the machine
learning before the actual classification [Altu 10, Bano 13]. Decision level
fusion provides an alternative solution to combine information of dif-
ferent sensors, but the corresponding research work is rather limited
[Zapp 07, Bano 13, Chow 18]. Algorithms were evaluated on car manufac-
turing [Zapp 07], a small set of partially merged activities [Bano 13], were
restricted in the types of possible applicable classifiers [Chow 18], and
were mainly based on accelerometer sensors. An open issue includes
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the evaluation of a larger set of daily activities, which might need the
integration of the gyroscope and more classifier types.
Identifying thebestalgorithmicapproach for a certain application

is currently challenging and requires a comparison of various state-of-
the-art algorithms. Two limitations of currently applied comparison
approaches were identified. First, existing algorithms were mainly com-
pared regarding the performance, which was achieved in research papers.
Nevertheless, the achieved performance of the techniques were based
on different datasets, which varied regarding the number of sensor axes,
number of sensors as well as sensor placements, sampling rates, and
number of subjects. Second, various different performance measures
were often computed across research papers including F1-score, accuracy,
or balanced accuracy [Soko 09]. Thus, the set of algorithms which can be
compared was limited depending on the provided performance measure.
An open issue is to develop a framework which provides a fair comparison
of various state-of-the-art algorithms considering a common benchmark
dataset and the same set of performance measures.

The previously described research work mainly used one or more iso-
lated small datasets for evaluation, which often included a low number
of subjects, number and type of activities, number of attached sensors,
and short activity duration (Table 1.1). Two limitations were identified.
First, the explanatory power of findings is reduced, when only a limited
amount of data is used in the evaluation. Second, the performance of
HAR systems dropped due to low amount of training instances [Wu 07b].
In order to provide machine learning algorithms with more training data,
the collection of additional data would be required. Since gathering
data is often cumbersome and time-consuming, an open issue is to de-
velop an alternative procedure for increasing training data which can be
performed without much effort.

Wearable sensors are one of the biggest drivers of the Internet of
Things (IoT) [Swan 12, Agga 13, Chen 15]. The huge amount of data col-
lected by Internet-connected devices coincide with the trend toward the
generation of Big Data [Ragh 14, Chen 14a, Sing 14, Zhan 16]. Big Data
solutions enable the analysis of a huge amount of raw structured as well
as semi-structured and unstructured data from multiple sources, the
analysis of most of the data rather than considering only a sampling
of data, and exploratory analysis when the final measures on data are
not predetermined [Ziko 11]. The availability of Big Data for HAR would
enable important findings in different domains. Monitoring over a long
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period of time supports e.g. the automated detection of deviant behavior
and the recognition of unknown diseases [Ludw 12]. Although Big Data
could have a positive impact on HAR research, the current version of
the ARC did not consider Big Data components (Figure 1.1). Thus, open
issues are the integration of Big Data concepts and tools in the ARC as
well as a general introduction of Big Data to the HAR community.

1.5.2 Energy Expenditure Estimation

Algorithms for energy expenditure estimation mainly applied regression
analysis. Thus, research work was grouped according to the following
regression-specific topics: using acceleration counts as predictors, re-
gression models considering data fusion, applying activity-specific re-
gression, and comparison of regression algorithms. The literature review
concludes with general findings, limitations, and open issues. The papers
are summarized in Table 1.3.

Acceleration Count

One commonly used approach for energy expenditure estimation was
to apply regression techniques to acceleration counts [Bout 97a]. The
acceleration count was defined as the sum of absolute values of a triaxial
accelerometer for a given epoch, e.g. 30 s.

In [Bout 94, Bout 97a, Bout 97b, Leen 03, Chen 05, Motl 09, Hend 00],
simple linear regression was applied based on the previously men-
tioned acceleration count. In [Bout 94], the study protocol included
sedentary activities and walking at five different speed levels (3, 4, 5,
6, 7 km/h) on a motor-driven treadmill. Energy expenditure was esti-
mated from a 30 s interval at the end of each activity. The proposed
system achieved a correlation coefficient of 0.95. In [Bout 97b], the
acceleration count was computed only based on vertical and antero-
posterior direction. The proposed system achieved a correlation of 0.96.
In [Bout 94, Bout 97b], the accelerometer was placed at the lower back.
The authors in [Motl 09], performed regression analysis on uni-axial ac-
celerometer data acquired during treadmill running with three different
speed levels (3.2, 4.8, 6.4 km/h). A correlation of 0.89 was achieved. In
[Leen 03], the ability of various physical activity monitors to estimate the
expended energy during treadmill walking was investigated. The Tritrac-
R3-D (Professional Products, A Division of Reining Int., Madison, WI)
and a Computer Science & Applications (CSA) Inc. accelerometer (Model
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7164, Shalimar, FL) achieved a RMSE of 0.46 and 0.53 MET, respectively.
The authors in [Hend 00] examined the validity of accelerometry in as-
sessing moderate intensity activities in the field. Relationships between
acceleration counts and ground truth Metabolic Equivalent of Task (MET)
determined by a portable metabolic system were stronger for walking
than for other activities such as indoor or outdoor household tasks. It
was concluded that the count vs MET relationship was dependent on the
type of activity. Accelerometers seemed not to be able to capture the
increased energy costs from certain activities.

In [Su 05], a triaxial accelerometer was attached to the lower back. The
acceleration count was computed and used as input for Support Vector
Regression. The proposed system achieved a mean square error of 0.37
W/kg compared to 0.39 W/kg using simple linear regression.

Data Fusion

In [Chen 97, Plas 05], Multiple Linear Regression (MLR) was performed
based on accelerationcounts, additional bodycompositionandan-
thropometric data. In [Chen 97], the vertical and horizontal compo-
nents were extracted from a triaxial accelerometer worn on the right
hip. The model further considered weight, height, age, and gender. The
proposed system achieved a correlation of 0.93. In [Plas 05], two sets
of independent variables were compared. The first set consisted of age,
weight, height, and acceleration count. The second set consisted of age,
fat free mass, fat mass, and acceleration count. By using the second
set, a higher correlation (0.93 vs. 0.90) and lower Standard Error of Esti-
mate (SEE) (0.59 MJ/d vs. 0.70 MJ/d) were achieved. The accelerometer
was attached to the lower back. In [Chen 97], nonlinear regression was
further performed by applying two power parameters to the vertical and
horizontal components of the triaxial accelerometer. The model achieved
a correlation of 0.94.

In [Zake 10, Vath 10], the output of different sensormodalities were
fused in order to predict the expended energy. The authors in [Zake 10]
applied multivariate adaptive regression spline models to heart rate
and accelerometer counts. The proposed approach achieved a RMSE
of 154.3 kcal for 24-h TEE. In [Vath 10], the average integral of the mean-
subtracted data for triaxial accelerometer and triaxial gyroscope were
computed. Bayesian Linear Regression was applied to the features. The
proposed system achieved a RMSE of 35 ml/min.
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In [Roth 07, Stau 09, Mack 16, Mont 16, Mont 17], Artificial Neural
Networks were used for regression mainly based on features from the
accelerometer sensor. In [Roth 07], a biaxial accelerometer was placed on
the hip. The proposed system achieved a MAE of 0.29 ± 0.10 kcal/min
and outperformed approaches based on MLR. In [Stau 09], features
were computed based on uniaxial accelerometer data. The features were
used as input for an Artificial Neural Network. The proposed approach
achieved a RMSE of 1.22 METs. In [Mack 16], features were extracted from
nine single accelerometers worn on various body parts. Different sensor
locations were compared. Using all accelerometers resulted in a corre-
lation of 0.69. Using only one sensor resulted in correlations 0.77-0.81.
Using the best two, three, and four sensor setting resulted in correlations
of 0.80, 0.81, and 0.82, respectively. In [Mont 16], three accelerometer
sensors were attached to right wrist, thigh, and ankle. Artificial Neural
Networks were applied for energy expenditure estimation. The proposed
system achieved a correlation of 0.79 and a RMSE of 2.16 METs. The three-
sensor setup was further compared to a hip mounted accelerometer and
showed better performance.

Activity-Specific Regression

In [Crou 06b, Pobe 06, Bono 09b, Crou 10, Sazo 11, Chen 13b, Elli 14], activ-
ity-specific regression was applied. In [Crou 06b], the coefficient of varia-
tion was used to classify walking/running and other activities. Depending
on the classifier decision, one of two regression models were applied.
A one-way repeated-measures ANOVA was used for performance as-
sessment. A pairwise comparison with Bonferroni adjustments were
applied to locate significant differences when needed. The proposed
system achieved a correlation of 0.96 and a SEE of 0.73 ml/min. The
proposed system achieved a significant improvement over single regres-
sion models. A refined version of the previously described approach was
proposed in [Crou 10]. The goal was to eliminate the misclassification of
walking or running when starting the activity in the center of a minute
on the ActiGraph time axis. In addition to the method mentioned in
[Crou 06b], the refined method considered surrounding epochs for the
determination of the coefficient of variation. In [Pobe 06], a Hidden
Markov Model was used to classify four activities. The corresponding
MET value of the activity was taken from the ’Compendium of Physical
Activities’ [Ains 93]. The performance assessment included the fraction
of time spent in light, moderate and vigorous activities. In [Bono 09b],
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six activities were recognized by a classification tree classifier. Class-
dependent activity counts and metabolic equivalent values taken from
the ’Compendium of Physical Activities’ [Ains 93] were used to predict
total energy expenditure, activity-related energy expenditure, and physi-
cal activity level. The proposed system achieved a better performance
compared to using acceleration counts. In [Sazo 11], a footwear-based
branched algorithm was proposed for energy expenditure estimation.
The algorithm was based on integrated accelerometer and pressure sensor
data as well as activity type information. First, the activities were catego-
rized in sitting, standing, walking, and cycling resulting in four branches.
Second, branch-dependent Passing-Bablok regressions were performed.
The proposed approach achieved a RMSE of 0.69 METs. In [Chen 13b],
k-means clustering was applied on features computed from ECG and
accelerometer sensor as a preprocessing step. MLR was performed for
each cluster separately. The proposed system achieved a RMSE of 0.96
kcal/min compared to 1.09 kcal/min using only MLR without cluster-
ing. In [Elli 14], a RF classifier was used to classify certain activities. RF
regression was used to predict MET. The proposed system achieved a
classification accuracy of 80.2 % and a RMSE of 1.00 METs using a wrist
accelerometer.

Comparison of Algorithms

In [Twom 10, Alti 15, Mont 17], various algorithms for energy expenditure
estimation were compared. In [Twom 10], five subjects were asked
to perform walking on a motor-driven treadmill. The speed levels,
which were proposed in [Bout 94], were used. Five accelerometers
were placed on the subject’s body, namely on ankle, knee, waist, wrist,
and arm. The ground truth system provided the expended energy
on a breath-by-breath basis. In order to synchronize reference and
accelerometer data, the energy expenditure levels inside a certain epoch
was averaged and considered as energy expenditure level of the whole
epoch. Algorithms described in [Bout 97b, Chen 97, Crou 06b] were
implemented and compared to each other. The non-linear model
described in [Chen 97] achieved the best performance.

In [Alti 15], three methods for energy expenditure estimation and five
body locations were compared.
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Table 1.3.: State-of-the-art in energy expenditure estimation. Table contains topic, used sensor types (IMU: Inertial Measure-
ment Unit, ACC: accelerometer, ECG: Electrocardiogram), number of acquired subjects (# Sub), number of acquired activities
(# Act), applied algorithm (SLR: Simple Linear Regression, MLR: Multiple Linear Regression, NLR: Nonlinear Regression,
DLF: Decision Level Fusion, ANN: Artificial Neural Network, HMM: Hidden Markov Model, BLR: Bayesian Linear Regression,
SVR: Support Vector Regression, RF: Random Forest), performance (Root Mean Square Error (RMSE)), study environment
(Env; L: laboratory, F: field) and reference (Ref). The algorithm developed and implemented in this thesis is marked in bold.

Topic Sensors # Sub # Act Algor. RMSE Env. Ref.

Counts ACC 11 9 SLR NA L [Bout 94]
Counts ACC 2 5 SLR NA L [Bout 97b]
Counts 2 x ACC 25 7 SLR NA F [Hend 00]
Counts 2 x ACC 28 5 SLR 0.53 MET L [Leen 03]
Counts ACC 6 5 SVR NA L [Su 05]
Counts ACC 24 3 SLR NA L [Motl 09]
Fusion ACC 125 9 MLR/NLR NA L [Chen 97]
Fusion ACC 29 NA MLR NA F [Plas 05]
Fusion 2 x IMU 10 6 DLF NA L [Schu 14a]
Fusion ACC 102 NA ANN 0.48 kcal/min L [Roth 07]
Fusion ACC 48 18 ANN 1.22 MET L [Stau 09]
Fusion e.g ACC 170 NA Splines 154.3 kcal/24-h L [Zake 10]
Fusion IMU 8 5 BLR 35 ml/min L [Vath 10]
Fusion 3 x ACC 25 14 ANN 2.16 MET L [Mont 16]
Fusion 9 x ACC 27 NA ANN 1.46 MET L [Mack 16]
Activity ACC 48 18 NLR NA L [Crou 06b]
Activity ACC 6 4 HMM NA L [Pobe 06]
Activity ACC 15 6 MLR NA F [Bono 09b]
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Table 1.3.: State-of-the-art in energy expenditure estimation (continued).

Topic Sensors # Sub # Act Algor. RMSE Env. Ref.

Activity ACC 48 18 NLR NA L [Crou 10]
Activity e.g. ACC 16 4 Branches 0.69 MET L [Sazo 11]
Activity e.g. ACC 10 42 Clustering 0.96 kcal/min L [Chen 13b]
Activity 3 x ACC 40 8 RF 1.0 MET L [Elli 14]
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The three methods included counts-based estimation methods, activity-
specific estimation methods using METs lookup, and activity-specific
estimation methods using accelerometer features. Activity-specific es-
timation methods using accelerometer features outperformed the two
remaining methods by at least 23 %. It was further concluded that a
five sensor system does not increase the accuracy compared to the best
performing single sensor.

In [Mont 17], Artificial Neural Network models, linear regression, and
linear mixed models were compared. The approaches were evaluated
based on accelerometer data. The accelerometer sensors were attached to
right hip, right thigh, and both wrists. The results showed that Artificial
Neural Networks offered a significant improvement of the performance
over linear models in case of a wrist-worn accelerometer. Nevertheless,
linear models achieved similar performance like Artificial Neural Net-
works for hip- and thigh-worn accelerometers.

Findings

The literature review showed that mainly accelerometers were used
for energy expenditure estimation (Table 1.3). According to [Bout 94,
Bout 97a, Bout 97b, Chen 05, Hill 14], accelerometer counts were highly
correlated to expended energy. Compared to accelerometer count-based
regression models, improvements were achieved by adding anthropo-
metric data [Plas 05], fusing accelerometer and gyroscope data [Vath 10],
applying advanced machine learning methods such as Artificial Neu-
ral Networks [Roth 07] or Support Vector Regression [Su 05], and using
activity-specific regression models [Crou 06b, Bono 09b]. The accelerom-
eter devices were often worn at the lower back [Bout 94, Su 05, Plas 05]
or hip [Chen 97, Roth 07, Mont 16]. The proposed systems were often
evaluated on data from a laboratory setting, e.g. during walking on a
motor-driven treadmill with different speed levels [Bout 94, Twom 10].
Usually, the IMU data and the ground truth energy expenditure were
evaluated at the end of activity stages because the oxygen consumption
reached a steady state [Bout 94, Vath 10, Alti 15].

Limitations and Open Issues

Although various different approaches for energy expenditure estimation
were developed, limitations and open issues still remain. An accelerome-
ter at waist level was often preferred in current state-of-the-art approaches
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Table 1.4.: State-of-the-art in recognition of soccer-specific activities. Table con-
tains number of acquired subjects (# Sub), number of classified activities (# Act),
applied algorithm (NB: Naive Bayes, RF: Random Forest, RBM: Restricted Boltz-
man Machines, SVM: Support Vector Machine), accuracy (Acc), and reference
(Ref). The algorithms developed and implemented in this thesis are marked in
bold.

# Sub # Act Algorithm Acc [%] Ref

15 7 NB 80.0 [Mitc 13]
10 6 RF 83.9 [Ahma 15]
12 2 Hierarchical 84.2 [Schu 15]
11 2 SVM 96.8 [Schu 16]
6 6 RBM 86.5 [Hoss 17]

for energy expenditure estimation [Bout 94, Chen 97]. Nevertheless, es-
timating the energy expenditure during more complex activities such as
sweeping, biking, and jumping required data fusion of multiple sensor
types and sensor positions [Vath 10, Mont 16]. Current energy expen-
diture estimation approaches mainly fused various sensor sources at
feature level [Hall 97, Yang 14]. Two limitations were identified. First,
changing the number of sensors resulted in a retraining of the whole
system [Mont 16]. Integrating new activities, which might require addi-
tional sensor sources, is cumbersome. Second, the performance of the
sensor-based systems during run-time is affected by degradation, inter-
connection failures, and jitter in placement of single sensors [Zapp 07].
An open issue is to develop a multi-sensor system, which is flexible in
adding new sensor types and positions.

1.5.3 Recognition of Soccer Activities

IMUs were often used to monitor athletes in different sports including
Australian football [Boyd 13, Walk 16], netball [Corm 14], rugby [Kell 12,
Gabb 15, Kaut 15b], basketball [Mont 10, Bai 16], tennis [Conn 11], table
tennis [Blan 15], golf [Nam 14], cricket [McNa 15], ski jumping [Groh 14],
snowboarding [Groh 16], ice hockey [Hard 15], swimming [Fult 09, Jens 13,
Jens 16], and cross-country skiing [Mars 12]. Nevertheless, only a few
algorithms were available dealing with HAR in soccer using IMU data
[Mitc 13, Ahma 15, Hoss 17]. The algorithms are described in the next
paragraphs and are comprised in Table 1.4. The different algorithms were
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investigated regarding the considered data collection, algorithmic design,
and performed evaluation. The literature review concludes with general
findings, limitations, and open issues.

Data Collection

Accelerometer data were acquired with one sensor on the upper area
of the back [Mitc 13], on the shank [Ahma 15], or on the wrist [Hoss 17].
In [Mitc 13] and [Hoss 17], 5-a-side soccer matches were recorded with
each lasting one hour. The authors in [Ahma 15] collected data using a
pre-defined protocol consisting of various exercises.

In this thesis, two sensors were used in the data collection. One sen-
sor was placed in a cavity of each soccer boot. The sensor included an
accelerometer and a gyroscope. In the mentioned research work, data
of either exercises or games were collected. In this work, data of both
exercises and a game were acquired.

Algorithmic Design

The proposed algorithms mainly developed flat classification systems
based on the ARC distinguishing various activities with one single clas-
sifier (Figure 1.3a and 1.1). Discrete Wavelet Transform features were ex-
tracted and used as input for a NB and RF classifier in [Mitc 13, Ahma 15],
respectively. Compared to the shallow architectures in [Mitc 13, Ahma 15],
Restricted Boltzman Machines were used as a deep learning technique
for classifying soccer-specific activities. The proposed architectures in
[Mitc 13, Ahma 15, Hoss 17] did not consider the modeling of a NULL class
containing activities, which are unknown to the classifiers.

In this work, shallow architectures were applied, which were optimized
for kicks. The developed methods were based on peak detection and
considered instances of a NULL class containing various activities such
as dribbling, running, and tackling.

Evaluation

The proposed algorithms in [Mitc 13, Ahma 15, Hoss 17] were evaluated
considering activities like walking, jogging, sprinting, attempting a tackle,
jumping, dribbling, kicking, and passing. The data acuired in [Mitc 13,
Ahma 15] were mainly segmented manually. In [Mitc 13], a window of 3 s
centered around the activity was considered for further processing. The
authors in [Ahma 15] annotated sensor data considering a window length
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of 3 s for training and testing the proposed algorithm. The authors in
[Hoss 17] applied an automatic change point detection algorithm to pre-
segment the data. Each segment had a different length depending on the
performed activity. In [Mitc 13, Hoss 17], instances of the same player were
used in the training and test set. In contrast, the authors in [Ahma 15] ap-
plied a Leave-One-Subject-Out Cross-Validation (LOSO-CV) to compute
the accuracy. The three algorithms achieved accuracy values of above
80.0 % (Table 1.4).

In this work, two evaluation strategies were considered. First, training
and testing were based on sensor data acquired during exercises. Second,
a trained algorithm based on exercise data was applied to game data. In
order to provide training instances for the exercises, a peak detection
approach was used to automatically segment kicks. Compared to [Mitc 13,
Ahma 15], the complete game data was considered in the testing phase
without pre-segmenting different parts.

Findings

The literature review showed that a single accelerometer can be used
to recognize soccer-specific activities with accuracy values above 80 %
[Mitc 13, Ahma 15, Hoss 17]. The algorithms consisted of a flat classifica-
tion system and were evaluated on either a pre-defined set of exercises
[Ahma 15] or games [Mitc 13, Hoss 17]. The list of considered activities
included dribbling, sprinting, tackling, and the two main important kick
types, full-instep as well as side-foot kicks [Leva 98]. Full-instep kicks
were used for the generation of fast ball speed and the ball is hit by the
medial-superior portion of the instep. Side-foot kicks were used when
precision is the main priority and the ball is hit by the medial aspect of
the foot.

Limitations and Open Issues

Various limitations and open issues were found. Although full-instep
and side-foot kicks were two of the most important soccer-specific activi-
ties, current HAR systems often achieved lower performance for kicking
compared to other activities [Mitc 13, Ahma 15]. An open issue is to find so-
lutions to increase the accuracy of kicking activities. Current approaches
often do not consider a NULL class in the evaluation [Ahma 15], which
would be necessary, if the HAR system is applied in a real match. Most
algorithms were further evaluated using the same player in both training
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and test set [Mitc 13, Hoss 17], so that the application of proposed systems
to unseen players is often challenging. Although current available algo-
rithms were evaluated on game data, only pre-segmented sensor parts
were mainly considered neglecting a huge amount of additional activities.
Thus, the application of the proposed systems to complete game data
is often unknown. Training machine learning algorithms requires the
collection of a large amount of data in the target domain, e.g. in game
scenarios. Nevertheless, the number of activity instances such as kick-
ing is rather low in games [Mitc 13] compared to exercises [Ahma 15]. A
high amount of games have to be acquired in order to provide sufficient
training data. An open issue includes the assessment, whether exercise
data alone provide enough information to train systems which can also
be applied in game scenarios.

1.5.4 Ball Speed Estimation

Full-instep kicks can be classified due to the achieved ball speed, which is
the main indicator of kicking success in soccer [Lees 98, Dör 02, Kell 07].
A reliable ball speed estimation system is required, which can be used to
determine the intensity of the full-instep kick. Thus, a literature review
about ball speed analysis was performed. The literature review is struc-
tured as follows. First, research work about dependent factors for ball
speed is introduced. Second, one regression technique for IMU-based
ball speed estimation is described. Third, general findings, limitations,
and open issues are mentioned.

Dependent Factors for Ball Speed

Current ball speed measurements in soccer were often performed in a
laboratory environment using camera-based systems [Nuno 06, Shin 09].
One research area was the investigation of dependent factors for ball
speed, which was mainly performed for full-instep kicks based on sta-
tionary ball scenarios. It was concluded that the ball speed is dependent
on various factors such as technique [Lees 10], approach angle [Kell 04],
gender [Barf 02], support leg dynamics [Inou 14, Augu 17], and the trunk
kinematics [Nait 10, Full 15]. Nevertheless, the final ball speed largely
depended on the characteristics of the foot-ball impact [Lees 98, Bull 99,
Kell 07, Ishi 12]. It was concluded that powerful kicks were achieved
through a high foot velocity [Kell 07]. Regression analysis showed a linear
relationship of ball speed and foot velocity with correlation coefficients
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above 0.81 [Zern 78, Nuno 06]. The results in [Bull 99] further indicated
that a high ball speed can be achieved by maximizing the angular velocity
of the lower leg.

In this thesis, the foot-ball impact was considered for ball speed es-
timation. Compared to the previously mentioned literature, an IMU
sensor was used in order to determine the final ball speed.

Inertial Sensors for Ball Speed Estimation

Research work regarding IMU-based ball speed estimation is rather lim-
ited. In [Zwic 12], a biomechanical collision model was used to estimate
the ball speed based on a one-axial ± 70 g accelerometer in antero-
posterior direction. The accelerometer was attached to the malleolus
lateralis. The velocity of the malleolus lateralis was estimated based on
integrated accelerometer values followed by regression analysis. A signif-
icant correlation was found between the integrated acceleration values
and the velocity of the malleolus lateralis (r = 0.68, p < 0.001). Sensor
data of one player was used for evaluation. A Mean Absolute Percentage
Error (MAPE) of 2.81 % was achieved between predicted and true ball
speed.

In this work, a more sophisticated regression technique was applied
to ball speed estimation combining accelerometer and gyroscope. The
gyroscope was included in order to exploit the influence of the angular
velocity on the final ball speed [Bull 99].

Findings, Limitations, and Open Issues

The literature review showed that foot-ball impact is one major dependent
factor of the final ball speed [Ishi 12]. A linear relationship was found
between foot velocity and ball speed [Nuno 06]. Nevertheless, research
about IMU-based ball speed estimation is rather limited [Zwic 12] and
various limitations were found. The data collection suffered from a
minimal set of sensor information based on an uniaxi-al accelerometer
attached to one player. Investigations further included only stationary
ball scenarios. The regression considered the integrated acceleration
values as predictor, which might not be sufficient in modeling the kicking
execution. Open issues include the evaluation of more sophisticated
regression techniques based on more multi-axial sensor sources and
more subjects. The applicability of IMU-based systems for ball speed
estimation in realistic scenarios remains further unknown.
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1.6 Related Products

HAR systems based on machine learning techniques using IMU data
are more and more implemented in commercial wearables in order to
monitor daily and soccer activities. Six examples are introduced in the
following paragraphs.

• ActiGraph GT9X Link (ActiGraph, Pensacola, FL): records ac-
celerometer data to compute objective activity metrics including
activity counts, energy expenditure, and body position 1. The device
can be worn on wrist, waist, ankle, or thigh.

• fitbit alta (fitbit, San Francisco, CA): comprises activity recogni-
tion and energy expenditure algorithms to capture activities such
as walking, bicycling, as well as sleeping and to estimate consumed
calories 2.

• Misfit Shine 2 (Misfit, San Francisco, CA): uses accelerometer data
to track among others number of steps, sleep duration, traveled
distance, and consumed calories 3.

• APEX (STATSports, Newry, Northern Ireland): comprises pods
worn on the upper back of athletes and multiple beacons around
the pitch 4. The pods include various sensors like accelerometer
and gyroscope as well as antennas. Positional and inertial data
are used to compute metrics such as distance, speed, number of
sprints, and impacts. The system can be applied in both indoor and
outdoor environments and is mainly used by elite sports teams.

• ZeppPlaySoccer (Zepp, San Jose, CA): consists of an IMU inserted
into a calf sleeve 5. The system collects individual game statistics,
capture real-time game reports, and create video highlight reels.
The performance metrics include covered distance, maximum run-
ning speed, number of sprints, number of kicks, and kicking speed.
The scenes that should be included in the highlight reel have to be
selected manually.

1 https://actigraphcorp.com/actigraph-link/
2 https://www.fitbit.com/de/alta
3 https://www.misfit.com
4 https://statsports.com/apex/
5 https://www.zepp.com/en-us/soccer/
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• adidas miCoach Smart Ball (adidas AG, Herzogenaurach, Ger-
many): uses motion sensors integrated in a soccer ball to estimate
among others kick speed as well as spin and trajectory of the ball
after leaving the foot 6.

The previously introduced devices monitor daily as well as soccer activi-
ties in order to compute various metrics. Depending on the application,
the metrics include sleeping duration, activity bouts, expended energy,
covered distance, number of sprints, number of kicks, and kicking speed.
In this thesis, the developed soccer kick classification approach was inte-
grated in a system, which generated video highlight reels. Compared to
the Zepp Play Soccer system, the highlight reels were selected automati-
cally based on a sensor-based HAR system. The system is described later
in this thesis.

1.7 Contributions

In this thesis, nine contributions were made to the field of HAR using
machine learning based on IMU data. The contributions can be divided
into three groups.

The first group of five contributions deals with the development and
implementation of HAR algorithms applied to daily activities:

1. Current state-of-the-art algorithms for HAR mostly provided flat
classification systems, which relied on a single classifier decision
and required a retraining of the complete system in a changing
environment. Hierarchical classification systems overcome these
issues, but the adjustment of existing approaches to a new environ-
ment would often be cumbersome and time-consuming. In this
work, a novel, hierarchical classifier structure was developed, which
relied on multiple decisions along the path through the hierarchy
and provided automatically generated machine learning systems
optimized for a certain activity group. The proposed hierarchi-
cal approach would enable e.g. an increased flexibility of activity
trackers (see section 1.6) to react to environmental changes without
exchanging the complete system. The algorithm is described in
section 3.3. This contribution was published in [Schu 13b].

6 https://www.adidas.com/us/micoach-smart-soccer-ball/G83963.html
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2. Multiple sensor nodes are often necessary to capture the wide range
of desired activities [Bao 04]. Current approaches mainly combine
the information of the different sensor nodes at feature level. Fea-
ture level fusion often includes drawbacks such as the need of re-
training of the whole systems, if a new sensor is added, the influence
of sensor degradation during run-time, and a high computational
complexity [Zapp 07, Bano 13]. To close this gap, an algorithm was
developed based on fusing the information of individual sensor
nodes at decision level. Compared to existing approaches, the
proposed method was evaluated on a large set of daily activities
including gyroscope sensor and is not restricted to certain classifier
types. The system allows the absence of sensor information from
different positions and might be more robust in Body Sensor Net-
works. The algorithm is described in section 3.4. This contribution
was published in [Schu 13a].

3. Although various algorithms for HAR already exist (section 1.5.1),
the identification of the best suitable technique for a specific ap-
plication is still challenging. Most state-of-the-art approaches
were compared based on the final achieved performance measure.
Nevertheless, the explanatory power of this kind of comparison is
limited, since different databases and evaluation strategies were
used. To overcome this limitation, the two previously proposed
algorithms were compared to five re-implemented state-of-the-
art approaches [Bao 04, Ravi 05, Park 06, Pree 09, Liu 12] using the
same benchmark dataset and evaluation framework. This proce-
dure of comparing multiple algorithms based on the same con-
ditions can be seen as one proposed solution finding the best
HAR algorithm for future activity recognition challenges. The
comparison is described in section 3.5. This contribution was pub-
lished in [Schu 13b]. The benchmark dataset is publicly available
(https://www.activitynet.org).

4. Systems for the recognition of daily activities were mainly evaluated
on isolated datasets, which reduced the number of instances for
algorithm training and reduced the exploratory power of findings.
In order to overcome these limitations, a novel method was devel-
oped, which increased the number of datasets without the need
of a new data collection session. A workflow was introduced to
merge publicly available datasets to provide a larger database. The
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applicability of the proposed database fusion strategy was shown in
the evaluation of one proposed HAR algorithm. A larger database
for training enables the development of more robust HAR systems
and increases the explanatory power of results. The database fusion
and the corresponding activity recognition algorithm are described
in section 3.6. This contribution was published in [Schu 14b].

5. Dynamic activities, e.g. walking can further be classified into
intensity levels, such as light, moderate, and vigorous [Hend 00,
Bono 09b]. The intensity level is usually defined by the expended
energy. Current research work on sensor-based energy expenditure
estimation mainly applied feature level fusion to accelerometer data
followed by regression analysis [Bout 94]. Feature level fusion ap-
proaches often suffer from sensor degradation and low flexibility in
terms of adding as well as removing sensors. To overcome the men-
tioned issues, an algorithm was developed and implemented, which
fused the information of sensors at decision level. The proposed
approach can be applied in multi-sensor systems, which should
be robust against hardware failures as well as flexible in adding or
removing sensors. The algorihm is described in section 3.7. The
dataset used for evaluation is publicly available (https://www.ac-
tivitynet.org). This contribution was published in [Schu 14a].

The second group of three contributions is split into two parts. The first
part includes novel HAR algorithms applied to soccer-specific activi-
ties. The second part includes the integration of these HAR algorithms
in a specific application:

6. Full-instep and side-foot kicks are two of the most important soccer-
specific activities. Nevertheless, current algorithms often suffered
from a low performance of kicks in a flat classification system. The
recognition systems were further only evaluated in training ses-
sions or manually segmented game data [Mitc 13, Ahma 15]. In this
thesis, two HAR algorithms were developed and compared, which
were optimized for kicks. The first method mainly performed a hi-
erarchical classification (Figure 1.3b). The second method included
additional expert knowledge about the different phases during kick
execution. Both techniques were evaluated on a pre-defined set of
exercises. The system, which achieved the better performance, was
further evaluated on complete game data without pre-segmenting
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certain parts. The proposed methods are described in section 4.3.
The algorithms were published in [Schu 15] and [Schu 16].

7. The achieved ball speed during a full-instep kick is the main indica-
tor of kicking success in soccer [Lees 98, Dör 02, Kell 07]. Neverthe-
less, current ball speed measurements were often performed in a
laboratory environment using expensive camera-based systems and
mainly considering stationary ball scenarios [Nuno 06, Shin 09].
In this thesis, a low-cost solution for ball speed estimation was
developed and implemented. Compared to previous work, the
approach was evaluated on dynamic exercises in unconstrained
environments. The proposed ball speed estimation system is de-
scribed in section 4.4 and was published in [Schu 16].

8. Video summaries are used in sports to provide among others ath-
letes and coaches with important highlight scenes [Rehm 14]. High-
light scenes include goals, bookings, shots on goals, or penal-
ties. Generating these summaries often required a manual, time-
consuming selection and cutting of relevant sequences [DOra 10].
Automatic approaches required e.g. information of announcers’
speech, availability of video shots such as close-up or replay shots,
and textual overlays such as game statistics [Ekin 03, Baba 04]. Due
to the previously mentioned requirements, the proposed automatic
systems can mainly be applied to TV broadcast material in pro-
fessional sports. Systems and methods for recreational sports are
missing. To close this gap, a novel, innovative, and low-cost solu-
tion was developed for video summary generation. The previously
mentioned algorithms for kick classification and ball speed estima-
tion were partially integrated in the system. A patent application
was filed encompassing parts of the algorithmic approaches and the
final video summary system [Kirk 16]. An extension of the system
was further published in [Schu 16]. The complete system is briefly
introduced in section 4.5.

The last contribution deals with the introduction of Big Data to the HAR
research field:

9. The IoT era provides the generation of Big Data [Swan 12]. Al-
though Big Data offers new possibilities in HAR research, e.g. the
automated detection of deviant behavior based on long-term mon-
itoring, the current design of HAR systems did not consider Big
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Data concepts and tools. In this thesis, Big Data is introduced
to the HAR research field. The contribution was fourfold. First,
a survey about the state-of-the-art in wearable-based HAR was
provided, which was already presented in section 1.5.1. Second,
a definition of Big Data in the context of HAR was given. Third,
extensions of the traditional ARC were introduced, which included
mandatory concepts for Big Data ready activity recognition. Fourth,
open issues and future research directions were comprised. Tack-
ling the selected items and topics enables the exploitation of the
huge potential of Big Data for activity recognition challenges. This
contribution was submitted [Schu 18].

1.8 Outline

The outline of the thesis is shown in Figure 1.4. Chapter 2 summarizes
the fundamentals including indirect calorimetry, anatomical system,
IMU, and machine learning. Chapter 3 summarizes the contributions
regarding HAR with respect to daily activities. Chapter 4 summarizes the
contributions regarding HAR with respect to soccer-specific activities.
Chapter 5 summarizes the contributions regarding Big Data ready HAR.
Chapter 6 provides the overall findings of the thesis, a general discussion,
and an outlook.
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Figure 1.4.: Overview of this thesis.
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Chapter 2

Fundamentals

In this chapter, the fundamentals are described which are needed to
understand the concepts and components of the developed algorithms
in the upcoming chapters. First, indirect calorimetry is briefly explained,
since it was used as ground truth for the IMU-based energy expenditure
estimation [Löl 10]. Second, the anatomical position, planes, and axes
of the human body are described, since the corresponding terms were
further used for the definition of the coordinate systems and the expla-
nation of certain movements. Third, the principles of an IMU sensor
are introduced, since data of this sensor type were used as input for the
developed algorithms. Fourth, the applied machine learning techniques
are briefly explained.

2.1 Indirect Calorimetry

Indirect calorimetry exploits the fact that energy-releasing reactions in
the body depend on oxygen consumption [McAr 07]. The process of
cellular respiration needs oxygen in order to produce energy and further
results in the production of carbon dioxide [Kenn 11, Habe 13]:

Oxygen+Glucose → Energy + Carbon dioxide+Water. (2.1)

Common indirect calorimetry procedures include portable spirometry,
bag technique, and computerized instrumentation [McAr 07]. Com-
puterized instrumentation systems are often connected to a motorized
treadmill and determines the actual volume per minute of oxygen con-
sumption V̇ O2 based on the expired air volume V̇E , the fraction of oxygen
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Figure 2.1.: Anatomical planes and axes (adapted from [McGi 13]).

in the expired air FEO2, and the fraction of carbon dioxide in the expired
air FECO2:

V̇ O2 = V̇E(1− FEO2 − FECO2) · 0.265− (V̇E · FEO2). (2.2)

The corresponding expended energy is often given as MET [Schu 01]
defined as

MET =
V̇ O2(

mL·O2

kg·min )

3.5mL·O2

kg·min

. (2.3)

MET can be used to express the intensity of activities in the steady state
as multiples of the sitting at rest state [Jett 90].

2.2 Anatomical Position, Planes, and Axes

A commonly used reference position of the human body is denoted as
anatomical position which means standing erect, facing forward, with
the feet aligned parallel to each other, toes forward, arms and hands
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hanging straight below the shoulders at the sides, fingers extended, and
palms facing forward [McGi 13]. Movements of limbs or other anatomical
structures are described in reference to the anatomical position. Specific
imaginary anatomical planes and axes can be defined, e.g. in order to
describe human movement (see Figure 2.1).

Three anatomical planes pass though the body, namely sagittal, frontal,
and transverse plane [Bart 07, McGi 13, Godf 08]. The sagittal plane runs
anterior (front) to posterior (back) and superior (top) to inferior (bottom).
The frontal plane runs side to side and superior to inferior. The transverse
plane runs from side to side and anterior to posterior.

Three anatomical axes are perpendicular to the anatomical planes,
namely anteroposterior, mediolateral, and vertical axis [Bart 07, McGi 13,
Godf 08]. The anteroposterior axis runs from anterior to posterior and is
perpendicular to the frontal plane. The mediolateral axis runs from left
to right and is perpendicular to the sagittal plane. The vertical axis runs
from top to bottom and is perpendicular to the transverse plane.

2.3 Inertial Measurement Unit

According to [Kemp 11], IMUs aim at determining the dynamic behavior
of objects by exploiting inertial forces. The use of microelectromechani-
cal systems technology results in low-cost, small-size, and lightweight
IMUs [Barb 01]. The small size of IMUs further favors wearability and
portability and enables a good tradeoff between comfort and cost to
be applicable in various domains [Brig 11]. The two basic dynamic pa-
rameters include linear acceleration measured by an accelerometer and
angular velocity measured by a gyroscope. The corresponding principles
are briefly explained in the following paragraphs and are illustrated in
Figure 2.2.

According to [Kemp 11], accelerometer devices implement the spring
mass principle with one degree of freedom (Figure 2.2a). When accel-
eration occurs, a small mass system responds by applying a force to a
spring [Math 04b]. This causes stretching or compressing of the spring.
This deflection is transformed into an electrical signal. The output of
a body-worn accelerometer is dependent on several sources [Redm 85]:
body acceleration, gravitational acceleration, external vibrations (e.g.
resulting from vehicles), accelerations caused by bouncing of the sensor
against other objects, jolting of the sensor caused by loose attachment.
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Figure 2.2.: Illustration of accelerometer (a) and gyroscope (b) (adapted from
[Roet 06]).

The principle of the gyroscope is illustrated in Figure 2.2b. A mass is
brought into vibration with momentary speed ~v [Roet 06]. Rotating the
gyroscope with an angular velocity~ω results in an additional displacement

of the mass caused by the Coriolis force ~FC . The direction of ~FC is
perpendicular to the original displacement. The Coriolis force induced
motion is sensed by electrodes and converted to an electrical signal
[Jone 13].

According to [Kemp 11], imperfections of the mechanical sensors influ-
ence the whole system parameters. The imperfections include manufac-
tural imperfections, nonlinearities, and misalignment errors.

2.4 Machine Learning

The main steps of the machine learning pipeline are shown in Figure 2.3
and are described in the following section. The details were taken from
[Niem 90, Duda 00, Diet 02, Bish 06, Theo 09, Witt 11, Bull 14].
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Figure 2.3.: Machine learning pipeline (adapted from [Niem 90, Duda 00,
Theo 09]).

2.4.1 Data Collection

According to [Niem 90], technical sensors enable the collection of repre-
sentative samples in a specific task domain. In this thesis, various inertial
sensors were attached to different body parts in order to acquire raw data,
while subjects performed certain daily and soccer-specific activities. The
raw data is usually sampled at regular intervals and is represented as a
multivariate time series [Bull 14].

2.4.2 Preprocessing

The preprocessing step performs a transformation of the raw multivariate
and non-synchronous time series to a preprocessed time series [Bull 14].
Preprocessing steps include synchronization, calibration, unit conver-
sion, normalization, re-sampling, data-level fusion, Butterworth filtering,
Fourier Transform, and peak detection [Hall 97, Pall 99, Kuo 06, Bish 06,
Bull 14]. A brief introduction of the preprocessing steps calibration,
unit conversion, Fourier Transform, Butterworth filtering, and data level
fusion is given in the following paragraphs.
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Calibration and Unit Conversion

As mentioned in section 2.3, imperfections of the mechanical sensors
influence the whole system parameters. In order to correct systematic
errors or bias in IMU data and to map raw data to standardized units, a
calibration step has to be performed [Yang 14]. The calibration step is
usually performed during production time of the sensor unit. Regular
re-calibration is required due to aging, decay, and damage. The single
calibration procedures, which were used in this work, are described later
in the corresponding chapters.

Discrete Fourier Transform

Daily and soccer-specific activities usually occur in certain frequency
bands. In order to perform frequency analysis, the time-domain signal
{x[n]}|n=0,1,...,N−1 is converted to the representation in the frequency
domain {X[k]}|k=0,1,...,N−1 by the Discrete Fourier Transform [Kuo 06]:

X[k] =
N−1∑
n=0

x[n]e−j( 2πk
N )n. (2.4)

In this thesis, the Discrete Fourier Transform was applied to compute
certain features in the frequency domain.

Butterworth Filtering

In order to remove noise and undesired frequency bands Butterworth fil-
tering can be applied [Kuo 06, Bull 14]. Four different filter types include
lowpass, highpass, bandpass, and bandstop filter. The Butterworth filter
is an example of an Infinite Impulse Response filter [Kuo 06]. Accord-
ing to [Kuo 06], the design of a digital Infinite Impulse Response filter
includes the definition of the corresponding filter in the analog domain
and applying a bilinear transformation. The magnitude response |H(f)|
of a Butterworth lowpass filter is defined as

|H(f)| = 1√
1 + ( f

fc
)2L

. (2.5)

f denotes the frequency in Hz. The Butterworth filter is defined by cutoff
frequency fc and filter order L.

In this thesis, a Butterworth high pass filter was used e.g. to detect ball
contacts in soccer.
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Data Level Fusion: Signal Magnitude Vector Computation

The computation of the Signal Magnitude Vector (SMV) can be seen
as one example for data level fusion, which neglects the direction of
movement [Hall 97, Kara 06]:

SMV [i] =
√
x[i]2 + y[i]2 + z[i]2 (2.6)

x[i], y[i], and z[i] denote the samples at index i of the three sensor axes.
The SMV was e.g. also applied to detect ball contacts.

2.4.3 Segmentation

Segmentation enables the identification of desired parts in the prepro-
cessed data streams which are likely to include information about the
target activities [Bull 14]. Three segmentation methods were used in this
work depending on the application.

SlidingWindow

A fixed-size window is shifted over the signal and the corresponding
sensor data in the window is used for further processing [Bull 14]. Two
parameters have to be defined. First, the window size, which has an influ-
ence on the delay of the activity recognition system. Second, the overlap
of the windows, which has an influence on the segmentation precision
and computational load. The developed algorithms for the recognition
of daily activities mainly applied the sliding window technique.

Energy

The energy of the sensor signal is computed exploiting the fact that
activities are executed with different intensities [Bull 14]. Signal parts
are segmented which exceed a certain threshold. The developed kick
classification algorithms included an energy-based segmentation routine.

Additional Sources

Additional information can be used to segment IMU data, such as GPS
traces or sound records acquired by smartphone as well as diary content
[Bull 14]. In this work, a smartphone app was often used to provide a
coarse segmentation of the performed activities.
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2.4.4 Feature Extraction

According to [Niem 90], a direct classification based on the samples is
not suitable. Thus, in order to reduce the amount of processed data
and to focus on important information for the classification, features
are extracted. The features enable a representation of the observation
which positively influence the performance of the subsequent classifier
[Duda 00]. According to [Bull 14], features which correspond to the same
class should be clustered in the feature space and features which cor-
respond to different classes should be apart. Feature extraction often
requires knowledge of the domain. Algorithms for HAR based on inertial
sensor data often extract features in either time or frequency domain
[Lara 13]. Features, which were used in this thesis, are given in Table 2.1.
Time domain features include statistical measures such as mean, vari-
ance, or percentiles [Liu 12]. They are used to describe the amplitude
distribution in sensor signals. One commonly used feature is further
the Signal Magnitude Area (SMA), which neglects both the direction
of movement and the signal distribution across sensor axes [Math 03].
Frequency domain features are often based on the previously described
Discrete Fourier Transform and include e.g. spectral centroid and band-
width [Knee 16]. In HAR, frequency domain features are often applied to
detect periodic activities such as walking [Bao 04].

2.4.5 Feature Selection

According to [Guyo 03, Bull 14], advantages of feature selection includes
reducing the measurement and storage requirements, reducing training
and testing times, and addressing the curse of dimensionality to improve
prediction performance. A manual selection of features is challenging
and time-consuming. A set of methods for automatic feature ranking
and selection are available, which can be grouped into wrapper, filter, and
hybrid approaches [Theo 09]. In this work, a correlation-based feature
selection [Hall 99a, Hall 99b, Hall 00] technique was applied.

Correlation-based feature selection belongs to filter methods, which
are based on class separability criteria and are classifier-independent
[Sanc 07, Theo 09].
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Table 2.1.: List of extracted features in time and frequency domain.

Time-domain Frequency-domain
Descriptive statistics for calculation of numerical summary statistics
for observations x[0],x[1],...,x[N − 1] can be used as features [Liu 12,
Devo 12]. Mean µ is a measure of the center of observations [Devo 12,
Gupt 13]:

µ =
1

N

N−1∑
i=0

x[i] (2.7)

Further measures of location include percentiles [Devo 12]. The
observations are sorted in ascending order and are ranked from 1 to
N [Gupt 13]. The p-th percentile defines the observation that corre-
sponds to the rank p · [(N + 1)/100]. In this thesis, the 10th, 25th,
50th (median), 75th, and 90th percentile were computed. Stan-
dard deviation δ is a measure of the variability in the observations
[Devo 12]):

δ =

√√√√ 1

N − 1

N−1∑
i=0

|x[i]− µ|2 (2.8)

Signal Magnitude Area (SMA) combines the three sensor axes x,
y, and z [Math 03, Alle 06, Kara 06]:

SMA =
1

N

N−1∑
i=0

= (|x[i]|+ |y[i]|+ |z[i]|) (2.9)

Frequency domain features are often
extracted in speech and audio process-
ing [Theo 09, Knee 16] including spec-
tral centroidSC andbandwidthBW .
These features are defined as

SC =

∑N−1
k=0 k ·X[k]∑N−1
k=0 X[k]

(2.10)

BW =

∑N−1
k=0 |SC − k| ·X[k]∑N−1

k=0 X[k]
(2.11)

SC measures the center of gravity of the
magnitude spectrum. BW measures
the spectral range around SC and can
be seen as the variance from the mean
frequency [Knee 16].
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2. Fundamentals

According to [Hall 99a], correlation-based feature selection ranks feature
subsets according to a class separability criterion M(S) defined as

M(S) =
lc̄yx√

l + l(l − 1)c̄xx
. (2.12)

S denotes the current feature subset containing l features. c̄yx denotes
the mean correlation between feature x and class y (x ∈ S). c̄xx denotes
the mean feature-feature intercorrelation. The numerator is an indica-
tor how predictive a set of features is [Hall 00]. The denominator is an
indicator how much redundancy is in the feature set. Thus, features
are preferred which are highly correlated with the corresponding class
and uncorrelated with each other [Sanc 07]. A best-first search is further
applied, which enables heuristically searching a graph [Rich 91]. In the
case of correlation-based feature selection, the heuristic evaluation func-
tion is given by equation 2.12. Each step of the best-first search consists
of selecting the most promising nodes that were generated so far and
expanding the chosen node by applying the rules to generate the cor-
responding successors. If the current explored path is less promising,
backtracking is performed.

2.4.6 Classification

In this work, mainly five classifiers were applied including Naive Bayes
(NB), k - Nearest - Neighbor (k-NN), Support Vector Machine (SVM),
Classification and Regression Trees (CART), and Random Forest (RF).

Naive Bayes

Classification can be formulated in probabilistic terms based on the
Bayesian rule

p(y|~x) = p(~x|y)p(y)
p(~x)

. (2.13)

p(y|~x), p(~x|y), p(y), and p(~x) denote the a posteriori probability, likeli-
hood, a priori probability, and evidence, respectively [Duda 00]. ~x ∈ Rl

and y ∈ Z denote the feature vector containing l features and the cor-
responding class, respectively. NB is a classifier which assumes that the

52



2.4. Machine Learning

class-conditional densities in equation 2.13 are normally distributed and
the features are conditionally independent [John 95]

p(~x|y) =
l−1∏
i=0

p(xi|y) (2.14)

p(xi|y) = N (xi;µ, σ). (2.15)

N (xi;µ, σ) denotes a normal distribution defined by the mean µ and the
standard deviation σ

N (xi;µ, σ) =
1√
2πσ

e−
(xi−µ)2

2σ2 . (2.16)

According to [Theo 09], the assignment of a new data point~x0 to a certain
class label ŷ0 is performed by

ŷ0 = arg max
yj

p(~x0|yj) j = 1, 2, ...,M. (2.17)

M denotes the number of classes. The NB classifier, whose underly-
ing density function is assumed to be normal, belongs to parametric
classification techniques.

k-Nearest Neighbor

k-NN is a classifier which directly estimates the a posteriori probability
shown in equation 2.13 [Duda 00]. For classifying a new data point ~x0,
the k closest training points have to be determined [Cove 67], e.g. by
using the Euclidean distance

di = ||~xi − ~x0|| i = 1, ..., q. (2.18)

q denotes the total number of stored training points. The a posteriori
probability is estimated by

p(yi|~x0) =
ki
k
. (2.19)

ki denotes the number of data points amongst the k nearest neigh-
bors that belong to class yi. k-NN classifiers require no model to be
fit [Hast 09]. Majority voting among the k neighbors is applied to deter-
mine the final prediction [Duda 00].
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Support VectorMachine

NB and k-NN classifier are based on Bayes decision theory. Another
group of classifiers, e.g. the SVM, directly determines the discriminant
functions [Cort 95]. In the case of a SVM, the discriminant function g(~x)
is defined by

g(~x) =

NS∑
i=1

αiyiK(~si, ~x) + b. (2.20)

αi, K(·), and b denote Lagrange multiplier, kernel function, and offset of
the hyperplane, respectively. ~si and yi denote NS support vectors and
the corresponding labels, respectively. In this thesis, a linear kernel was
used defined by:

K(~si, ~x) = ~si · ~x (2.21)

According to [Burg 98, Duda 00], the training of SVM aims at finding the
hyperplane that separates training points of multiple classes with the
largest margin. The support vectors are close to the decision boundary.
In the training phase, a cost parameter C has to be optimized. A large C
corresponds to assigning a higher penalty to errors.

According to [Sun 12], the SVM can be parallelized in order to reduce
the training time. The SVM training is based on using hierarchical, partial
SVMs. Each partial SVM is trained on a subset of the original complete
training data and is used as a filter. The support vectors of two partial
SVMs of the first level of the hierarchy are used as input of a partial SVM
in the next level of the hierarchy. The process is repeated until one final
SVM is trained.

Classification and Regression Trees

Compared to the previously mentioned techniques, non-metric methods
can further be used for classification, e.g. decision trees [Duda 00]. In
2 - D, tree - based methods partition the feature space into a set of
rectangles and fit a model [Hast 09]. An example of a tree-based method
is CART [Brei 84]. CART constructs a tree which consists of several nodes.
At each node a decision is made resulting in a binary split of the training
data [Duda 00]. The decision is based on a criterion measuring the node
impurity, e.g. the Gini diversity index [Hast 09]. The Gini diversity index
measures the total variance across classes. A pruning of the tree is further
often performed. In pruning, the whole tree is constructed until the leaf
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nodes have minimum impurity [Duda 00]. Subsequently, neighboring
leaf nodes are investigated regarding possible elimination depending on
the increase of the node impurity. The assignment of the class label is
performed in the leaf nodes by majority voting [Duda 00]. Decision trees
like CART often suffer from high variance [Hast 09, Jame 13].

Random Forest

The reduction of the previously mentioned variance can be performed by
bootstrap aggregation (bagging) [Duda 00]. B separate randomly chosen
bootstrap samples are drawn from the training data with replacement.
The size of each bootstrap sample is equal to the size of the original
training set. Each of the B bootstrap samples is used to train a separate
classifier. Subsequently, majority voting over the B predictions is applied
to determine the final prediction. Further variance reduction is achieved
by the Random Forest classifier. A Random Forest classifier includes
a decorrelation of the trees by randomly selecting features in the tree-
growing process [Brei 01, Hast 09]. Each time a split in a certain tree is
performed, a random sample of m features is chosen as split candidates
from the complete set of features. Only one of thesem features is selected.

2.4.7 Multiple Linear Regression

In classification problems, input data is assigned to a discrete value
[Bish 06]. If the assigned value is continuous, a regression problem has
to be solved. According to [Weis 05], MLR is the most commonly used
type of regression and was applied in this work to estimate the expended
energy and the ball speed. A MLR model f(~x)withn predictors ~x ∈ Rn+1

can be defined as:

f(~x) = β0x0 + β1x1 + ...+ βnxn =
[
x0 x1 ... xn

]

β0

β1

...
βn


= ~xT ~β

~β ∈ Rn+1 denotes the parameter vector of the model. From the pool of
predictors, a set of terms can be created including the intercept/constant
(x0 = 1), one of the predictors (e.g. x1), polynomials (e.g. x2

1), or
interactions (e.g. x1x2) [Weis 05]. Ordinary least squares estimation is
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applied to obtain ~β based on observations {~xi, yi ∈ R}|i=0,...,N−1. N
denotes the number of observations.

2.4.8 Performance Assessment

In order to evaluate the applicability of the previously mentioned classifi-
cation and regression techniques, a performance assessment is required
[Hast 09].

Leave-One-Subject-Out Cross-Validation

Performance assessment of classification and regression techniques are
based on a splitting of the available datasets. One commonly used tech-
nique is Leave-One-Subject-Out Cross-Validation (LOSO-CV), which is a
special case of the leave-one-out method [Lach 68]. Assuming a finite set
of N samples are available for evaluation [Theo 09]. In the leave-one-out
method, the training is performed using N − 1 samples, and the valida-
tion or testing is performed using the excluded sample. This procedure
is performed N times, each time excluding a different sample. In each
trial, one performance measure is computed. The final performance of
the system is determined by averaging the performance values achieved
in each trial. In the case of LOSO-CV, samples of one certain subject is
taken for validation or testing in each leave-one-subject-out trial, the
other samples are chosen for training.

ConfusionMatrix

Classification-specific performance measures are often based on the
confusion matrix [Fawc 06]. The confusion matrix represents the dispo-
sitions of the set of instances, on which a classifier is tested. An example
is given in Table 2.2. Each entry represents the number of classified
instances. Columns indicate the true class. Rows indicate the predicted
class.

Multi-Class Classification

The confusion matrix (Table 2.2) is used to compute various perfor-
mance measures for multi-class classification problems [Soko 09]. Per-
formance measures for a specific class k include sensitivity (Sensk), pre-

56



2.4. Machine Learning

cision (Preck), and F1-score (F1k). In additional, the balanced accuracy
(BalAcc) is often given [Brod 10]:

Sensk =
Ck,k∑K
i=1 Ci,k

(2.22)

Preck =
Ck,k∑K
j=1 Ck,j

(2.23)

F1k = 2 · Preck · Sensk
Preck + Sensk

(2.24)

BalAcc =
1

K

K∑
k=1

Sensk. (2.25)

Binary Classification and ROC Curve

Performances measures of a binary classification (K = 2) are often
applied in medial decision making [Fawc 06]. Each instance is mapped
to either the positive class or the negative class. The elements in the
confusion matrix (Table 2.2) are usually denoted as truepositives (TP =
C1,1), false positives (FP = C1,2), false negatives (FN = C2,1), and
true negatives (TN = C2,2).

Receiver Operating Characteristic (ROC) graphs visualize, organize,
and select classifiers based on the corresponding performance [Fawc 06].

Table 2.2.: Confusion matrix. Each entry Ci,j |i,j∈1,...,K represents the number
of classified instances regarding K classes. Columns indicate the true class. Rows
indicate the predicted class.

True class

Predicted class

C1,1 C1,2 · · · C1,K

C2,1 C2,2 · · · C2,K

...
...

...
...

CK,1 CK,2 · · · CK,K
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Figure 2.4.: Receiver Operating Characteristic (ROC) curve. True positive rate
is plotted over false positive rate. One point on the curve depicts the result of a
classifier with a specific parameter configuration.

In a ROC graph, true positive rate (TPR) is plotted over false positive rate
(FPR):

TPR =
TP

TP + FN
(2.26)

FPR =
FP

FP + TN
. (2.27)

The ROC graph shows the relative tradeoff between benefits (TP) and
costs (FP). A ROC graph can further visualize the performance of one
classifier dependent on different parameter settings, which results in a
ROC curve (Figure 2.4).

Regression-Specific PerformanceMeasures

Performance assessment of regression techniques is often based on the
residual ei which is the difference between the actual value yi and the
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fitted value. The corresponding performance measures include MAE,
MAPE, and RMSE [Hynd 06, Mont 12] defined as

MAE =
1

N

N−1∑
i=0

|ei| (2.28)

MAPE =
100

N

N−1∑
i=0

∣∣∣∣eiyi
∣∣∣∣ (2.29)

RMSE =

√√√√ 1

N

N−1∑
i=0

e2i . (2.30)

Graphical techniques such as the Bland-Altman plot are further used in
the evaluation of regression algorithms [Blan 86, Blan 99]. The Bland-
Altman plot illustrates the difference between the measurements of two
methods against their mean. An example is given in Figure 2.5. If the
differences of the measurements are normally distributed, it is expected
that 95 % of the differences lie between two borders, which are dependent
on the standard deviation of the difference. The Bland-Altman plot

• Allows the investigation of any possible relationship between the
discrepancies and the true value. Since the true value of the quantity
is not known, the mean of the measurements by the two methods
is used as the best estimate.

• Shows any extreme or outlying observations.

• Can visualize e.g. an increase in variability of the differences as the
magnitude of the measurements increases. A special case would
be, if the mean difference is approximately proportional to the
magnitude of the measurement.

Boxplots

According to [Frig 89], a boxplot enables a summary of data by displaying
various main features. An example is given in Figure 2.6. The two ends
of the box are determined by the lower and upper quartile Q1 and Q3,
respectively. The interquartile range is computed by Q3−Q1. Two fences
lie at Q1− k(Q3−Q1) and Q3 + k(Q3−Q1).
k was set to 1.5 as proposed by [Frig 89]. Points which fall outside the

fences are potential outliers. A horizontal line indicating the median is
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Figure 2.5.:Bland Altman plot (adapted from [Blan 99]). Difference of prediction
and ground truth are plotted regarding the average of both. Mean of difference
and 95 % limits of agreement are further given. SD denotes standard deviation.

Center
(median)

Q3
(upper quartile)

Q1
(lower quartile)

+Outlier

k(Q3 - Q1)

k(Q3 - Q1)

Q3 - Q1
(interquartile range)

Figure 2.6.: Boxplot (adapted from [Frig 89]). Q1 and Q3 are denoted as lower
and upper quartile, respectively. Horizonal line in center of box indicates median.
Outlier, interquartile range Q3−Q1, and two fences Q1− k(Q3−Q1) as well
as Q3 + k(Q3−Q1) are further given. k is usually set to 1.5.

further given in the center of the box. In this thesis, the boxplot was used
to show the variability of classification-specific and regression-specific
performance measures regarding different LOSO-CV trials.
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Chapter 3

Recognition of Daily Activities

3.1 Introduction

In this chapter, five contributions regarding the recognition of daily
activities are presented. The structure of the chapter is as follows. Sec-
tion 3.2 describes two studies which were necessary to collect IMU data
during various daily activities for training and testing machine learn-
ing algorithms. Data of the first study were used to classify daily life
activities based on the activity type itself. The study was published in
[Schu 13b]. Data of the second study were used to train and test an energy
expenditure estimation algorithm. The study was performed during the
Bachelor Thesis of Sabrina Dorn [Dorn 13] (supervised by the author
of this dissertation) and was published in [Schu 14a]. Both studies are
further available on https://www.activitynet.org. Section 3.3 and 3.4
introduce two algorithms for HAR based on hierarchical classification
(contribution 1) and decision level fusion (contribution 2), respectively.
The first algorithm was published in a journal article [Schu 13b]. The
first authorship was shared with Heike Leutheuser. The method was
developed by both authors and mainly implemented by the author of this
dissertation. The second algorithm was published in a conference article
[Schu 13a]. Section 3.5 compares the hierarchical classification and the
decision level fusion approach to five state-of-the-art techniques from
literature based on the same benchmark dataset (contribution 3). The
idea of comparing various HAR algorithms based on the same benchmark
dataset was further published in [Schu 13b]. In section 3.6, a database
fusion strategy is introduced in order to increase the amount of training
data for machine learning techniques (contribution 4). The method was
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Figure 3.1.: Sensor placement used in DaLiAc study (adapted from [Schu 13b]).
Left: frontal view of human and sensor positions (A: chest, B: wrist, C: hip, D:
shoe); right: equipment for sensor mounting.

published in [Schu 14b]. The chapter concludes with the description of a
HAR technique based on the expended energy instead of the activity type
(section 3.7), contribution 5). The algorithm was published in [Schu 14a].

3.2 Data Collection

3.2.1 Study A: Daily Life Activities (DaLiAc)

The following study was called DaLiAc (Daily Life Activities) and the
corresponding data can be found on https://www.activitynet.org. In the
data collection, 23 healthy subjects (10 female and 13 male) participated
(age 27 ± 7 years, body mass index 24.0kg/m2 ± 3.5kg/m2, mean ±
standard deviation). All subjects gave written informed consent about
their participation. The Research Ethics Committee of the Friedrich-
Alexander-Universität Erlangen-Nürnberg confirmed that there is no
necessity to obtain the approval of the local Ethics Committee. Each sub-
ject was equipped with four SHIMMER sensor nodes (Shimmer Research,
Dublin, Ireland) [Burn 10]. The sensor placement is shown in Figure 3.1.
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(a) Sitting (b) Washing dishes (c) Sweeping

Figure 3.2.: Illustration of activities in DaLiac database.

One sensor was integrated in a customized shirt which ensured tight
fit. A sensor on the chest was e.g. used in [Park 06]. One sensor was
placed on the right wrist by a band. The reason for choosing the wrist
was to cover activities, which involve movements of the upper extrem-
ities motivated by [Bao 04, Park 06, Erme 08, Liu 12]. One sensor was
attached to the right hip by a clip. A sensor close to the center of mass
of the body, e.g. hip, was often preferred in literature [Bout 97a, Clel 13].
One sensor was mounted on the lateral side of a regular sport shoe by a
custom designed clip. The sensor position was chosen in order to cover
activities, which involve movements of the lower extremities motivated
by [Bao 04, Pree 09]. The used SHIMMER sensor node had a module size
of 53 x 32 x 15 mm and comprised a triaxial accelerometer (MMA7361L,
Freescale Semiconductors, Austin, TX, USA), a triaxial gyroscope (500
or 2000 series, InvenSense, Sunnydale, CA, USA), and a microcontroller
(MSP430F1611, Texas Instruments, Dallas, TX, USA). The accelerometer
range was set to ± 6 g. The gyroscope range was set to ± 500 ◦/s for the
sensor nodes wrist, chest, and hip as well as ± 2000 ◦/s for the sensor
node on the shoe. The reason for the higher gyroscope range for the
shoe sensor was the assumption that for lower extremities higher angular
velocities were expected [Bhat 80, Capp 82]. The sampling rate was set
to 204.8 Hz in order to capture frequencies up to 20 Hz [Bout 97a]. The
sensor data was stored on a MicroSD card.
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Table 3.1.: List of 13 activities available in DaLiAc database, corresponding abbre-
viations, and associated MET values taken from the ’Compendium of Physical
Activities’ [Ains 93, Ains 00, Ains 11].

Activity Abbreviation Associated MET

Sitting SI 1.3
Lying LY 1.0
Standing ST 1.3
Washing dishes WD 2.5
Vacuuming VC 3.3
Sweeping SW 3.3
Walking WK 3.5
Ascending stairs AS 5.0
Descending stairs DS 3.5
Running on treadmill RU 9.0
Bicycling (50 watt) BC50 3.5
Bicycling (100 watt) BC100 6.8
Rope jumping RJ 8.8

The subjects had to perform 13 daily life activities ranging from seden-
tary to vigorous-intensity activities. The selected activities were taken
from the ’Compendium of Physical Activities’ [Ains 93, Ains 00, Ains 11]
and are listed in Table 3.1 together with, the used abbreviation, and the
associated MET values. The single steps of the protocol are described
below.

1. Sensor nodes were put on a plate, dropped down twice, and, in
between, a sinusoidal movement was performed. This procedure
was needed for offline synchronization.

2. Sensor nodes were placed on dedicated positions (see Figure 3.1).

3. Static activities were performed for one minute (sitting, lying,
standing).

4. Household activities were performed (washing dishes, vacuum-
ing, sweeping). Since the wrist sensor was placed on the right
wrist, the subject was told to use the vacuum with the right hand to
capture the signal corresponding to the hand movement. Washing
dishes was performed for two minutes. Vacuuming was performed
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for one minute. Sweeping had to be performed until a pre-defined
parkour was passed.

5. Walking was performed outside. The subjects had to walk on the
university campus from one building to another building (about
250 m).

6. Ascending stairs (until third floor) and descending stairs (back
to main floor) were performed in the building.

7. Walking was performed outside.

8. Running on treadmill (h/p/cosmos quasar, h/p/cosmos &
medical gmbh, Nussdorf-Traunstein, Germany) was performed
indoor. The treadmill speed was set to 8.3 km/h. The activity was
performed for two minutes.

9. Bicycling on an ergometer (sanabike 250 F, MESA Medizintechnik
GmbH, Benediktbeuern, Germany) was performed indoor. Two
different resistance levels (50 W and 100 W) were adjusted. The
subjects were told to perform the bicycling with 70 revolutions per
minute. Bicycling with each resistance level was performed for two
minutes.

10. Rope jumping was performed with five trials and at least five
jumps per trial.

11. Sensor nodes were taken from the dedicated position.

Figure 3.2 illustrates the activities sitting, washing dishes, and sweeping.
A study supervisor accompanied the subjects and labeled the start and
end of each activity via smartphone app.

3.2.2 Study B: Energy Expenditure (EnEx)

The following study was called EnEx (Energy Expenditure) and the cor-
responding data can be found on https://www.activitynet.org. In the
data collection, ten healthy subjects (seven male and three female) par-
ticipated (age 49 ± 12 years, height 178 ± 10 cm, weight 80.7 ± 14.6 kg,
mean ± standard deviation). All subjects gave written informed con-
sent about their participation. Approval from the ethical committee
was received (Re.-No. 181 12B, 24.07.2012, Medical Faculty, Friedrich-
Alexander-Universität, Erlangen-Nürnberg, Germany). The sensor setup,
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A

B
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B

Figure 3.3.: Sensor placement used in EnEx study (adapted from [Schu 14a]).
Left: frontal view of human and sensor position (A: hip mid-axilliary line, B:
exterior side of shoe); right: equipment for sensor mounting.

protocol, and ground truth system were chosen according to the findings
mentioned in section 1.5.2 and are described in the following. Each sub-
ject was equipped with two SHIMMER sensor nodes (Shimmer Research,
Dublin, Ireland) [Burn 10]. Details of the sensor node were already given
in the previous section. The sensor placement is shown in Figure 3.3. The
two sensors were attached to the hip mid-axilliary line and to the exterior
side of a shoe. Attaching a sensor at the hip enabled the measurement
of human body movement near the center of mass, which is often done
in research [Chen 97, Roth 07, Mont 16]. Since only walking activities
were acquired, one sensor was further attached to the lower extremities
motivated by [Godf 08]. The accelerometer range was set to ± 1.5 g for
the sensor node hip and ± 6 g for the sensor node on the shoe. A higher g-
range was chosen for the shoe sensor because of the assumed magnitude
increase from cranial to caudal body parts [Bout 97a]. The gyroscope
range was set to ± 500 ◦/s for the sensor node on the hip and ± 2000 ◦/s
for the sensor node on the shoe for 70 % of the subjects and ± 500 ◦/s
for 30 % of the subjects. The different gyroscope settings resulted from
sensor problems. The reason for the higher gyroscope range on the shoe
was the assumption that for lower extremities higher angular velocities

66



3.2. Data Collection

were expected similar to the accelerometer [Bout 97a]. The sampling
rate was set to 204.8 Hz in order to ensure capturing the frequencies of
human movement up to 20 Hz motivated by [Bout 97a].

The subjects had to perform three speed levels ([3.2, 4.8, 6.4] km/h) on
both a normal and an oscillating treadmill (h/p/cosmos model mercury
med 5.0, Traunstein, Germany). The speed levels were motivated by
[Leen 03, Motl 09]. The reason for using an oscillating treadmill was to
impose different levels of physical activity. An inclination of 0 % was
adjusted. The three walking speed levels were performed for six minutes
each in an ascending order. The order of normal and oscillating treadmill
was randomized by throwing a dice. Between the two trials of walking,
ten minutes of quiet seated rest was performed in order to return to
baseline level of energy expenditure [Leen 03].

In order to collect ground truth data, the oxygen consumption V̇ O2

was collected by breath-by-breath analysis using the Master Screen® CPX
(Viasys Healthcare GmbH, Höchberg, Germany). The expended energy,
expressed in MET was determined using equation 2.3. The sampling rate
was set to 0.2 Hz. The system was calibrated before the data acquisition
according to the manufacturer instructions. The single steps of the
protocol are described below.

1. Subjects got familiar with walking on the treadmill.

2. Subjects were equipped with gas mask over mouth and nose.

3. Sensor nodes were put on a plate, dropped down twice, and, in
between, a sinusoidal movement was performed. This procedure
was needed for offline synchronization.

4. Sensor nodes were placed on dedicated positions (see Figure 3.3).

5. Standing for 1 min.

6. Three speed levels ([3.2, 4.8, 6.4] km/h) were performed for six
minutes each (condition normal or oscillating dependent on ran-
domization decision).

7. Resting period of 10 minutes.

8. Three speed levels ([3.2, 4.8, 6.4] km/h) were performed for six
minutes each (condition normal or oscillating dependent on ran-
domization decision).

9. Sensor nodes were taken from the dedicated position.
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3.3 Hierarchical Classification System

3.3.1 Overview

Algorithms for current HAR systems mainly provided a flat classification
architecture, which applied one multi-class system in order to recognize
various activities [Bao 04]. Two disadvantages could be found. First, a
retraining of the complete system is often necessary, if a new activity or
sensor has to be integrated. Second, the activity prediction is based on
a single decision of one classifier. Hierarchical architectures are often
more suitable to exploit the hierarchical structure of activities [Math 04a].
Nevertheless, current hierarchical solutions are often based on simple
thresholding techniques or a manual design of components of the ARC.
Thus, the adjustment of existing approaches to a new environment, e.g.
new activities or sensors, would be cumbersome and time-consuming.
The purpose of this section is to introduce an algorithm which provides
a hierarchical, multi-sensor based approach for HAR which is flexible
in adding new elements like activities and sensors. The final activity
prediction of the proposed method is further based on multiple decisions
along the path of the hierarchy. The algorithm was originally published
in [Schu 13b] and was modified in this work. The modified parts are
highlighted in the discussion.

This section is structured as follows. First, the hierarchical algorithm
is introduced. Second, the experimental setup is described. Third, the
results of the experiments are presented. Fourth, the results are finally
discussed.

3.3.2 Methods

The proposed HAR system is depicted in Figure 3.4 and was optimized
for the activities available in the DaLiAc database (section 3.2). The
circles indicate the 13 activities (Table 3.1). The ellipses indicate merged
activities ordered in a class hierarchy. The rectangles indicate classifi-
cation subsystems. The name of the each subsystem is the name of the
corresponding merged activity which is further split. The class hierarchy
was motivated by the activity clusters introduced in the ’Compendium of
Physical Activities’ [Ains 93]. The compendium provided the following
clusters for the 13 selected activities:
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Figure 3.4.: Pipeline of hierarchical classification system (adapted from
[Schu 13b]). Architecture is motivated by Figure 1.3b. Circles and ellipses in-
dicate classes of 13 final activities (see Table 3.1) and seven merged activities,
respectively. Rectangles indicate classification subsystems BASE, REST, ACTIVE,
HOUSE, WALK, SPORTS, and BICYCLE.

• Inactivity: sitting, lying, standing

• Home activities: washing dishes, vacuuming, sweeping

• Walking: walking (level), ascending stairs, descending stairs

• Conditioning exercises: bicycling 50 watt/100 watt, rope jumping

• Running: running 8.3 km/h

In total, seven subsystems were defined: BASE, REST, ACTIVE, HOUSE,
WALK, SPORTS, and BICYCLE. In each subsystem, a different classifi-
cation problem was solved. For the BASE subsystem, the rest activities
(sitting, lying, standing) were combined in a first class and the other activ-
ities in the database were combined in a second class. The BASE system
discriminated between these two classes. The early distinction between
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static and dynamic activities was motivated by [Velt 93, Fahr 97, Kara 06]
The REST subsystem discriminated between the single activities sitting,
lying, and standing. This subsystem offered the discrimination of differ-
ent body postures motivated by [Fahr 97]. For the ACTIVE subsystem,
activities were grouped according to their appearance in daily life. The
household activities (washing dishes, vacuuming, sweeping) were com-
bined in a first class, the locomotion activities (walking, ascending stairs,
descending stairs) were combined in a second class, and the sports activ-
ities (running, rope jumping, bicycling with 50 watt and 100 watt) were
combined in a third class. The ACTIVE subsystem discriminated between
these three classes. The HOUSE subsystem discriminated between the
single activities washing dishes, vacuuming, and sweeping. The WALK
subsystem discriminated between the single activities walking, ascend-
ing stairs, and descending stairs. The SPORTS subsystem discriminated
between the single activities running, rope jumping, and the combined
bicycling activities (bicycling with 50 watt and 100 watt). The BICY-
CLE subsystem discriminated between biycling with 50 and 100 watt.
Each of the seven classification subsystems implemented an ARC (Fig-
ure 1.1) consisting of preprocessing, segmentation, feature extraction,
and classification. Details of the previously mentioned steps are given
in the following sections. The single subsystems were optimized based
on the corresponding considered activity set. Unseen sensor data were
consecutively processed by the optimized subsystems in the hierarchy
(Figure 3.4).

Preprocessing

Two preprocessing steps were applied for each of the four sensors sepa-
rately, namely calibration and synchronization. The calibration of the
IMUs was performed according to the manufacturer’s instructions. For
the accelerometer, the sensitivity and offset were computed separately
for each of the three axes. The sensitivity was estimated by determining
the ADC (Analog-to-Digital Converter) values representing ± 1 g and
computing the mean distance of both values. The offset was estimated
by dividing the sensitivity by two. The mapping from ADC values to g
was performed by a linear function considering the two estimated param-
eters. For the gyroscope, the offset was computed separately for each of
the three axes by determining the ADC values representing 0 ◦/s. The
mapping from ADC values to ◦/s was performed by a linear function
considering the offset. In order to synchronize the four sensor nodes, the
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Table 3.2.: Number of available instances per activity.

Activity Number of instances

Sitting 431
Lying 435
Standing 430
Washing dishes 913
Vacuuming 432
Sweeping 715
Walking 2015
Ascending stairs 292
Descending stairs 249
Running on treadmill 886
Bicycling (50 watt) 897
Bicycling (100 watt) 897
Rope jumping 236

first up-down movement of the linear acceleration in vertical direction
was manually selected for all four sensor nodes. The corresponding time
point was defined as common start point. This procedure was motivated
by [Bao 04].

Segmentation

In the segmentation step, the inertial sensor data of the 13 activities were
divided in 5 s windows with 50 % overlap (sliding window method, see
section 2.4). The selection of the window parameters was motivated by
[Bao 04, Ravi 05, Pree 09]. Figure 3.5 shows segmentation examples for
standing, walking, bicycling with 100 watt, and rope jumping.

Feature Extraction and Classification

In each sliding window, features were extracted based on the correspond-
ing sensor data. The feature set listed in Table 2.1 was computed for
each sensor type of each sensor node (accelerometer of hip, gyroscope
of hip, accelerometer of chest, gyroscope of chest, ...). The features of
each sensor source was fused at feature level (section 1.5.1, Figure 1.2b).
In total, 224 features were extracted for each window.
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Figure 3.5.: Segmented sensor data of four selected activities standing (a), walking (b), bicycling with 100 watt (c), and rope
jumping (d). The considered sensor type and sensor position are further given.
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In order to reduce the number of features, the correlation-based feature
selection approach was applied, which is fast, simple, and was successfully
used in [Hall 99b, Chow 18]. The correlation-based feature selection was
described in section 2.4.5. The features were used as input for a classifier,
in order to map a given window to one activity. The investigated classifiers
are mentioned later in this chapter.

3.3.3 Experiments and Evaluation

The proposed hierarchical classification system for HAR was evaluated
on the DaLiAc database (section 3.2.1). The datasets of four subjects
had to be excluded from further processing due to hardware issues. The
number of available instances for each of the 13 activities is listed in Table
3.2. Two experiments were conducted. First, the seven subsystems were
compared. Second, the complete hierarchical classification system was
evaluated. Details about the experiments are given below.

• Experiment 1: Seven subsystems
The performance of the seven subsystems was investigated regard-
ing classifier performance and feature selection. The five classifiers
NB, SVM, k-NN, CART, and RF were applied to the selected fea-
tures. Details about the classifiers can be found in section 2.4.6.
The balanced accuracy was used as performance measure, which
was determined by LOSO-CV (Equation 2.25). The parallelized
version of the SVM was used as described in section 2.4. In the
training phase of the SVM, the available datasets were randomly
split in the first level of the SVM hierarchy in four disjunct subject
partitions. The datasets of each partition were used as input to train
one partial SVM. In each partial SVM, the linear kernel was used
and the corresponding cost parameter C was optimized by grid
search (C ∈ {2N}, N ∈ {−10, ..., 10}). In the grid search, 70 %
of the instances were randomly chosen for training and 30 % for
validation. The number of neighbors k in the k-NN classifier was
optimized by grid search (k ∈ {3, 5, 7}). The number of trees in the
RF classifier was optimized by grid search (ntree ∈ {5, 10, 15, 20}).
The parameter optimization for k-NN and RF was performed in an
inner LOSO-CV.

The results of the correlation-based feature selection were further
investigated. Two quantitative performance measures were se-
lected. First, the number of selected features per subsystem was
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determined regarding the LOSO-CV trials (mean ±standard devi-
ation). Second, the distribution of the selected features regarding
the sensor positions wrist, chest, hip, and shoe as well as the sensor
types accelerometer and gyroscope was computed for each subsys-
tem. Therefor, the selected features of each trial of the LOSO-CV
were grouped according the previously mentioned sensor positions
as well as types and were summed up. In order to determine the
distribution, the corresponding sums were divided by the total
number of selected features.

• Experiment 2: Complete hierarchical classification system
The performance of the complete hierarchical classification system
was investigated regarding confusion matrix, activity-specific sen-
sitivity, and balanced accuracy (section 2.4.8). Therefor, two steps
were performed. First, the classifier, which achieved the highest
balanced accuracy in the first experiment, was selected for each
subsystem. Second, instances were processed by the hierarchical
classification system and the previously mentioned performance
measures were determined. The second step was performed in a
LOSO-CV.

3.3.4 Results

The balanced accuracy values of the classifiers CART, SVM, NB, RF, and
k-NN regarding the subsystems BASE, REST, ACTIVE, HOUSE, WALK,
SPORTS, and BICYCLE are comprised in Table 3.3. RF was determined as
best classifier for the BASE subsystem with a balanced accuracy of 97.3 %.
k-NN was determined as best classifier for the subsystems REST, ACTIVE,
HOUSE, and WALK with balanced accuracy values above 91.9 %. SVM
and NB achieved the best performance for the SPORTS subsystem. NB
achieved the best balanced accuracy of 58.5 % for the BICYCLE subsystem.
Table 3.4 comprises the number of selected features after the correlation-
based features selection. Mean and standard deviation are given for each
subsystem. The feature selection routine determined in average 2.8 to
39.2 features depending on the subsystem. In Figure 3.6, the distribution
of the selected features regarding sensor positions and types is depicted.

Figure 3.7 depicts mean and standard deviation of the sensitivities for
all 13 activities. The confusion matrix of the hierarchical system is shown
in Table 3.5. The proposed system achieved an overall balanced accuracy
of 89.1 %.
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Table 3.3.: Balanced accuracy [%] of CART, SVM, NB, RF, and k-NN 
regarding subsystems BASE, REST, ACTIVE, HOUSE, WALK, SPORTS, and 
BICYCLE. The best classifier per subsystem is marked in bold.

CART SVM NB RF kNN

BASE 96.6 91.0 94.8 97.3 97.2
REST 93.7 95.6 96.4 96.6 96.7
ACTIVE 98.1 98.6 97.6 99.2 99.7
HOUSE 84.9 89.8 90.2 91.3 91.9
WALK 96.4 99.4 98.5 99.2 99.5
SPORTS 96.3 98.5 98.5 96.3 97.7
BICYCLE 50.6 51.3 58.5 55.8 55.2

Table 3.4.: Number of selected features for each subsystem after correlation-
based feature selection [mean ± standard deviation].

Subsystem Number of selected features

BASE 16.1 ± 3.0
REST 18.4 ± 3.4
ACTIVE 18.6 ± 2.8
HOUSE 39.2 ± 4.5
WALK 26.2 ± 3.6
SPORTS a2.8 ± 1.0
BICYCLE 37.1 ± 3.5
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Table 3.5.: Confusion matrix of hierarchical HAR system. Each entry represents the number of classified instances. Columns
indicate actual class. Rows indicate predicted class. Abbreviations of the 13 activities are given in Table 3.1.

SI LY ST WD VC SW WK AS DS RU BC50 BC100 RJ

SI 396 0 12 1 0 0 0 0 0 0 0 0 0
LY 0 435 0 0 0 0 0 0 0 0 0 0 0
ST 7 0 389 66 2 3 0 0 0 0 0 0 0
WD 23 0 25 844 5 5 0 0 0 0 0 0 0
VC 2 0 4 0 378 84 9 2 0 0 0 0 0
SW 3 0 0 2 47 618 1 5 0 0 0 0 0
WK 0 0 0 0 0 0 1998 0 2 0 0 0 0
AS 0 0 0 0 0 1 4 285 0 0 0 0 0
DS 0 0 0 0 0 4 3 0 247 0 0 0 0
RU 0 0 0 0 0 0 0 0 0 880 0 6 16
BC50 0 0 0 0 0 0 0 0 0 0 574 425 0
BC100 0 0 0 0 0 0 0 0 0 0 323 466 0
RJ 0 0 0 0 0 0 0 0 0 6 0 0 220
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Figure 3.6.: Distribution [%] of selected features after correlation-based feature
selection for the subsystems BASE, REST, ACTIVE, HOUSE, WALK, SPORTS,
and BICYCLE. Distributions are grouped according to sensor positions (a) and
type (b).
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Figure 3.7.: Sensitivities of 13 activities. Mean and standard deviation are de-
picted. Abbreviations of 13 activities are given in Table 3.1.

3.3.5 Discussion

In this work, a hierarchical classification algorithm for HAR was devel-
oped, implemented, and evaluated. The achieved results are discussed
in this section. The discussion is structured as follows. First, the modi-
fications of the originally proposed method published in [Schu 13b] are
described and motivated. Second, the performance of the seven sub-
systems are compared (experiment 1). Third, the performance of the
whole hierarchical system is argued (experiment 2). Fourth, the proposed
approach is compared to state-of-the-art approaches in literature. Fifth,
examples for future work are provided.

Modifications Compared to Original Publication

Modifications of the proposed hierarchical, multi-sensor based HAR
system were made compared to the original publication [Schu 13b]. All in
all, the modifications slightly decreased the performance of the algorithm
from 89.6 % to 89.1 %.

The depth of the hierarchy was increased from two to four which
also increased the number of subsystems from five to seven. The activity
groups were changed such that they better reflect the different domains in
daily life, e.g. household or sports. Compared to [Schu 13b], the accuracy
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of the subsystems BASE, REST, and BICYCLE decreased by 0.6 %, 0.7 %,
and 3.1 %, respectively. Although a slightly worse performance of the
BASE and REST subsystems was observed, the proposed hierarchical
architecture in this thesis allowed a better flexibility in terms of adding or
removing activities to or from a certain domain. In addition, the accuracy
of the HOUSE and WALK subsystems increased by 2.0 % and 1.8 %,
respectively. Since identifying various household and walking activities
might be more important for a human’s activity profile than identifying
e.g. bicycling activities, the version presented in this thesis can be seen
as an improvement compared to [Schu 13b].

The configuration of the considered feature set was further modified.
In [Schu 13b], the same feature set was used for all subsystems except
REST. In this thesis, the number of features was increased from 152 to
224 and a correlation-based feature selection routine was applied in
order to provide a subsystem-specific feature set. Instead of using expert
features for the REST subsystem, as proposed in [Schu 13b], the same
feature extraction and selection scheme was performed as for the other
subsystems. The motivation was to reduce the burden of selecting expert
features for one specific subsystem.

Performance of Subsystems

According to Table 3.3, a balanced accuracy of above 91.9 % could be
achieved for all subsystems except for BICYCLE. This shows the general
applicability of most subsystems to recognize a subset of activities. Since
no single classifier outperformed the others, evaluating a set of classifiers
and choosing the best one are mandatory. Using the same classifier
for all subsystems might lower the overall performance of the system.
Nevertheless, the low performance of the BICYCLE subsystem indicates
that linear acceleration and angular velocity do not provide sufficient
information to distinguish between different levels of bicycling. In order
to further improve the system, additional sensors could be used, which
measure e.g. heart rate. The architecture of the proposed hierarchical
system allows to only change the BICYCLE subsystem without affecting
the trained model of the remaining subsystems. It is assumed that the
correlation-based feature selection routine would select features based
on the integrated heart rate sensor.

Table 3.4 shows that the number of selected features differed regarding
the subsystems. This might indicate the different complexities of the indi-
vidual classification tasks. It seemed to be easier to distinguish between
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the three different merged activities in the SPORTS subsystem than to
classify the three different household activities in the HOUSE subsys-
tem. All in all, the feature selection routine could reduce the number
of originally available features by at least 83 %. If the proposed activity
recognition system is implemented on an embedded device, the number
of features should further be reduced in order to lower the computa-
tional complexity. This could be reached by applying additional wrapper
methods, which further includes the performance of the classifier in the
feature selection process [Theo 09].

An advantage of applying the feature selection technique in the dif-
ferent subsystems is depicted in Figure 3.6. The results of the feature
selection give an indication about the importance of the available sensor
positions and types for the different activity sets. For the BASE subsystem,
53.8 % of the features were selected based on sensor data of the chest
sensor (Figure 3.6a). In applications, which are only interested in the
activity level and require a minimal number of sensors, a sensor near the
chest might be sufficient. Applications, which are only interested in the
posture, the REST system could be applied with a sensor on the hip, since
about 42.1 % of the features were selected from sensor data acquired on
the hip. Figure 3.6b indicates that for recognizing resting activities or
the distinction of the three activity groups in the ACTIVE subsystem,
the accelerometer sensor might be sufficient. For more complex classifi-
cation problems, e.g. the distinction of the household activities, both
sensor types are necessary. Information about the importance of sensor
positions and types supports future HAR system engineers in the design
process.

Performance of Whole Hierarchical System

The evaluation of the whole hierarchical system showed an overall ac-
ceptable performance of the system with a balanced accuracy of 89.1 %.
Nevertheless, mean and standard deviation of the activity-specific sen-
sitivities differed (Figure 3.7). Walking, stairs climbing, and running
achieved standard deviations below 9 %. Thus, the proposed system can
deal with the variability of different walking styles. In contrast, the higher
standard deviations of washing dishes (22.5 %), vacuuming (16.1 %), and
sweeping (13.5 %) across subjects showed that these activities were per-
formed by the subjects in a different manner. Future work could integrate
a subject-specific adaptation of the system as proposed by [Alle 06]. The
advantage of the proposed hierarchical classification system is that such
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a subject-specific adaptation is only needed for certain subsystems, e.g.
the HOUSE subsystem. Other subsystems like the WALK subsystem
remain unchanged and does not require an adjustment.

The confusion matrix (Table 3.5) depicts the misclassification of vacu-
uming and sweeping, which might come from the similar execution of
both activities. They include similar arm movements and a rather low
intensity of the lower extremities. An additional reason of the misclassi-
fication might be the size of the window. The selected features usually
describes the content of the whole window instead of certain parts inside
the window. In this case, a smaller window size might be necessary, in
order to only capture relevant sections of the performed activity. The
hierarchical approach with individual subsystems enable the usage of
different window sizes per subsystem. Future work could also investigate
energy-based segmentation methods, which aim at detecting one vacuum
cycle (section 2.4). The already mentioned problem of distinguishing
the two resistance levels in bicycling can be also seen in Table 3.5. One
disadvantage of the hierarchical structure of the algorithm can be seen
in the misclassification of standing and washing dishes, which might be
not intuitive at first glance. Nevertheless, the early separation of both
activities in the BASE system might be one reason. Most selected features
of the BASE subsystem were based on sensor data from the chest sensor
(Figure 3.6a). If the upper body movement of the subjects during washing
dishes was quite low, the sensor data of some segmented 5 s windows
might look quite similar to standing. In order to reduce the number of
misclassifications, a majority voting of the results of subsequent windows
could be performed to eliminate short-term noise.

Comparison to Literature

The literature review in section 1.5.1 showed that mainly accelerometer
sensors were used for HAR and the integration of the gyroscope is rather
new [Amin 04, Dobk 11]. The importance of the gyroscope was shown
in the proposed approach for the BASE, HOUSE, and WALK subsystem
(Figure 3.6b). The advantage of the gyroscope in the WALK subsystem
coincides with the findings in gait analysis research [Amin 02, McGr 12].

Most approaches in literature applied a flat classification system such
as [Mant 01, Park 06, Bao 04]. Integrating a new activity or a new sensor
type would require a complete retraining of the whole classification sys-
tem. The proposed hierarchical classification algorithm enables a flexible
integration of new activities and sensor types without affecting already
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trained classifiers. If ’working on a PC’, ’preparing meal’, or ’bicycling
with 100 revolutions per minute’ should be included, only the single sub-
systems REST, HOUSE, and BICYCLE should be re-trained, respectively.
If the distinction between bicycling with 50 watt and 100 watt should
be increased by using an additional heart rate sensor, only the BICYCLE
subsystem has to be re-trained.

Algorithms listed in Table 1.2 mainly applied feature level fusion to
combine the information of various sensor sources [Mant 01, Park 06,
Liu 12]. The proposed algorithm for HAR can be seen as a combination
of feature level and decision level fusion. Features of different sensor
sources were merged and used as input for a certain classifier in each
parent node (Figure 3.4). The subsequent classification routines along
the path of the hierarchy can be seen as an additional decision level
fusion.

In [Math 04a, Zhen 15], the concept of a hierarchical framework for
activity recognition, which was independent regarding the activity set,
was also considered. The authors in [Math 04a] applied a binary decision
tree. In [Zhen 15], only one accelerometer was used and a fixed activity
estimator was implemented in each level of the hierarchy. The proposed
hierarchical approach, which was developed in this thesis consisted of
a more generic and flexible architecture providing more than a binary
split and diverse activity estimators in each level considering multiple
sensors.

The achieved balanced accuracy of most subsystems was higher than
the achieved performance in [Van 00, Rogg 13, Park 06, Bao 04, Ravi 05]
(Table 1.2). The reason might be that grouping activities in certain levels
of the hierarchy resulted in a reduction of the number of target activities.
The lower number of classes might reduce the complexity of the classi-
fication problem. Nevertheless, it has to be mentioned that e.g. in the
case of the merged household activities, vacuuming and sweeping might
be quite similar in terms of feature distribution. Thus, the variability of
features is quite low. Classifiers might benefit from this low variability. If
an additional household activity with a different feature distribution is
included, e.g. preparing a meal, the higher variability among the features
of the household activities might negatively affect the performance of
the proposed system. An additional advantage of the proposed algorithm
is that a subsystem-specific window size could be chosen according to
the desired activities. Currently available approaches in literature mainly
used a fixed window size, sometimes optimized by grid search. This
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Figure 3.8.: Scatter plot of two most selected features for SPORTS subsystem.
Sensor position, sensor type, and corresponding axis or plane are given for each
feature.

might result in a low performance for certain systems. With the pro-
posed architecture, the task of window size selection might be easier.
The current proposed algorithm can further be combined with existing
adaptive, active, self-, and co-learning methods to further increase the
performance.

A detailed comparison of the hierarchical classification to state-of-the-
art techniques regarding the achieved accuracy values is performed in
section 3.5.

FutureWork

Investigating the individual selected features per subsystem further
enables suitable extensions of the proposed HAR system. An exam-
ple is given for the SPORTS subsystem. Figure 3.8 shows the scatter
plot of the two most selected features. Besides the visible discrimina-
tory power, the selected features could be used to provide users with
additional information about the activity execution.
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Figure 3.9.: Additional hierarchical classification approaches including local classifier per node (a), local classifier per level (b),
and global classifier (c) (adapted from [Sill 11]). Circles and rectangles denote classes and classification systems, respectively.
R denotes root node. Leaf nodes 1.1, 1.2, 2.1.1, 2.1.2, 2.2.1, and 2.2.2 represent final desired classes.
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3.4. Decision Level Fusion

The following example is based on the 90th percentile of the linear
acceleration amplitudes in the vertical axis acquired on the chest. The
lowest feature values were observed for bicycling instances ranging from
about - 1 g to - 0.5 g. For bicycling, this feature gives an indication of the
posture of the upper body during bicycling. An example of an instance
from the left border of the mentioned range can be seen in Figure 3.5c.
This subject performed the activity in an upright position of the upper
body. The lower the absolute amplitude of the feature, the more the
subject leans forwards or backwards. An extension of the proposed HAR
system in the future could include a posture estimation of subjects during
bicycling, who are provided with feedback about the actual posture and
necessary posture changes. According to Figure 3.8, the values of the
90th percentile of rope jumping instances are the highest. The meaning
of the feature in case of rope jumping can be shown in Figure 3.5d. Since
the vertical axis points to the ground, the local minima of the vertical
acceleration indicate a jump in the air. The 90th percentile of vertical
acceleration might therefore be used to estimate the power of jumps.

In this thesis, one classifier was trained for each parent node (Fig-
ure 1.3b). Future researchers should further investigate other approaches
for hierarchical classification, which were mentioned in [Sill 11] and
shown in Figure 3.9. One classification system could be trained for
each node (Figure 3.9a) or for each level (Figure 3.9b). Each single classi-
fication system should implement an ARC. The implementation of the
same components, which were used in this thesis, might be a suitable
starting point for further investigations. In addition, one global classifier
could be investigated that learns a global classification model about the
complete class hierarchy (Figure 3.9c).

3.4 Decision Level Fusion

3.4.1 Overview

Fusing multiple sensors for HAR showed an overall performance improve-
ment [Liu 12]. Most of the algorithms presented in section 1.5.1 applied
feature level fusion, which induces various problems. First, changing the
number of sensors in HAR systems results in retraining of the whole sys-
tem [Bano 13]. Second, the performance of activity recognition systems
during runtime is affected by degradation, interconnection failures, and
jitter in sensor placement and orientation of single sensors [Zapp 07].
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Third, a high number of sensors often results in an increased compu-
tational complexity in certain steps of the machine learning pipeline
before the actual classification [Bano 13]. Compared to feature level
fusion, decision level fusion facilitates an extensible and scalable HAR
system, avoids the need of retraining under different number of used
sensors, is often robust against sensor problems during runtime, and
reduces the computational complexity at lower levels of the machine
learning pipeline [Zapp 07, Zoub 09, Bano 13]. Nevertheless, research
about decision level fusion for the recognition of daily activities is rather
limited [Zapp 07, Bano 13, Chow 18]. Thus, the purpose of this section is
to introduce a decision level fusion approach for HAR. The algorithm
was evaluated on the DaLiAc dataset including sensors on hip, chest,
wrist, and shoe (section 3.2.1). The algorithm was originally published
in [Schu 13a] and was modified in this work. The modified parts are
highlighted in the discussion.

This section is structured as follows. First, the applied machine learn-
ing techniques are introduced. Second, the conducted experiments are
explained. Third, the results of the experiments are presented. The
section concludes with a discussion of the results.

3.4.2 Methods

The proposed HAR system is depicted in Figure 3.10 and consisted of five
steps. Four steps were performed for each of the four sensors separately
including preprocessing, segmentation, feature extraction, and classifi-
cation. The fifth step was to combine the information of the individual
sensors at decision level. In the following paragraphs, the five steps are
explained in more detail.

The preprocessing and segmentation step were the same as described
in section 3.3 : calibration, synchronization, segmenting 5 s windows
with 50 % overlap. Based on the sensor data in each segmented window,
56 generic features were computed. The list of features is given in Table 2.1.
In order to reduce the number of features, the correlation-based feature
selection approach was applied. The features were used as input for a
classifier, in order to map a given window to one of the 13 activities.

The decisions of the four sensor nodes were finally fused by majority
voting [Kitt 98, Mang 10]. The class with the highest number of votes was
chosen. In the case of an equal distribution of the predicted classes, the
highest rank method was applied [Ho 94]. The predictions were ranked
according to a certain criterion and the predicted class with highest rank
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Figure 3.10.: Pipeline of decision level fusion (adapted from [Schu 13a]). Tech-
nique was applied to DaLiAc dataset (section 3.2.1).

was chosen as final prediction. In this work, the achieved sensor-specific
sensitivity of the predicted activities was used as rank criterion.

3.4.3 Experiments and Evaluation

The proposed HAR system was evaluated on the DaLiAc database (sec-
tion 3.2.1). The datasets of four subjects had to be excluded from further
processing due to hardware issues. The number of available instances
for each of the 13 activities is listed in Table 3.2. Two experiments were
conducted.

• Experiment 1: Individual sensor nodes
The goal was to compare the performance of the classification sys-
tems for each of the four sensors separately. The five classifiers NB,
SVM, k-NN, CART, and RF were applied to the selected features.
The balanced accuracy (section 2.4.8) was used as performance mea-
sure, which was determined by LOSO-CV. As shown in Table 3.2,
the number of instances varied among activities. The number of
walking instances was about twice as high as e.g. the number of in-
stances of washing dishes. In order to address this class imbalance
for walking, a random-undersampling of factor two was performed
in each LOSO-CV trial and for each subject separately [He 09].
Further class imbalances were tackled by applying SMOTE filtering
in each LOSO-CV trial [Chaw 02]. The linear kernel was used in
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the SVM classifier and the corresponding cost parameter C was
optimized by grid search (C ∈ {2N}, N ∈ {−10, ..., 10}). In order
to reduce the training time, the parallelized version of the SVM
was applied (see section 2.4). The number of neighbors k in the
k-NN classifier was optimized by grid search (k ∈ {3, 5, 7}). The
number of trees in the RF classifier was optimized by grid search
(ntree ∈ {5, 10, 15, 20}). The parameter optimization of the clas-
sifiers was performed in an inner LOSO-CV. The performance of
the single classification systems was further investigated regarding
the 13 activities. The best classifier of each single sensor position
was selected and the sensitivity was used as performance measure
(section 2.4.8).

• Experiment 2: Decision level fusion
The fusion of the four sensor nodes at decision level was studied.
All possible combinations of two, three, and four sensors were com-
pared regarding their balanced accuracy. For simplicity, the best
classifier for each individual sensor position which was determined
in the previous experiment was used in the fusion process.

3.4.4 Results

Table 3.6 depicts the balanced accuracy of the five classifiers CART, NB,
k-NN, RF, and SVM regarding the individual sensor positions wrist, chest,
hip, and shoe. The best balanced accuracy of 80.0 % was achieved by the
chest sensor. In Table 3.7, the sensitivities of the 13 activities regarding the
four sensor positions are given. Figure 3.11 shows the balanced accuracy
for all possible sensor configurations. The best balanced accuracy of
85.7 % was achieved by using all four sensor positions.

Table 3.6.: Balanced accuracy [%] of CART, NB, k-NN, RF, and SVM regarding
the four sensor positions wrist, chest, hip, and shoe. The best classifier per sensor
position is marked in bold.

CART NB kNN RF SVM

Wrist 72.4 68.6 74.2 79.0 73.5
Chest 72.0 75.4 78.8 80.0 77.2
Hip 71.8 73.2 75.0 77.9 72.1
Shoe 69.7 70.6 71.4 75.9 71.1
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3.4. Decision Level Fusion

Figure 3.11.: Results of decision level fusion: balanced accuracy [%] regarding
all possible sensor configurations. Mean ± standard deviation is given. WR, CH,
HP, SH denote wrist, chest, hip, and shoe, respectively.

3.4.5 Discussion

A decision level fusion technique for HAR was developed, implemented,
and evaluated in this work. The achieved results are discussed in this
section. The discussion is structured as follows. First, the modifications
of the originally proposed method published in [Schu 13a] are described
and motivated. Second, the performance of the single sensors is com-
pared (experiment 1). Third, the results of the decision level fusion are
discussed (experiment 2). Fourth, the proposed approach is compared
to state-of-the-art approaches in literature. Fifth, examples for future
work are provided.

Modifications Compared to Original Publication

In order to evaluate the decision level fusion on a larger set of activities,
the number of considered activities was increased from seven to 13. In-
stead of using the same set of features for all sensor-specific systems, a
larger set of features was chosen in this thesis (Table 2.1) followed by
a correlation-based feature selection. The aim was to provide features
which are optimal for each sensor position. The proposed algorithm

89
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Table 3.7.: Sensitivity [%] of 13 activities regarding the four sensor positions wrist,
chest, hip, and shoe. The best classifier for each sensor position was chosen. The
highest achieved sensitivity across the sensor positions is marked in bold.

Wrist Chest Hip Shoe

Sitting 84.5 78.0 92.3 69.9
Lying 90.0 89.5 89.5 100.0
Standing 79.5 85.5 75.2 44.5
Washing dishes 90.7 83.8 82.3 63.0
Vacuuming 68.3 67.2 55.1 58.7
Sweeping 72.1 83.0 73.8 70.8
Walking outside 85.3 92.1 94.7 96.5
Ascending stairs 81.4 89.0 86.9 92.0
Descending stairs 80.0 87.5 84.6 87.9
Treadmill running 100.0 96.9 92.5 99.6
Bicycling (50 watt) 48.2 48.5 47.9 48.7
Bicycling (100 watt) 47.2 38.5 41.3 59.3
Rope jumping 99.1 100.0 96.4 95.7

further included techniques for class balancing and the described method
for the equality problem in the majority voting step.

All in all, the accuracy decreased by 8.2 % compared to [Schu 13a].
The performance of the single systems for wrist, chest, hip, and shoe
decreased by 1.7 %, 9.6 %, 13.4 %, and 15.2 %, respectively. The reason
for the worse performance might be the added activities. Vacuuming
might be misclassified as washing dishes or sweeping which resulted in
a low sensitivity for vacuuming (Table 3.7). The low sensitivity values
for bicycling further reduced the overall accuracy. Nevertheless, in both
versions of the algorithm, a performance improvement of 5.7 % was
achieved by fusing all four systems compared to the best single system.

Individual Sensor Positions

The system of the chest achieved the highest balanced accuracy of 80.0 %
(Table 3.6). One reason might be the proximity to the center of mass of
the human body. Nevertheless, the hip position was usually preferred
in literature [Bout 97a, Clel 13]. The lower balanced accuracy of the hip
sensor might be explained by the sensor attachment. The sensor on the
chest was integrated in a shirt which ensured tight fit (Figure 3.1). The
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tight fit might result in a more consistent signal characteristic over the
subjects than in the case of the hip sensor. The hip sensor was attached
to the trouser of the subject by a clip, which might enable the inclusion of
noise vibrations caused by trouser movement. According to Figure 3.11,
the mentioned noise vibrations seemed to be subject-dependent due to
the high standard deviation of 10.9 % across the subjects considering the
hip sensor. In order to reduce the noise vibrations, the position of the
sensor could be moved e.g. to the sacrum [Pree 09] or clipped to a belt at
the level of umbilicus [Liu 12].

Table 3.7 shows that the sensitivities of the 13 activities vary across the
four sensor positions. Thus, each sensor position can only be used to
recognize a subset of the original activity set. This also coincides with the
findings in [Chow 18]. The wrist sensor of the proposed system achieved
the best performance for washing dishes and vacuuming. The reason
might be that the activities mainly include movements of the upper
extremities. The shoe sensor system achieved the best performance for
walking, ascending stairs, and descending stairs, which mainly include
movements of the lower extremities.

Decision Level Fusion

Using two sensors only partially increased the balanced accuracy e.g. in
the case of wrist/shoe combination compared to only using shoe sensor
(80.1 % vs 75.8 %, Figure 3.11). The authors in [Bano 13] mentioned that
fusion approaches drop on the performance considering a small sensor
network. This behavior was also partially seen in this work. Adding the
decision of the hip sensor to the decision of the chest sensor decreased the
mean balanced accuracy from 79.9 % to 79.2 % and increased the standard
deviation of the balanced accuracy from 6.7 % to 8.3 %. The reason
might be the presence of an equal distribution of class predictions in the
majority voting which results in using the proposed highest rank method.
In future work, different fusion techniques should be investigated e.g.
weighted majority voting, class-conscious or class-indifferent methods
[Mang 10].

Nevertheless, averaging all three-sensor configurations resulted in
a mean balanced accuracy of 83.8 %. The improvement of about 4 %
compared to the best two-sensor configuration could be explained by
the number of sensors. According to [Mang 10], majority voting is an
optimal combination rule with an odd number of classifiers.
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Considering the decisions of all four sensor systems in the fusion
process achieved the highest mean balanced accuracy of 85.7 % with the
lowest standard deviation of 4.1 % across all combinations. Thus, fusing
various sensors at decision level seemed to reduce subject variability.

One major advantage of the proposed system is that no retraining is
needed, if sensors are added or removed. A new sensor, e.g. on the shank,
can be trained separately without affecting the already existing sensors.
The decision of the shank sensor can be included in the final majority
voting step.

Comparison to Literature

In [Bano 13], the best accuracy for a single sensor position was achieved
by the wrist position (above 95 %). In this thesis, the system of the wrist
sensor achieved the second best accuracy (78.8 %). Two reasons were
found for the worse performance of the proposed method. First, the two
methods applied different cross-validation settings. In [Bano 13], a 10-fold
cross-validation was performed. Thus, data of one subject was available
in the training and testing phase of the system, which might lead to a
performance increasement. Nevertheless, LOSO-CV was applied in this
thesis, which might ensure a better investigation of the generalization
capabilities of the developed system. Second, both methods were applied
on different activities. In [Bano 13], only nine activities were classified.
Ascending as well as descending stairs were further merged to one class
and no distinction between different bicycling levels was made. The
combination of these classes might have a positive effect on the system
performance.

The authors in [Chow 18] applied similar techniques for preprocessing,
feature extraction, feature selection, and classification for the sensor-
specific systems compared to the proposed algorithm in this thesis. In
[Chow 18], eight activities were classified. Both methods integrated prior
knowledge of the performance of the systems in the decision level fusion
step. In [Chow 18], a score for each activity was computed including
class-based weights, which were determined in the training phase. These
weights were adapted by the posterior probabilities of the classifiers in
the testing phase. The proposed approach in this thesis applied majority
voting in the first step and only used prior knowledge about the training
performance in case of an equal distribution of predicted classes. The
algorithm described in [Chow 18] achieved a mean F1-score of 92.3 %
using the PAMAP2 dataset including sensors at ankle, chest, and wrist
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(Table 1.1). The proposed method in this thesis achieved a mean F1-
score of 82.5 % using a comparable sensor set (wrist, chest, shoe). The
better performance in [Chow 18] might show the advantage of using the
posterior probability as weighting factors in the decision level fusion.
Nevertheless, not all classifiers provide posterior probabilities. Thus, the
method descibed in [Chow 18] is restricted in the type of classifiers. The
proposed algorithm in this thesis, which is based on majority voting is
not dependent on the posterior probabilities and can therefore be used
for all classifiers.

FutureWork

The achieved balanced accuracy of 85.7 % showed the general applicabil-
ity of the proposed method for decision level fusion. Nevertheless, the
approach was only tested with four sensor positions and only considering
IMU sensors. In future, additional sensor positions have to be integrated
in the pipeline shown in Figure 3.10. Future applications might provide
a huge amount of unobtrusive sensors attached to the human’s body or
integrated in smart homes. Considering a large set of sensors, algorithms
might be mandatory to select sensors, which negatively influence the
overall performance of the system, e.g. because of sensor degradation.
The proposed highest rank method could be one starting point for sensor
degradation detection. Regular sensitivity analysis of the single sensors
might observe lower values after a specific time frame, which indicates
problems in certain sensors.

3.5 Comparison of Algorithms Using a
Common Evaluation Framework

3.5.1 Overview

The identification of the best HAR algorithm for a specific application
is challenging. Research papers often compared novel algorithms to
existing ones based on the final achieved performance. Nevertheless, the
explanatory power of this kind of comparison was limited, since different
databases and evaluation strategies were applied. A fair comparison of
HAR systems requires a common framework for evaluation, e.g. by ap-
plying the same set of experiments with the same performance measures
to the desired algorithms. Thus, the purpose of this section is to compare
various available HAR algorithms in one common evaluation framework
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using the same benchmark dataset. This procedure was originally pub-
lished in [Schu 13b] and was modified in this work. The modified parts
are highlighted in the discussion.

This section is structured as follows. First, the methods for a common
evaluation framework are introduced. Second, the performed experi-
ments are described. Third, the results of the experiments are given. The
section concludes with the discussion of the results and findings.

3.5.2 Methods

The common evaluation framework for comparing various HAR algo-
rithms is shown in Figure 3.12 and consisted of four major steps: selection
of benchmark dataset, data preparation, execution of re-implemented
ARC (Figure 1.1), and definition of experiments and evaluation. In the fol-
lowing paragraphs, the application of the proposed framework is shown
by means of an example. The two previously proposed algorithms for
HAR (section 3.3 and 3.4) were compared to the five state-of-the-art
approaches [Bao 04, Ravi 05, Park 06, Pree 09, Liu 12].

Selection of Benchmark Dataset

The first step was the selection of an appropriate benchmark dataset. The
study design, with which the benchmark dataset was collected, should
have intersections with the dataset originally used for evaluation. In this
work, the DaLiAc dataset was used for benchmarking the two proposed
algorithms for HAR (section 3.3 and 3.4) and the five state-of-the-art
approaches [Bao 04, Ravi 05, Park 06, Pree 09, Liu 12]. DaLiAc contained
comparable sensor types, sensor placement, and performed activities
(section 3.2.1).

Data Preparation

Two data preparation steps were required. First, the appropriate sensors
had to be selected from the DaLiAc database. Only comparable sensor
positions and types, which were found in the original papers, were used.
Other sensor positions and types were disregarded. The sensor positions
from the original papers [Bao 04, Ravi 05, Park 06, Pree 09, Liu 12] and
the used positions from the DaLiac database are given in Table 3.8. Since
the five state-of-the-art approaches only used accelerometer sensors, the
gyroscope signals were not considered as input data for these algorithms.
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Sensor selection

DaLiAc

Sampling rate adjustment

Data preparation

Segmentation

Feature extraction

Execution of re-implemented Activity Recognition Chain

Classification

Selection of benchmark dataset

Experiments and evaluation

Sensitivity Accuracy LOSO-CV

Figure 3.12.: Comparison of algorithms using a common evaluation framework.
Framework consists of the selection of a benchmark dataset such as DaLiAc, data
preparation, execution of re-implemented ARC, and the definition of experi-
ments and evaluation. Performance measures in the evaluation could include
e.g. sensitivity and accuracy determined by LOSO-CV.

Second, the sensor data of the DaLiAc database were re-sampled consid-
ering the sampling rates proposed in the original papers (Table3.8).

Re-Implementation of Activity Recognition Chain

The five implementations of the ARC [Bao 04, Ravi 05, Park 06, Pree 09,
Liu 12] were chosen for three reasons. First, these techniques achieved
a high citation rate and thus had a sufficient research impact. Second,
their study setup had intersections with the proposed benchmark
dataset. Third, various applied machine learning techniques were similar
compared to the two proposed algorithms (section 3.3 and 3.4), which
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Table 3.8.: Re-implemented ARCs. Details regarding original sensor position,
used sensor position from DaLiAc, and sampling rate are given.

Position
(Original)

Position
(DaLiAc)

Sampling
Rate

Reference

Right hip
Right wrist

Left arm
Right ankle
Left thigh

Right hip
Right wrist

Left shoe

76.25 Hz [Bao 04]

Pelvic Right hip 50 Hz [Ravi 05]

Chest
Wrist

(dominant)

Chest
Right wrist

Chest: 200 Hz
Wrist: 40 Hz

[Park 06]

Waist
Thigh
Ankle

Right hip

Left shoe

64 Hz [Pree 09]

Hip
(dominant)

Wrist
(dominant)

Right hip
Right wrist

30 Hz [Liu 12]

simplified the re-implementation, since parts of algorithms could be
shared. Each of the five state-of-the-art approaches was re-implemented
based on the description found in the original paper. Re-implementation
of the algorithms only considered the suggested final feature set and
the classifier which achieved the best performance. Details about the
re-implemented algorithms are described in the following paragraphs.

The authors in [Bao 04] considered two-axial accelerometer data as
input. Since the orientation of the two axes were not provided, all three
available axes from the DaLiAc dataset were used. An epoch size of 6.7 s
with 50% overlap was used in the segmentation step. Three features were
computed for each axes of the segmented sensor data: mean, energy, en-
tropy. The mean was computed in the time domain. Energy and entropy
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were computed in the frequency domain. In addition, the correlation
between each pair of axes across the sensor positions was computed by
applying the dot product normalized by the window length. In total,
63 features were computed. The features were used as input for a C4.5
decision tree classifier.

In [Ravi 05], an epoch size of 5.12 s with 50 % overlap was used in the
segmentation step. Three features were computed for each accelerometer
axis: mean, standard deviation, energy. Mean and standard deviation
were computed in the time domain. Energy was computed in the fre-
quency domain. In addition, the correlation between each pair of axes
was computed as ratio of covariance and product of standard deviations.
In total, twelve features were extracted. The features were used as input
for the following classifiers: decision tables, C4.5 decision trees, k-NN,
SVM, and NB. The final prediction was determined by plurality voting.

In [Park 06], 1-s segments were used and six features were selected
based on visual analysis of the feature distribution: peak frequency of
vertical acceleration of chest sensor, median of vertical acceleration of
chest sensor, peak power of vertical acceleration of chest sensor, variance
of anteroposterior acceleration of chest sensor, sum of variances of 3-
D wrist accelerations, power ratio of frequency bands 1 - 1.5 Hz and
0.2 -5 Hz measured from mediolateral axis of magnetometer. Since
the DaLiAc database only contained accelerometer and gyroscope data,
the magnetometer feature was not considered. In total, 5 features were
computed. The features were used as input for a CART classifier. Median
filtering was further applied to the classifier decisions of subsequent
segments in order to remove short-duration misclassifications. A filter
width of 31 s was applied.

The authors in [Pree 09] applied 2-s windows with 50 % overlap in the
segmentation step. The magnitudes of the first five components of the
Fast Fourier Transform were extracted as features. In total, 30 features
were computed. A k-NN classifier was used to predict the activities.

In [Liu 12], the sensor data were segmented in 30-s windows. Time
domain and frequency domain features were defined as follows:

• Time domain:
Mean, standard deviation, 10th/25th/50th/75th/90th percentiles

• Frequency domain:
Energy, entropy
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The features based on the hip accelerometer included 25th percentile,
standard deviation, and spectral entropy of vertical axis, spectral energy of
mediolateral axis, and 90th percentile as well as standard deviation of an-
teroposterior axis. The features based on the wrist sensor included mean,
standard deviation, 25th/50th/75th/90th percentiles and all frequency
domain features of the vertical axis, all time and frequency domain fea-
tures of the anteroposterior axis, and all time domain features as well
as spectral energy of the mediolateral axis. In total, 31 features were
computed and were used as input for a SVM.

3.5.3 Experiments and Evaluation

The two proposed algorithms described in section 3.3 and 3.4 were com-
pared to the five, re-implemented state-of-the-art algorithms [Bao 04,
Ravi 05, Park 06, Pree 09, Liu 12]. The algorithms were applied to the
DaLiAc dataset containing 13 activities (Table 3.1). Two experiments were
conducted investigating the overall and activity-dependent performance.

• Experiment 1: Overall performance
The overall performance was determined by the balanced accu-
racy and the F1-score averaged regarding the single LOSO-CV tri-
als (section 2.4.8). The optimization of the algorithms, which
were developed in this thesis, was already described in section 3.3
and 3.4. In [Ravi 05, Pree 09], the number of neighbors k in the
k-NN classifier was optimized by grid search (k ∈ {3, 5, 7}). In
[Ravi 05], the linear kernel was used in the SVM classifier and the
corresponding cost parameter C was optimized by grid search
(C ∈ {2N}, N ∈ {−10, ..., 10}). In [Liu 12], the RBF kernel was
used in the SVM. The cost parameters C and γ were optimized by
grid search (C, γ ∈ {2N}, N ∈ {−10, ..., 10}). The parameter opti-
mization of the classifiers were performed in an inner LOSO-CV.
The overall performance of the different algorithms was further in-
vestigated regarding the number of considered sensors. A boxplot
of the balanced accuracy values across subjects was created.

• Experiment 2: Activity-dependent performance
The activity-dependent performance was determined by comput-
ing the sensitivity per activity. The values for the sensitivity were
averaged regarding the single LOSO-CV trials (section 2.4.8).
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3.5.4 Results

Table 3.10a and 3.10b comprise the overall balanced accuracy as well as
the F1-score and the activity-dependent sensitivities, respectively. The
proposed hierarchical HAR algorithm, which was described in section 3.3,
achieved the highest balanced accuracy and F1-score (89.1 % and 90.5 %).
The boxplots of balanced accuracy values ordered by the number of
sensors are displayed in Figure 3.13.

3.5.5 Discussion

In this work, the two proposed algorithms (section 3.3 and 3.4) were
compared to five state-of-the-art algorithms [Bao 04, Ravi 05, Park 06,
Pree 09, Liu 12]. The achieved results are discussed in this section. The
discussion is structured as follows. First, the modifications compared
to the original publication [Schu 13b] are summarized. Second, chal-
lenges in the data preparation and re-implementation of algorithms are
mentioned. Third, the overall and activity-dependent performance are
discussed (experiment 1 and 2). Fourth, a comparison to literature is
given. Fifth, future work is summarized.

Modifications Compared to Original Publication

In [Schu 13b], the algorithm introduced in [Kara 06] was further included
in the comparison. Nevertheless, the algorithm was optimized for a
specific activity set and was not applicable for all of the 13 activities
provided by the DaLiAc dataset. Instead, the proposed method described
in section 3.4 was included in the comparison. In the re-implementation
of the algorithms, the same classifier optimization was further performed
as in the two proposed approaches (section 3.3 and 3.4). In [Schu 13b],
default parameters were considered.

The parameter optimization had a major impact on the accuracy val-
ues which increased by 8.1 %, 5.0 %, and 2.6 % for the techniques de-
scribed in [Ravi 05], [Park 06], and [Pree 09], respectively. The perfor-
mance achieved by [Bao 04] was comparable. The highest performance
improvement of 27.6 % was achieved for the method described in [Liu 12].
It seemed that the SVM classifier required the parameter optimization
in order to deal with the 31 features.
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Table 3.9.: Comparison of two proposed algorithms (section 3.3 and 3.4) and five state-of-the-art algorithms [Bao 04, Ravi 05,
Park 06, Pree 09, Liu 12]. Overall balanced accuracy and F1-score (a) as well as activity-dependent sensitivities (b) are given in
percent. Columns depict one particular algorithm.

[Bao04] [Ravi 05] [Park06] [Pree 09] [Liu 12] Sec. 3.4 Sec. 3.3

BalAcc 79.7 67.2 66.8 71.3 81.7 85.7 89.1
F1 81.2 72.9 68.9 72.3 89.8 85.4 90.5

(a) Balanced accuracy and F1-score

[Bao04] [Ravi 05] [Park06] [Pree 09] [Liu 12] Sec. 3.4 Sec. 3.3

SI 90.5 86.7 70.0 78.9 84.2 92.8 92.0
LY 100.0 88.8 98.9 94.7 92.1 100.0 100.0
ST 76.3 68.5 75.2 60.0 84.2 91.2 90.6
WD 91.1 86.5 95.4 58.8 94.7 97.4 92.3
VC 55.1 24.2 47.3 46.4 78.9 58.3 87.6
SW 84.5 69.8 87.7 66.4 94.3 92.8 87.0
WK 96.8 96.9 86.9 97.0 95.3 98.5 99.3
AS 69.3 45.1 15.1 77.5 73.7 92.5 97.8
DS 78.3 35.2 20.1 53.6 52.9 90.9 99.3
RU 99.8 98.1 93.5 98.6 100.0 100.0 99.3
BC50 52.1 51.9 54.7 57.2 60.5 49.8 64.1
BC100 45.0 25.1 32.8 50.3 55.3 51.1 52.2
RJ 100.0 99.5 90.8 90.1 100.0 100.0 96.6

(b) Sensitivity. Abbreviations for activities were defined in Table 3.1.
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Figure 3.13.: Comparison of algorithms. Boxplot of balanced accuracy values of
LOSO-CV trials is displayed over seven algorithms (number of sensors is written
in brackets). For each algorithm median, 25th quartile, 75th quartile, 1.5 of
interquartile range, and outliers are given.

Data Preparation and Re-Implementation

Various challenges were identified in the data preparation and re-imple-
mentation step of the proposed evaluation framework (Figure 3.12). In
[Bao 04], a sensor was attached to the right ankle acquiring data of the
lower extremities. Since the DaLiAc dataset did not include an ankle sen-
sor, the sensor on the shoe was chosen instead (Table 3.8). Nevertheless,
the different sensor position could have an effect on the extracted features
since the amplitudes often increase from cranial to caudal body parts
[Bhat 80, Capp 82]. The authors in [Bao 04] used a 10 g accelerometer
which might not reach saturation. In the DaLiAc datasets, sensor data
were acquired with a lower g-range and might reach the saturation state
in some activities. Another challenge is the detailed description of the
sensor position. Descriptions in literature for a sensor close to center
of mass included waist (at sacrum) [Pree 09], hip [Schu 13a], and pelvic
region [Ravi 05]. Signal characteristics and computed features might be
slightly different depending on the exact position. The effect might be
minimal, if the same features are computed for each accelerometer axis
like in [Bao 04, Ravi 05, Pree 09]. Nevertheless, extracting axis-specific
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features like in [Park 06, Liu 12] could have a negative influence on the
performance of algorithms. If the sensor axis points in a slightly different
direction in the new dataset compared to the originally used dataset, the
computed feature might not be suitable anymore. A standardized de-
scription of the sensor position might further be beneficial to avoid errors
in the axis-specific feature selection. An example could be the description
of the hip sensor in [Liu 12], which was attached to the ’abdomen at level
of umbilicus in line with the anterior auxiliary line’.

Overall Performance

Both methods proposed in this thesis achieved higher balanced accuracy
than the five re-implemented algorithms (Table 3.10a). The balanced
accuracy values of above 85 % showed the general applicability of the
systems for HAR. The proposed hierarchical classification system further
achieved the lowest interquartile range (Figure 3.13). This indicates that
the algorithm can deal with subject variability. If the algorithm is part
of a deployed system, further optimization might not be necessary after
the release of the product. Other algorithms with a higher interquartile
range such as [Ravi 05, Liu 12] might have to apply user-specific training
as proposed by [Bao 04], in order to reduce the subject variability. Never-
theless, four IMUs sensors comprising accelerometer and gyroscope were
needed in the proposed hierarchical classification system, which was the
highest number of used sensors across all algorithms (Figure 3.13). Thus,
in real applications, a trade-off between number of sensors and system
accuracy has to be made.

Although the proposed decision level fusion approach achieved the
second best balanced accuracy, the algorithm introduced in [Liu 12]
achieved the second best F1-score. This shows one of the major ad-
vantages of the proposed common evaluation framework (Figure 3.12).
The identification of the best algorithm for a specific application can be
based on a quantitative assessment using different metrics. Whereas the
balanced accuracy is only based on the sensitivity measure, the F1-score
also includes the precision (section 2.4.8). Precision gives an indication
about the confidence of the prediction output of the system. Thus, an
algorithm can be chosen according to certain requirements of a specific
application.

Figure 3.13 shows that in [Ravi 05, Pree 09, Bao 04] outliers occurred
below the lower whisker. In [Ravi 05, Pree 09], the outlier subject was the
oldest and heaviest person included in the pool of subjects. The selected
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features might not describe the movement pattern of this person. Thus,
both algorithms might have problems, if applied to elderly and overweight
persons. In order to further improve these systems, anthropometric data
could be used as additional features. If algorithms are tested on different
datasets including e.g. different age groups, the above described behavior
could not be detected.

The best mean balanced accuracy among the five re-implemented
algorithms was achieved by [Liu 12]. The extracted features were similar
to the feature set defined in this work (Table 2.1). Compared to other
algorithms which used statistical features, the 10th/25th/50th/75th/90th
percentiles were applied both in [Liu 12] and the two algorithms proposed
in this work. Thus, describing the amplitude distribution in more detail
might be beneficial for this set of activities. The advantages of the method
provided by [Liu 12] compared to the two proposed algorithms in this
work include the lower sampling rate, the lower amount of sensors, the
lower amount of sensor types, and the larger window size. These factors
reduce the computational complexity of the HAR system.

Although the balanced accuracy achieved by [Bao 04] was 2.0 % lower
than the balanced accuracy achieved by [Liu 12], the interquartile range
was also lower (Figure 3.13). This means that the method provided by
[Bao 04] can better deal with the subject variability. Another reason
might be that the arm and thigh sensor, which were originally part of the
sensor setup, had to be removed (Table3.8). Since the feature set was
optimized considering these two sensor positions, the accuracy might
increase, if these sensor positions are included.

Although the re-implemented algorithms based on [Park 06] and
[Pree 09] also used two sensor positions, both methods achieved a lower
balanced accuracy than the method provided by [Liu 12]. The reason
might be the extracted features which were optimized for a different set
of activities. In [Park 06] a visual and statistical analysis was performed
for feature selection based on an initial feature set which was similar to
the feature set proposed in this thesis. Applying an automatic approach
for feature selection, e.g. based on correlation, might improve the
performance.

The method proposed by [Ravi 05] achieved a rather low balanced ac-
curacy. Nevertheless, only one sensor was used e.g. compared to [Liu 12].
In [Ravi 05], data of only two subjects were used and the classifier was op-
timized by 10-fold cross-validation, which is prone to over-fitting. In this
thesis, the approach was tested on 19 subjects considering a LOSO-CV.
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Thus, investigating the generalization capabilities of the system might
be better suitable with the proposed evaluation framework.

Activity-Dependent Performance

The lowest sensitivity regarding sitting was achieved by the method intro-
duced in [Park 06] (70.0 %, Table 3.10b). One reason might be that sitting
and standing were merged in the original paper due to known misclassifi-
cation of both activities. The higher sensitivities of the other approaches
could be further explained by the additional sensor attached to the hip,
which might provide more information about the static activities.

The lowest sensitivity regarding standing was achieved by the re-
implemented algorithm proposed in [Pree 09]. One reason might be
the applied feature set. In [Pree 09], only components of the Fast Fourier
Transform were chosen as features, since activities with mostly periodic
movements were included in the original dataset. This feature set might
not be suitable for various kinds of static activities.

According to Table 3.10b, similar sensitivity values were achieved by the
two proposed algorithms across the activities except for vacuuming. The
difference of 29.3 % could be explained by the number of available classes
for the classifiers. In the decision level fusion algorithm, the classifier had
to decide among 13 activities. The hierarchical classification algorithm
merged certain activities and only three activities remained in the HOUSE
system. This shows the advantage of merging activities and dividing the
multi-class classification to smaller sub-problems. Nevertheless, the
hierarchical system based on feature level fusion is less flexible than the
decision level fusion approach, if the information of one or more sensors
is not available. It is proposed to combine the advantages of both systems
in the future. Different subsystems which merge certain target activities
should be trained for each sensor and a decision level fusion should be
applied in the final step.

The algorithm described in [Liu 12] was originally evaluated on datasets
which did not contain various activities from the DaLiAc database, e.g.
sweeping and washing dishes. Due to the high achieved sensitivities
of these activities, the implemented features seemed also be suitable
to recognize activities which were not considered in original feature
engineering step.

Regarding the locomotion activities walking, ascending stairs, descend-
ing stairs, and running, a comparable performance was achieved for
walking and running by all algorithms. Thus, a good detection of both
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activities could be performed by multiple approaches varying in sampling
rate, segmentation windows, extracted features, and chosen classifiers.
Nevertheless, sensitivity values below 78.3 % were achieved for the stair
climbing activities by all re-implemented algorithms. Only the two pro-
posed methods in this thesis could distinguish between the upward and
downward direction. Nevertheless, four sensors were needed. If the dis-
tinction between ascending stairs and descending stairs is not important,
the method introduced in [Bao 04] should be used due to the highest
averaged sensitivity across both activities.

All algorithms had problems to distinguish between the two bicy-
cling activities with sensitivities below 64.1 %. Nevertheless, the original
method proposed by [Liu 12] also included features based on an ventila-
tion sensor. Adding this sensor type would further improve the recogni-
tion rate, especially for the classification of the two bicycling levels. The
method provided by [Liu 12] outperformed the hierarchical classification
algorithm developed in this work considering the performance regarding
individual activities. Table 3.10b shows that the sensitivity regarding
sweeping was higher using the method proposed in [Liu 12]. The reason
might be that the 30-s windows used in [Liu 12] were more appropriate
for detecting single sweeping actions than the 5 s windows used in the
proposed approaches in this thesis.

The above mentioned examples showed the advantage of the proposed
evaluation framework. Depending on the target activities and applica-
tion requirements, the best suitable implementation of the ARC can be
chosen. HAR system engineers should first define the requirements of an
application, select available implementations of the ARC, and apply the
proposed evaluation framework, to identify the best suitable method.

Comparison to Literature

Currently, novel algorithms for HAR were mainly compared to state-
of-the-art approaches based on the performance measures provided in
the corresponding research papers. Although this type of comparison
enables a first hint of advantages and disadvantages of new HAR algo-
rithms, several important aspects are not considered in the evaluation.
The compared methods were evaluated on different datasets containing
a different set of activities. The reason of a better performance of one spe-
cific algorithm can be the design of the method itself, but also the lower
complexity of the activities in the datasets. A fair comparison should
include the application of the algorithms to and the evaluation on a
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common benchmark dataset. The proposed evaluation framework could
be one example for such a fair comparison. This proposed procedure
would strengthen the meaningfulness of the achieved findings.

FutureWork

The proposed evaluation framework could further be extended in the
future. The re-implemented algorithms should be evaluated on more
datasets, which were e.g. listed in Table 1.1. Thus, the behavior of algo-
rithms under more conditions could be investigated. The set of algo-
rithms should be extended by additional methods listed in Table 1.2. In
the future, a common platform could be set up to provide open access
to implemented algorithms. The platform could integrate the proposed
evaluation framework to compare algorithms at a larger scale. In the
future, the evaluation of the original proposed HAR algorithms could be
extended by varying certain components or parameters of the ARC such
as sampling rate, segmentation window width, and feature set. Besides
testing algorithms, the evaluation framework could further be used to
test new proposed performance measures in machine learning, e.g. the
technique introduced in [Kaut 17]. The new technique can be tested on a
large set of algorithms using the same benchmark dataset.

3.6 Database Fusion Strategy

3.6.1 Overview

Current algorithms for HAR were mainly evaluated on isolated databases
(Table 1.1). These databases are often limited in at least one of the fol-
lowing aspects: number of subjects, number of activities, or number
of sensors. The mentioned limitations of isolated databases reduce the
number of instances which can be used for the training of HAR sys-
tems. The explanatory power of the achieved findings are further limited,
since the algorithms were tested on a small population. The aim of this
section is twofold. First, a database fusion method is developed and
implemented which overcomes the limited amount of training instances
by fusing various publicly available databases. Second, the applicability
of the proposed database fusion technique is shown for one example
algorithm for HAR.

The proposed database fusion and activity recognition algorithm were
originally published in [Schu 14b] and were modified in this thesis. The
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modifications are described later in this section. This section is structured
as follows. First, the database fusion technique is presented. Second,
the proposed algorithm for HAR is introduced. Third, the conducted
experiments are introduced. Fourth, the results of the experiments are
presented. The section concludes with a discussion of the results.

3.6.2 Database Fusion Algorithm

The pipeline of the database fusion algorithm is shown in Figure 3.14
and consisted of two major tasks. The first task was to select the data,
which was needed for a certain application. As an example, the following
application should be considered. A flexible integration of new sensor
positions and sensor types should be possible without retraining the
complete system. The system should provide an activity profile including
periods of human’s inactivity as well as higher level locomotion, sports,
and household activities. A detailed knowledge e.g. about the human’s
posture and the direction of movement are not required. The second
task of the database fusion algorithm was to prepare the data for further

Selection of databases

Database 1 Database 2 Database N

Selection of target activities

Selection of sensor positions and types

Data selection (application dependent)

Unit adjustment

Normalization

Sampling rate adjustment

Data preparation

Fused database

...

Figure 3.14.: Pipeline for database fusion.
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processing. In the following paragraphs, the two tasks are described in
more detail and applied to three example databases.

Data Selection

The data selection task consisted of three steps. The first step was to
select appropriate isolated databases, which fulfilled the needs of the
considered application and can be used for evaluating the corresponding
HAR algorithm. The selected databases in this thesis included DaLiAc,
PAMAP2, and USC-HAD (Table 1.1). All three databases provided sen-
sor positions, sensor types, and a set of activities, which fulfilled the
requirements of the specific application. The DaLiAc database was al-
ready described in section 3.2.1. PAMAP2 and USC-HAD are introduced
in the next paragraphs.

In PAMAP2, the subjects were equipped with three Inertial-Magnetic
Measurement Units attached to chest, wrist, and ankle as well as one
heart rate monitor [Reis 12]. Each Inertial-Magnetic Measurement Unit
consisted of two triaxial accelerometers, a triaxial gyroscope, and a triaxial
magneto-resistive magnetic sensor. The range of the accelerometer, gyro-
scope, and magnetometer was ± 16 g / ± 6 g, ± 1500 ◦/s, and ± 400 µT ,
respectively. The accelerometer and gyroscope data were given in m/s2

and rad/s, respectively. The inertial data was sampled with 100 Hz. The
dataset included nine subjects (1 female and 8 male, age 27.2 ± 3.3 years,
Body-Mass-Index (BMI) 25.1 ± 2.6 kgm−2). One subject was left-handed,
the others were right-handed. Each subject had to perform 18 activi-
ties (lying, sitting, standing, walking, running, cycling, Nordic walking,
watching TV, computer work, car driving, ascending stairs, descending
stairs, vacuuming, ironing, folding laundry, house cleaning, playing soc-
cer, rope jumping). Compared to DaLiAc, cycling and running were
performed outside. The dataset is publicly available 1.

In USC-HAD, one Inertial-Magnetic Measurement Unit was attached
to the subjects’ hip [Zhan 12]. The inertial data was sampled with 100 Hz.
The range of the accelerometer was set to ± 6g. The gyroscope range
was set to ± 500 ◦/s. The dataset included 14 subjects (7 female and 7
male, age 30.1 ± 7.2 years, height 170 ± 6.8 cm, weight 64.6 ± 12.1 kg).
Each subject had to perform 12 activities (walking forward, walking left,
walking right, walking upstairs, walking downstairs, running forward,
jumping, sitting, standing, sleeping, elevator up, elevator down). Day-to-

1 http://www.pamap.org/demo.html
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Table 3.10.: List of selected activities (adapted from [Schu 14b]). The availability
of the activities regarding the three databases USC-HAD, DaLiAc, and PAMAP2
is indicated by ’X’.

Activity USC-HAD DaLiAc PAMAP2

Static X X X
Walking X X X
Climbing stairs X X X
Running X X
Jumping X
Vacuuming X X
Bicycling X X
Rope jumping X X

day activity variations were considered by performing five trials for each
activity on different days at various indoor and outdoor locations. The
dataset is publicly available 2.

The second step of the data selection task was to select the target ac-
tivities which should be recognized by the system. Eight activities were
selected, which typically appear in daily life and can be integrated in the
previously mentioned activity profile. The eight selected activities and
the availability in the three different databases are comprised in Table 3.10.
The first activity was defined as static and comprised sitting, lying, sleep-
ing, as well as standing. Detecting instances of the static activity gives an
indication about human’s inactivity during the day. Locomotion activ-
ities were represented by walking and climbing stairs. The later one
consisted of ascending as well as descending stairs and were combined
to one class, since knowledge of the direction of movement was not re-
quired. Vacuuming was chosen as an example of a typical household
activity. Sports activities included running, jumping, bicycling, and
rope jumping. In DaLiAc, the subjects performed bicycling on on a sta-
tionary bike with two resistance levels (50 and 100 watt). In PAMAP2, the
cycling activity took place outside. In this work, instances of all bicycling
types were merged.

The third step of the data selection task was to select the sensor posi-
tions and the sensor types. In this work, the triaxial accelerometer and
gyroscope data of all four sensor positions from the DaLiAc database, all

2 http://sipi.usc.edu/had/
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three sensor positions from the PAMAP2 database, and the hip sensor
from the USC-HAD database were used in the fusion process. In the
PAMAP2 database, data of two triaxial accelerometers were available.
Due to the author’s recommendation, the high-range accelerometer was
chosen for further processing.

Data Preparation

The second task was to prepare the data for further processing and con-
sisted of three steps. The first step was to define common sensor units
across the three different isolated databases. PAMAP2 used m/s2 and
rad/s as units for the accelerometer and gyroscope, respectively. In con-
trast, USC-HAD and DaLiAc used g and ◦/s as units for the accelerometer
and gyroscope, respectively. Thus, the units of accelerometer and gyro-
scope were converted to g and ◦/s, respectively. The second step was to
define common sensor ranges across the three different isolated databases.
The minimal available range per sensor type was chosen as common range.
The accelerometer range was set to ± 6 g for all selected sensor positions.
For the sensor positions wrist, chest, and hip, the gyroscope range was
set to ± 500 ◦/s. For the sensor position ankle, the gyroscope range was
set to ± 1500 ◦/s. All amplitudes outside the adjusted range were cut to
the maximal border amplitudes. The third step was to define a common
sampling rate across the databases. The minimal available sampling rate
of 100 Hz was chosen for all sensor data. The adjustment of the sampling
rate was based on linear interpolation.

3.6.3 Human Activity Recognition System

Figure 3.15 shows the pipeline of the proposed HAR system. The algo-
rithm was based on the decision level fusion technique described in
section 3.4.

Decision level fusion was proven to enable a flexible integration of
additional sensor positions. In order to further add or remove various
sensor types, the data acquired on the single sensor positions were further
split according to the sensor types, i.e. accelerometer and gyroscope. Pre-
processing, segmentation, feature extraction, and classification were per-
formed for each sensor type of each individual sensor position, separately.
The preprocessing step included the SMV computation for each sensor
type (Equation 2.6). Examples of a SMV are shown in Figure 3.16 and 3.17
for climbing stairs and bicycling, respectively. The motivation for using
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WR - ACC

WR - GYR

CH - ACC

CH - GYR

HP - ACC

HP - GYR

SH - ACC

SH - GYR

Decision level fusion

ClassificationSegmentation Feature extractionPreprocessing

Figure 3.15.: Pipeline for decision level fusion (adapted from [Schu 14b]). WR,
CH, HP, and SH denote wrist, chest, hip, and shoe, respectively. ACC and GYR
denote accelerometer and gyroscope, respectively.

the signal magnitude vector instead of each axis of the sensor types was
twofold. First, further processing was based on one axis, which reduced
the computational complexity. Second, the knowledge of the movement
direction was removed, since it was not required in the previously de-
scribed application. A sliding window segmentation was performed with
a window length of 5 s motivated by [Bao 04, Ravi 05, Pree 09]. In each
window, the features listed in Table 2.1 were computed except the SMA,
since this feature required three axes as input. In total, nine features
were extracted for each sensor type of each sensor position. For the clas-
sification of the desired activities, the SVM classifier was applied. In the
final step, the classifier decisions of each available sensor type were fused.
The decision level fusion was based on majority voting. In case of equal
votes, the decision of the sensor source was chosen, which achieved the
highest sensitivity regarding the predicted activity.

3.6.4 Experiments and Evaluation

Table 3.11 comprises the number of instances for each activity regarding
the three considered databases and the total amount of instances. For
the subsystems of wrist, chest, and shoe 28 subjects were available. For
the subsystems of hip, 33 subjects were available. Two experiments were
conducted.

• Experiment 1: Individual databases
The activity recognition algorithm was applied to the individual
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Table 3.11.: Number of available instances for database fusion regarding the
three databases PAMAP2, DaLiAc, and USC-HAD as well as total number of
instances. Table contains activity-specific information.

Activity PAMAP2 DaLiAc USC-HAD Total

1131 678 1745 3554
475 1006 758 2239
441 288 812 1541
194 0 348 542

0 0 208 208
347 222 0 569
326 916 0 1242

Static Walking
Climbing stairs
Running
Jumping
Vacuuming
Bicycling Rope
jumping

95 123 0 218

databases. The performance of the algorithm was determined
by the sensitivities regarding the eight selected activities and the
balanced accuracy (section 2.4.8). The performance measures were
computed by LOSO-CV. The linear kernel was used in the SVM
classifier and the corresponding cost parameter C was optimized
by grid search (C ∈ {2N}, N ∈ {−10, ..., 10}). The parameter
optimization was performed in an inner LOSO-CV.

• Experiment 2: Fused database
The three databases were combined using the proposed database
fusion algorithm. The developed HAR system was applied to the
fused database. The same performance measures were computed
as in experiment 1.
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(a) DaLiAc.

Time [s]
1 2 3 4 5

Si
gn

al
 m

ag
ni

tu
de

 v
ec

to
r [

g]

0

0.5

1

1.5

2

2.5

3

(b) USC-HAD.

Figure 3.16.: SMV of climbing stairs based on accelerometer data acquired on
hip. Activity was taken from DaLiAc (a) and USC-HAD (b).
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(a) DaLiAc. Sensor data acquired on shoe.
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(b) PAMAP2. Sensor data acquired at ankle.

Figure 3.17.: SMV of bicycling based on gyroscope data. Activity was taken from
DaLiAc (a) and PAMAP2 (b).
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Table 3.12.: Sensitivity [%] of eight activities regarding the four database configurations. Balanced accuracy [%] is further
given as mean of sensitivities.

Activity Fusion DaLiAc PAMAP2 USC-HAD

Static 99.6 ± 0.9 99.5 ± 1.1 98.9 ± 0.7 99.9 ± 0.5
Walking 97.9 ± 3.8 99.1 ± 2.3 92.5 ± 7.9 95.6 ± 4.4
Climbing stairs a49.2 ± 24.5 a64.7 ± 20.9 78.8 ± 8.2 a36.6 ± 25.8
Running a86.8 ± 25.0 - 87.7 ± 8.3 a91.6 ± 22.3
Jumping a85.2 ± 31.5 - - a87.8 ± 28.9
Vacuuming a86.4 ± 15.7 a86.2 ± 15.4 88.3 ± 5.1 -
Bicycling 95.2 ± 9.6 100.0 ± 0.0a 89.5 ± 7.1 -
Rope jumping 97.2 ± 7.1 100.0 ± 0.0a a86.1 ± 10.5 -

Mean 87.2 91.6 88.8 82.3
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3.6.5 Results

Table 3.12 contains the sensitivities of the eight activities regarding the
four database configurations. The best balanced accuracy regarding the
isolated databases was achieved using DaLiAc. Considering the fused
database, a balanced accuracy of 87.2 % was reached.

3.6.6 Discussion

In this section, three publicly available datasets were fused in order to
increase the number of instances, which can be used to train machine
learning algorithms. A proposed HAR algorithm was evaluated on the
individual, isolated databases as well as the fused database. The concept
of database fusion and the achieved results of the HAR approach are
discussed in the following paragraphs.

The discussion is structured as follows. First, the modifications com-
pared to the original publication [Schu 14b] are summarized. Second,
the performance of the proposed HAR system is discussed. Third, the
database fusion strategy is assessed. Fourth, future work is summarized.

Modifications Compared to Original Publication

Compared to the original publication [Schu 14b], one modification was
made. Since the application of the proposed feature set in Table 2.1 to
activity recognition challenges was proven in section 3.3 and 3.4, these
features were also used in the proposed HAR system. The updated feature
set increased the accuracy values by 1.2 %, 4.0 %, and 0.1 % considering
PAMAP2, DaLiAc, and USC-HAD, respectively.

Human Activity Recognition System

The general practicability of the proposed HAR system to the mentioned
application was proven with balanced accuracy values above 82.3 %
(Table 3.12). The proposed architecture further allowed a flexible integra-
tion of new sensor types, which were provided by different studies. The
balanced accuracy increased from 82.3 % to 88.8 % to 91.6 % using one,
three, and four sensors of the individual databases. A higher number of
sensors seemed to increase the performance of the HAR, which coincides
with the findings in literature [Liu 12].

The six activities available in DaLiAc were classified with a sensitivity
of above 86.2 % except for climbing stairs. Climbing stairs might be
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similar to walking, if the direction is removed by computing the signal
magnitude vector (Equation 2.6). Future research should include features
based on the three accelerometer axes in order to include the direction of
movement. The second best balanced accuracy across the three isolated
databases was achieved using PAMAP2. Although the balanced accuracy
was 2.8 % lower than using DaLiAc, applying the method to PAMAP2
data resulted in lower standard deviations in the sensitivities of climbing
stairs and vacuuming. This might indicate a more similar execution of
the activities among the subjects. The worst balanced accuracy across the
three isolated databases was achieved using USC-HAD. The main reason
is the low sensitivity of climbing stairs (36.6 %) meaning that the sensor
on the hip was not able to detect instances of ascending and descending
stairs. The common set of activities among all isolated databases included
static, walking, and climbing stairs (Table 3.10). The achieved mean
sensitivities regarding climbing stairs differed from 36.6 % (USC-HAD)
to 78.8 % (PAMAP2). Compared to climbing stairs, the mean sensitivities
regarding static and walking differed less than 7 % across the isolated
databases. Thus, the proposed HAR system was able to detect static
and walking instances, even from different studies. Nevertheless, the
applicability of the example algorithm to detect instances of climbing
stairs remains unknown due to large discrepancy of the individual results.

Table 3.12 indicates that the decision level fusion approach could deal
with the inter-study subject variability regarding static, walking, bicy-
cling, and rope jumping activities due to low standard deviations. It can
be assumed that the proposed algorithm can deal with different walking
styles of subjects, even if the subjects were acquired in different studies.
In DaLiAc, bicycling was performed indoor on an ergometer. In PAMAP2,
cycling was performed on a real bike outside. The high mean sensitivity
of bicycling using the fused database further indicates, that the pro-
posed HAR can also deal with activities in different locations, indoor
and outdoor. A further improvement might be achieved by considering
e.g. location data. Nevertheless, higher standard deviation values for
the sensitivities were achieved for climbing stairs, running, jumping, and
vacuuming using the fused database. Due to a low mean sensitivity and
a high standard deviation regarding climbing stairs, it can be concluded
that the proposed HAR is not applicable to ascending and descending
stairs. Since the performance was only adequate considering the PAMAP2
database, it can be assumed that the sensor data acquired in DaLiAc and
USC-HAD negatively influenced the trained system. One reason might
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be that the activity was performed in different buildings, which vary in
terms of number of steps or number and length of resting places. If the
resting place is long, subjects are forced to walk in a straight line and not
upstairs or downstairs. In the future, a person-specific training might
reduce the high standard deviation as proposed in [Bao 04].

Database Fusion Strategy

The general applicability of the proposed database fusion strategy was
shown for one example algorithm. The amount of training data for ma-
chine learning techniques could be increased without the acquisition
of new data. The number of subjects raised from minimum nine (USC-
HAD) to maximum 33 subjects. Although the number of subjects could be
increased, the mean age was comparable across the individual databases.
In the future, more databases should be considered which include more
age categories. The number of activities could be increased from mini-
mum five (USC-HAD) to eight. Activities which were not available in the
original database can now be investigated. The number of sensors could
be increased from minimum one (USC-HAD) to four. Nevertheless, fus-
ing multiple databases might not guarantee an automatic improvement
of the system performance. The HAR system was applied to the fused
database and a balanced accuracy of 87.2 % was achieved, which was
4.4 % lower than the best performance considering individual databases.
The reason for the lower balanced accuracy might be the higher sub-
ject variability by merging individual databases. Thus, fusing isolated
databases could be used to identify certain problems of current HAR
systems. In the case of high subject variability person-specific training
methods should be developed as proposed by [Bao 04].

FutureWork

In the future, the proposed database fusion system should further be ex-
tended. In the mentioned application, information about the direction of
movement was not required and thus the SMV computation was suitable.
If all axes of a sensor are considered, a further step in the data preparation
might include an automatic coordinate system transformation across
various databases. An extension of the pipeline could further include
an automatic classification of the sensor type as proposed in [Scho 17]
instead of a manual selection.
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3.7. Energy Expenditure Estimation

3.7 Energy Expenditure Estimation

3.7.1 Overview

Activities like walking can further be classified regarding the intensity,
with which the activity was performed [Ains 93, Ains 00, Ains 11]. Activity
intensity is usually defined by energy expenditure. Current approaches of
energy expenditure estimation in literature mainly applied feature level
fusion to accelerometer data followed by regression analysis [Bout 94].
The application of the methods might be cumbersome in case of a degra-
dation of a set of sensors and hardware failures. In addition, systems have
to be completely re-trained, if sensors are added or removed. Thus, the
purpose of this section is to develop and implement an IMU-based system
for energy expenditure estimation based on decision level fusion using
multiple sensor types. The proposed algorithm was evaluated against
indirect calorimetry, whose fundamentals were explained in section 2.1.
The conducted study was already introduced in section 3.2.2. The pro-
posed algorithm was originally published in [Schu 14a] and was modified
in this work. The modified parts are highlighted in the discussion.

This section is structured as follows. First, the proposed algorithm
for energy expenditure estimation is introduced. Second, the conducted
experiments are described. Third, the results are given. The section
concludes with a discussion of the results.

3.7.2 Methods

Figure 3.18 shows the pipeline of the proposed energy expenditure system.
Four sensor sources provided accelerometer and gyroscope data acquired
on hip and shoe. The data of the four sensor sources were processed inde-
pendently. The processing steps included preprocessing, segmentation,
feature extraction, and regression. The predicted energy expenditure
values of each single sensor source were fused in the final step (decision
level fusion).
The preprocessing step included calibration and synchronization, which
were already described in section 3.3. As pointed out in section 1.5.2,
usually IMU data were evaluated at the end of the activity stages because
the oxygen consumption reached a steady state. Thus, the last three
minutes of the six-minute period of each speed level was considered for
further processing motivated by [Motl 09]. Figure 3.19a shows an example
of the steady state segmentation. Non-overlapping sliding windows
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3. Recognition of Daily Activities

were further applied to the IMU. The window width was set to 30 s
motivated by [Bout 94, Liu 12]. As previously mentioned, the sampling
rate of the ground truth system was 0.2 Hz. Thus, one energy expenditure
value was provided each 5th second. In order to get the ground truth
energy expenditure of the considered 30 s interval, the mean of the
corresponding six samples in the ground truth data were computed. In
each previously determined windows, the features comprised in Table 2.1
were computed. In total, 28 features were extracted for each of the four
sensor systems. Figure 3.19b shows an example of the 10th percentile
of the gyroscope data (sagittal plane) on the shoe during running on a
normal treadmill. MLR was applied in order to predict the expended
energy based on IMU data (section 2.4.7). The predicted MET values of
the four systems were fused in the final step. Therefor, the mean of all
predictions was computed.

3.7.3 Experiments and Evaluation

The proposed energy expenditure estimation system was evaluated on
the previously described EnEx database (section 3.2.2). Mean, standard
deviation, and range of the ground truth expended energy are comprised

Feature extraction

Segmentation

Regression

Feature extraction

Segmentation

Regression

Feature extraction

Segmentation

Regression

Feature extraction

Segmentation

Regression

Decision level fusion

HP - ACC HP - GYR SH - ACC SH - GYR

Preprocessing Preprocessing Preprocessing Preprocessing

Figure 3.18.: Pipeline of energy expenditure estimation system (adapted from
[Schu 14a]). Preprocessing, segmentation, feature extraction, and regression
were performed for the four sensor sources HP-ACC, HP-GYR, SH-ACC, and
SH-GYR. HP, SH, ACC, and GYR denote hip, shoe, accelerometer, and gyroscope,
respectively. The predicted energy expenditures of each sensor source were fused
in the final step (decision level fusion).
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Figure 3.19.: Illustration of steady state segmentation in ground truth system
(a) and 10th percentile signal (b). The steady states corresponding to the three
speed levels [3.2, 4.8, 6.4] km/h are between subsequent vertical, red lines.

in Table 3.13. For each speed level, 120 segmented windows were available
for evaluation. Two experiments were conducted.

• Experiment 1: Overall performance
The overall performance of all single sensor systems as well as
all two, three, and four sensor combinations were compared. In
total, 15 sensor configurations were investigated, which are given
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3. Recognition of Daily Activities

Table 3.13.: Mean, standard deviation (SD), and range of expended energy
mea-sured by indirect calorimetry with respect to speed levels.

Speed level [km/h] Mean [MET] SD Range [MET]

3.2 3.23 0.47 2.37 - 4.72
4.8 3.93 0.55 2.90 - 5.52
6.4 5.58 0.92 4.45 - 8.23

in Table 3.14. LOSO-CV was applied to determine the RMSE. Box-
plots of the RMSE were further provided for each system in order
to investigate the distribution of the RMSE across the subjects. The
fitted model included constant, linear, and quadratic terms (sec-
tion 2.4.7). In order to further compare the proposed decision level
fusion approach to algorithms from literature, the overall mean
correlation and RMSE were further computed for specific sensor
configurations.

• Experiment 2: Speed-dependent performance
The Bland-Altman plot was used in order to investigate the speed-
dependent performance (section 2.4.8). The sensor combination
with the lowest mean RMSE was considered.

3.7.4 Results

Figure 3.20 shows the boxplots of the RMSE regarding the 15 possible
sensor configurations, which are comprised in Table 3.14. The lowest
median RMSE of 0.40 MET was achieved by fusing all four sensor systems
(configuration 15). Fusing both accelerometer types of hip and shoe
achieved a mean RMSE of 0.42 MET. This combination further achieved
the lowest interquartile range of 0.12 MET.
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Table 3.14.: Possible sensor configurations considering four sensor sources HP-ACC, HP-GYR, SH-ACC, and SH-GYR. HP,
SH, ACC, and GYR denote hip, shoe, accelerometer, and gyroscope, respectively. Each column comprises selection of sensor
systems per configuration. Selected systems are indicated by ’X’.

Source 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

HP-ACC X X X X X X X X
HP-GYR X X X X X X X X
SH-ACC X X X X X X X X
SH-GYR X X X X X X X X
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3. Recognition of Daily Activities

The lowest mean RMSE of 0.54 MET was achieved by combining both
sensor types of the shoe position and the accelerometer of the hip position
(configuration 13). A mean RMSE of 0.70 MET was achieved fusing all
four sensor systems. A mean correlation of 0.76 and 0.94 were achieved
by HP-ACC (configuration 1) and SH-ACC/SH-GYR (configuration 10),
respectively.

Figure 3.21 depicts the Bland Altman plot of sensor configuration 6
(HP-ACC and SH-ACC). A mean difference of -0.06 MET as well as 95 %
limits of agreement of -1.5 MET and 1.4 MET were achieved.

3.7.5 Discussion

In this work, an energy expenditure estimation algorithm was developed,
implemented, and evaluated, which was based on decision level fusion.
The achieved results are discussed in the following paragraphs.

The discussion is structured as follows. First, the modifications com-
pared to the original publication [Schu 14a] are summarized. Second,
the performance of individual sensor sources is compared. Third, the
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Figure 3.20.: Boxplots of RMSE values. Each boxplot considered the single
achieved RMSE values of the LOSO-CV trials. RMSE is refered to the 15 sensor
configurations comprised in Table 3.14.
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Figure 3.21.: Bland Altman plot for proposed approach (decision level fusion of
HP-ACC and SH-ACC).

performance of decision level fusion is discussed. Fourth, the findings
are compared to literature. Fifth, examples for future work are provided.

Modifications Compared to Original Publication

Compared to the original publication [Schu 14a], several modifications
were made. The original feature set was exchanged by the feature set
listed in Table 2.1. Instead of applying and comparing three different
regression algorithms, MLR was investigated in more detail. All in all, the
MAE slightly decreased by 0.1 MET. The reason for the worse performance
might be that only MLR was performed in this thesis compared to a com-
bination of Support Vector Regression, CART, and MLR in [Schu 14a].

Individual Sensor Sources

Regarding the individual sensor sources, the lowest median RMSE was
achieved by SH-GYR (Figure 3.20, configuration 4). The reason might be
that only walking was acquired in the study. Walking mainly includes
rotational movements performed by the lower extremities. Nevertheless,
SH-ACC achieved the second lowest median RMSE (configuration 3).
In comparison to SH-GYR, the interquartile range was lower and no
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outlier was present. Thus, the SH-ACC system might perform better
for an unseen subject since the subject variability is reduced compared
to SH-GYR. Using accelerometer or gyroscope of the hip sensor alone
achieved higher median RMSE values compared to the corresponding
sensor sources from the shoe. Thus, only using the hip sensor might
not be sufficient to estimate the expended energy for all subjects and a
subject-dependent system should be preferred.

Decision Level Fusion

Although the two sensor types of the shoe achieved the best single perfor-
mance, combining the decisions of the two accelerometer sensor types
achieved the lowest median RMSE regarding two sensor sources. In
addition to a lower median RMSE, the interquartile range was further
reduced from 0.57 (SH-GYR) to 0.12 (HP-ACC and SH-ACC). Thus, fusing
acceleration information from different sensor positions increased the
performance of energy expenditure estimation systems. Nevertheless,
the median of RMSE increased for the sensor configurations 5, 8, and
9 compared to SH-GYR. Thus, a general improvement from one to two
sensors was not achieved. Using three sensors did not reduce the median
RMSE. A small reduction of 0.016 MET was achieved by using all four
sensors.

All in all the median RMSE varied from 0.4 MET to 1.0 MET across
all sensor configurations. In relation to the range of the ground truth
values [2.37 MET - 8.23 MET], the median RMSE was below 17.1%. This
shows the general applicability of the proposed pipeline independent on
the chosen sensor configuration. Nevertheless, due to the good trade-off
between low median RMSE and low interquartile range, the combination
of both accelerometer types of hip and shoe is proposed (Figure 3.20,
configuration 6).

According to the Bland Altman plot in Figure 3.21, no systematic error
was found using the previously proposed sensor configuration (HP-ACC,
SH-ACC). The performance of the system decreased at the higher border
of the ground truth speed values. Nevertheless, the instances outside the
95 % limits of agreement for higher speed levels mainly came from the
same subject. The subject had the highest weight across all subjects. The
high weight might result in accelerometer signals reaching the saturation
state, which might affect the regression performance. Thus, the proposed
system was not able to deal with subjects of higher weights. In order
to further improve the system, anthropometric information should be
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included in the regression model. A further improvement could also be
the application of a high range accelerometer in order to avoid saturation
state of sensors. The new sensor could be included in the decision level
fusion approach without retraining the already existing system.

Comparison to Literature

Since a stationary ground truth system was used, the set of activities was
restricted to walking on a treadmill. Research work which also consid-
ered different walking bouts on a treadmill included [Bout 94, Motl 09,
Leen 03]. The authors in [Bout 94] placed one triaxial accelerometer in
an elastic waist belt. A correlation of 0.96 was achieved only consider-
ing walking activities. The proposed method in this work achieved a
lower mean correlation of 0.76 using only an accelerometer on the hip.
Three reasons were identified for the worse performance of the proposed
approach. First, the distribution regarding the anthropometric data of
the subjects varied across the studies. In [Bout 94], the subjects were
in average 23.5 ± 1.8 years old and their mean weight was 68.6 ± 9.9
kg. The subjects, who were evaluated in this thesis, were older (49 ± 12
years) and heavier (80.7 ± 14.6 kg). Second, the aim in [Bout 94] was a
statistical analysis of accelerometer features as predictors for regression.
Thus, the data of all subjects were used in order to estimate the regression
coefficients. In this thesis, the aim was to evaluate the performance of
the proposed system on unseen subject data. Therefore, the correlation
was given as an average value across all LOSO-CV trials. For one subject
a high error was achieved especially for higher speed levels (Figure 3.21),
which might have an influence on the correlation. Third, accelerometer
data was acquired during five different speed levels. The higher number
of speed levels might result in a better accuracy of the regression equation.
In order to further improve the proposed method, anthropometric data
such as age should be included in the feature set.

The authors in [Motl 09] used the same three walking bouts and
achieved a correlation of 0.89. The age and weight distribution was closer
to the distribution in this work (40.9 ± 11.4 years and 72.5 ± 15.0 kg),
which reinforce the argument that the correlation drops with an increased
age and weight. In [Motl 09], cut-points based on the acceleration counts
were further proposed. The cut-point procedure enables the classification
of activities regarding intensity levels. The same cut-off points could be
used in the proposed approach to classify activities regarding intensity
levels.
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In [Leen 03], the Tritrac and CSA systems were attached to the hip
and achieved a RMSE of 0.46 and 0.53 MET, respectively. In this thesis,
the HP-ACC system achieved a mean RMSE of 0.98 MET. The reason
for the worse performance might also be the different age and weight
distribution (23.7 ± 3.9 years and 67.2 ± 13.5 kg).

All in all, the investigations so far were based on comparing the perfor-
mance of HP-ACC to the results from literature. Fusing different sensor
sources increased the performance. The 2-sensor system SH-ACC/SH-
GYR achieved the highest correlation of 0.94 which is comparable to the
achievements found in [Bout 94] and even higher compared to [Motl 09].
Adding HP-ACC to the two shoe sensor sources resulted in the highest
mean RMSE of 0.54 MET which is comparable to the achievements found
in [Leen 03]. The main advantage of decision level fusion might be that
the influence of anthropometric data to the performance of energy expen-
diture systems is reduced. Future systems, which do not want to consider
anthropometric data, might have to include more sensor sources. In
addition to IMU sensors, other sensor types could be integrated such as a
ventilation sensor [Liu 12]. The proposed decision level fusion enables an
easy integration of such a new sensor type without the need of retraining
the current system.

In the following paragraph, the proposed system is compared to re-
search work using more advanced machine learning algorithms such
as Artificial Neural Networks and Random Forest regression. For the
comparison, the fusion of all four sensor sources was considered which
achieved a mean RMSE of 0.70 MET. Artificial Neural Networks were
applied in [Stau 09] as well as in [Mont 16]. RMSEs of 1.22 MET and
2.16 MET were achieved, respectively. The authors in [Elli 14], applied
Random Forest for first classifying an activity followed by predicting the
expended energy. An accelerometer was placed around the wrist. The
system achieved a RMSE of 1 MET. Although the performance in this
thesis was better than in [Stau 09, Elli 14, Mont 16], a lower amount of
activities were acquired in this work.

FutureWork

In future work, the described decision level fusion approach should
be applied to further activities in more realistic settings outside the
laboratory. In order to acquire ground truth data, a portable indirect
calorimeter has to be used like in [Elli 14]. Two evaluation phases are
proposed.
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First, the algorithm should be evaluated on data acquired in a con-
trolled environment with activities similar to study A (section 3.2.1). It
should be investigated, if the two sensor-setup is sufficient to perform a
reliable estimation of the expended energy or if more sensors on different
sensor locations should be integrated. In addition, activity-dependent
regression models might be necessary.

Second, the approach should be evaluated during activities in a non-
controlled environment without instructions of a supervisor. In order to
deal with the large variety of captured activities, which are often unknown
during regression model training, shallow architectures as the proposed
decision level fusion approach might be combined with deep architec-
tures. Deep learning methods might be applied to data of single sensor
types and combined by decision level fusion. The proposed decision level
fusion approach would further allow a hybrid system. Deep and shallow
architectures could be compared for each sensor type separately and the
best architecture could be used for further processing.
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Chapter 4

Recognition of Soccer-Specific
Activities

4.1 Introduction

In this chapter, three contributions regarding the recognition of soccer-
specific activities and corresponding applications are presented. Soccer-
specific activities included full-instep and side-foot kicks [Leva 98]. The
goal was to recognize the two kick types by attaching IMU sensors to
soccer players and applying machine learning techniques. Full-instep
kicks can further be classified based on the achieved ball speed. Thus,
an IMU-based ball speed estimation is further presented. The HAR algo-
rithms were integrated in an automatic, sensor-driven video summary
application.

This chapter is structured as follows. First, three studies are intro-
duced, in which IMU data were collected for training and testing the
proposed machine learning techniques. The first two studies were
used to acquire data for the proposed kick classification approaches.
The data in the two studies were acquired during training exercises
(study A) as well as during an 11-a-side game (study B), respectively.
Both studies were published in [Schu 15]. The third study was used to
acquire data for the proposed ball speed estimation approach during
training exercises (study C). The data collection was performed during
the Master Thesis of Carolin Jakob [Jako 16] (supervised by the author of
this dissertation). Second, the two proposed kick classification routines
were described (contribution 6). The algorithms were published in
[Schu 15] and [Schu 16].
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Third, the proposed ball speed estimation algorithm is presented
(contribution 7), which was published in [Schu 16]. Fourth, the men-
tioned video summary application is briefly introduced, which integrated
parts of the previously mentioned algorithms (contribution 8). A patent
application was filed encompassing parts of the algorithmic approaches
and the final video summary system [Kirk 16]. An extension of the
system was further published in [Schu 16].

4.2 Data Collection

4.2.1 Study A: Training Exercises

Subjects

In the conducted study, eleven male amateur players participated (age
29.6 ± 9.2 years, height 182.3 ± 6.3 cm, weight 77.7 ± 9.68 kg, mean ±
standard deviation). All subjects gave written informed consent about
their participation.

Hardware Setup

Each player was equipped with one customized system per leg 1. Each
system comprised a sensor unit and a storage unit (Figure 4.1). The sensor
unit consisted of a MPU-6050 motion processing unit (InvenSense Inc.,
Sunnyvale, CA) [MPU 11] including a triaxial accelerometer and a triaxial
gyroscope. The accelerometer range was set to ± 16 g. The gyroscope
range was set to ± 2000 ◦/s. The customized system of the manufacturer
provided already calibrated values in g and ◦/s. The sampling rate was
adjusted to 1000 Hz. The sensor unit was placed in a cavity of an adidas F50
adizero soccer shoe. The cavity ensured a standardized sensor position
and was robust against additional vibrations. The storage unit consisted
of a MicroSD card integrated in a shin guard. Sensor and storage unit
were connected by cable.

Description of Exercises

Each player had to perform 14 exercises which are comprised in Table 4.1.
Exercise ID, exercise name, number of trials, and the corresponding
event leg are given. Event leg was defined as the leg, with which the

1 Developed by the University of Applied Sciences, Zweibrücken.
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kick was performed. The other leg was defined as supporting leg. The
exercises contained basic soccer-specific activities with and without the
ball. Exercises 1 - 13 were performed outdoors on a grass pitch. Figure 4.2
shows the pitch setup including field dimensions and persons who are
involved in the data collection session. Exercise 14 was performed indoors.
All 14 exercises are described in Figures A.1 - A.11 in the appendix.

Protocol

The single steps of the protocol are described below.

1. Sensor nodes were powered on.

2. Player clapped heels together. This procedure was needed for offline
synchronization. The synchronization method is described later
in this chapter.

3. Exercises listed in Table 4.1 were performed. Exercise 1 - 7 were
performed in the given order and can be seen as a warm up. The
execution sequence of the exercises 8 - 13 were randomized in
order to reduce the influence of the ordering on the algorithm
performance. Exercise 14 was last executed.

4. Player clapped heels together.

5. Sensor nodes were powered off.

6. Sensor data were stored on a PC for offline processing.

A study supervisor accompanied the players and labeled the start and
end of each exercise via smartphone app. During the data acquisition,
the players were further filmed by a video camera.

4.2.2 Study B: 11-A-Side Game

In the conducted 11-a-side game, 17 male amateur players participated
(age 29.6 ± 6.6 years, height 182.3 ± 6.4 cm, weight 80.6 ± 9.2 kg, mean
± standard deviation). All subjects gave written informed consent about
their participation. The game took place in a stadium on the adidas site
in Herzogenaurach, Germany. Only one player, who participated in the
previous described study, was involved in the 11-a-side game.
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A

B

A

B

Figure 4.1.: Hardware setup used in study A (adapted from [Schu 15]). Storage
unit integrated in shin guard (A). Sensor unit placed in cavity of an adidas F50
adizero soccer shoe (B).

A

B

C

16 m

32 m

Figure 4.2.: Pitch setup with field dimensions. Rectangles A, B, and C show the
player equipped with sensors, player without sensors acting as teammate/oppo-
nent/goal keeper, and study supervisor, respectively.
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Table 4.1.: List of exercises. ID, name of exercise, number of trials, and considered event leg are given. Event leg is defined as
the leg, with which the kick was performed.

ID Exercise # Trials Event Leg

1 Walking 1 -
2 Running 3 -
3 Side-stepping 2 -
4 Eight subsequent side-foot kicks 3 Left and right
5 Dribbling 3 Preferred
6 Slalom 3 Preferred
7 Full-instep kicks on stationary ball 3 Left and right

8 Slalom - side-foot kick - jogging 3 Preferred
9 Control with thigh - side-foot kick 3 Preferred
10 Control with chest - side-foot kick 3 Preferred
11 Dribbling - side-foot kick - dribbling 3 Preferred
12 Dribbling - side-foot kick - full-instep kick 3 Preferred
13 Dribbling - tackling - full-instep kick 3 Preferred

14 Interactive player test 1 Preferred
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One player got injured and was not considered for further processing.
Inertial sensor data of both shoes were not available for four players, e.g.
due to sensor problems during the game. Since the proposed algorithms
required information of both shoes, these players were not considered
for further processing. Game data of 45 minutes were captured. No
instructions were given to the players, how to behave on the pitch.

4.2.3 Study C: Ball Speed Measurements using
Hawk Eye

Subjects

In the conducted study, ten male amateur players participated (age 26 ±
2 years, height 180 ± 4 cm, weight 80 ± 5 kg, mean ± standard deviation).
The subjects played in the current or past season in a team attending the
’Landesliga’ (Bavarian sixth league) or a higher league. All subjects gave
written informed consent about their participation.

Hardware Setup

Each player was equipped with nine sensor units (miPod, Portabiles,
GmbH, Erlangen, Germany) [Blan 14]. Four on the left and right lower
extremity (thigh, shank, ankle, heel) and one on the pelvis. In this thesis,
only sensor data of the right ankle sensor was considered (Figure 4.3)
motivated by [Zwic 12]. The sensor unit consisted of a MPU-9150 motion
processing unit including a triaxial accelerometer and a triaxial gyroscope
(InvenSense Inc., Sunnyvale, CA) [MPU 13]. The accelerometer range
was set to ± 16 g. The gyroscope range was set to ± 2000 ◦/s. The
sampling rate was adjusted to 1000 Hz. Accelerometer and gyroscope
data were stored on a NAND flash memory inside the miPod. The IMU
was placed in a strap two fingers above the lateral malleolus in the sagittal
plane.
The Hawk-Eye system was used as reference system (Hawk-Eye Innova-
tions, Basingstoke, UK) [Sher 01]. Sixteen cameras were placed around
the pitch capturing the scene. Each camera acquired 100 frames per
second. In each frame of each camera, the ball was segmented using
among others the information of size and shape of the ball. The cor-
responding 3-D position of the ball was estimated from at least two
different cameras. A ball-flight-path was predicted from the 3-D ball
position enabling the computation of the ball speed. A calibration had
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A

A

B

B

Figure 4.3.: Hardware setup used in study C (adapted from [Jako 16]). IMU
sensor was placed in strap two fingers above the lateral malleolus in the sagittal
plane.

to be performed before the actual acquisition defining among others the
position and field of view for each camera and anchor points.

Description of Exercises

Each player had to perform four exercises including a full-instep kick. The
kicks were executed towards an empty goal from a distance of minimal 11
meters. In the first exercise, the player was asked to perform a full-instep
kick on a stationary ball. The approach angle and amount of steps were
chosen freely by the player. In the second exercise, the player executed a
full-instep kick after a dribbling sequence (Figure 4.4). The approach
angle was approximately 45◦. At least three ball contacts were required
before the kick. The speed of dribbling was chosen individually by the
player. In the third exercise, the player passed the ball to a teammate
(Figure 4.5). The teammate passed the ball back to the player who finished
the exercise with a full-instep kick. In the fourth exercise, the player had
to perform the interactive player test and finish the test with a full-
instep kick (Figure 4.6).
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After executing a pre-defined and varying number of passes, an acoustic
signal indicated that the player had to perform a full-instep kick. Each
exercise was repeated nine times. To obtain a wide range of captured
ball speeds, the players were told to perform the kicks three times softly,
three times with a medium intensity, and three times as hard as possible.

(a) (b) (c) (d)

Figure 4.4.: Full-instep kick after dribbling sequence (adapted from [Jako 16]).

(a) (b) (c) (d)

Figure 4.5.: Full-instep kick after passing to teammate (adapted from [Jako 16]).

(a) (b) (c) (d) (e) (f)

Figure 4.6.: Full-instep kick after interactive player test (adapted from [Jako 16]).
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Protocol

The single steps of the protocol are described below:

1. Sensor nodes were mounted with double adhesive tape on a firm
metallic ruler.

2. Sensor nodes were powered on and the ruler was hit on a table.
This procedure was needed for offline synchronization.

3. Four exercises were performed. The order of the second and third
exercise was changed for every second subject.

4. Sensor nodes were mounted on the ruler and the ruler was hit on a
table.

5. Sensor nodes were powered off.

6. Sensor data were stored on a PC for offline processing.

The data collection took approximately 70 minutes. A study supervisor
accompanied the players and labeled start and end of each exercise via
smartphone app. During the data acquisition, the players were further
filmed by a video camera.

4.3 Kick Classification

4.3.1 Overview

Current IMU-based algorithms in soccer often applied a flat classification
architecture (Figure 1.3a) to classify various soccer-specific activities such
as dribbling, running, and kicking [Mitc 13, Ahma 15, Hoss 17]. These
systems often did not consider a NULL class, achieved a low performance
for kicking, and were mainly evaluated on exercises or pre-segmented
game data. In this section, two kick classification systems are introduced,
which are able to distinguish between full-instep and side-foot kicks. Both
approaches implemented an ARC, but differed in various components.
The first approach explicitly modeled a NULL class containing various
activities such as dribbling and running. The NULL class was considered
in the preprocessing and classification step. The classification step was
based on a hierarchical architecture. For the rest of this thesis, this
algorithm is denoted as ’hierarchical approach’. The second approach
relied on an expert-driven kick phase segmentation. For the rest of this
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Figure 4.7.: Two proposed pipelines for kick classification: hierarchical approach
(left), phase-based approach (right). ACC and GYR denote accelerometer and
gyroscope, respectively.

thesis, this algorithm is denoted as ’phase-based approach’. Parts of the
two algorithms were originally filed in a patent application [Kirk 16]. The
two approaches were further published in [Schu 15] as well as [Schu 16]
and are compared in this thesis. Both techniques were modified in this
work. The modified parts are highlighted in the discussion.

This section is structured as follows. First, the two proposed kick
classification systems are explained. Second, the conducted experiments
and evaluation are described. Third, the results are presented. Fourth,
the results are finally discussed.
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4.3.2 Hierarchical Kick Classification System

Figure 4.7 (left) shows the pipeline of the proposed hierarchical kick
classification system. The pipeline consisted of five major steps, which
are explained in the following sections.

Preprocessing and Segmentation

The preprocessing step included synchronization and peak detection.
The synchronization of the two IMUs was performed manually. As pre-
viously mentioned, each player was asked to clap both shoes together.
The clapping of the shoes resulted in high peaks in the accelerometer
signal of the sensors in both shoes. The peaks were used as common
synchronization point.

The peak detection exploited the fact that biomechanical data of kicks
are characterized by a sudden transition from low-frequency (before
and after impact) to high-frequency (during impact) [Shin 09]. It was
assumed that the kick candidates were represented as peaks in the high-
frequency components of the accelerometer data. In order to detect the
peaks, five steps were performed. First, a Butterworth high-pass filter
was applied to the accelerometer data acquired for the left and right leg
(section 2.4). High-pass filtering enabled the removal of low frequency
content of NULL class activities such as running. The Butterworth high-
pass filter was applied with an order L and a cutoff frequency fc. Second,
the SMV of the high-pass filtered signal was computed for both legs
(Equation 2.6). Computing the SMV enabled the determination of move-
ment intensity and removal of movement direction [Kara 06]. Third, the
SMV signals were subtracted from each other and the absolute values
of the resulting signal amplitudes were computed. It was assumed that
during the execution of a kick, the signal intensity of the event and sup-
porting leg differed. In the fourth step, thresholding was applied. Peaks
below a certain threshold θ were removed from further processing. In the
fifth step, peaks above the threshold were sorted in descending order re-
garding the corresponding amplitude. Peaks, which occurred 0.5 s before
and after a detected, higher-ranked peak, were removed. It was assumed
that no additional kick can occur during this period. The optimization
of the parameters of the peak detection (L, fc, θ) is described later in
this section.

In the segmentation step, a window centered around each previously
detected peak was defined. The authors in [Brop 07] measured a total
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duration of 790 ms for a kick. Thus, a window size of 1 s was chosen.
Linear acceleration and angular velocity data of both left and right legs
were considered for further processing.

Event Leg Classification

A side-foot-kick and a full-instep kick can be performed with the left
or the right leg. It was assumed that the kick execution was bilaterally
symmetrical to the sagittal plane. In order to avoid developing and
training one system for each leg configuration, an early leg classification
(event vs. supporting leg) was performed.

The leg classification procedure consisted of three steps. First, a sym-
metry transformation was performed with reference to the sagittal plane.
In the symmetry transformation, the sign of the linear acceleration am-
plitude in mediolateral direction and the sign of the angular velocity
amplitude in the frontal and transverse plane were changed (Figure 2.1).
Second, the features listed in Table 2.1 were extracted. In total, 112 fea-
tures were computed. A correlation-based feature selection routine was
applied to reduce the number of features (section 2.4). In the third step,
the selected features were used as input for a classifier. The classifier
mapped left and right leg to event and supporting leg. The set of tested
classifiers is described later.

Kick Type Classification

In the kick type classification step, a hierarchical recognition approach
(Figure 1.3b) was applied considering two subsystems denoted as BASE
and KICK. First, the BASE subsystem aimed at distinguishing between
a merged side-foot/full-instep kick class and a NULL class. The NULL
class included activities such as tackling, running, and side-stepping.
Predicted NULL class instances were removed from further processing.
Second, the KICK subsystem aimed at distinguishing between side-foot
and full-instep kick. Both subsystems consisted of the same feature
extraction and classification procedure as in the event leg classification.

Post-Processing

Four post-processing steps were applied in order to refine the decisions
of the kick type classification routine. The steps were defined after the
evaluation of the algorithm on the 11-a-side game and are motivated in
the following paragraphs.
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1. The peak detection routine determined more than one peak as kick
candidate around the actual kick in the sensor data. Therefore,
peaks in a 1-s window which shared the same classifier decision were
considered as a peak chunk. In order to reduce the final number
of peaks, the mean of the peaks in each chunk was considered for
further processing.

2. It was assumed that a side-foot kick cannot follow a full-instep kick
in a time interval of 2 s. Thus, side-foot kicks, which did not fulfill
the requirement, were removed.

3. One major characteristic of a full-instep kick is that the vertical
acceleration saturates before the actual ball contact (Figure 4.8a).
Predicted full-instep kicks, for which a saturation phase of below
10 ms were detected, were reclassified as side-foot kicks. Predicted
NULL instances, for which a saturation phase of above 10 ms were
detected, were reclassified as full-instep kicks.

4. One major characteristic of a full-instep kick is that the angular
velocity in the sagittal plane reaches a maximum before the ball
contact [Reil 03, Bull 99]. Predicted full-instep kicks, for which
a maximum angular velocity below 1000 ◦/s was reached, were
classified as side-foot kicks.

4.3.3 Phase-Based Kick Classification System

Figure 4.7 (right) shows the pipeline of the proposed phase-based kick
classification system. The pipeline consisted of four major steps, which
are explained in the following sections.

Preprocessing

The preprocessing step included synchronization and peak detection.
The synchronization of the two IMUs was performed manually and was
already described in section 4.3.2.

The main difference of the peak detection to the method described
in section 4.3.2 was that kick candidates were determined for both legs
separately and fused in the final step. The proposed technique consisted
of four main steps including sensor type selection, Butterworth high-pass
filtering, SMV computation, and thresholding. These four steps were per-
formed for the data of each leg, separately. Figure 4.8 shows an example
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of the single peak detection steps based on the linear acceleration of a
full-instep kick. The sensor type selection offered the possibility to select
the most appropriate sensor type ST for peak detection (accelerometer
or gyroscope). High-pass filtering was performed in order to extract
only high frequency parts in the sensor data, which were assumed to
be candidates of kicks (Figure 4.8b). The Butterworth high-pass filter
was applied with an order L and a cutoff frequency fc. The SMV was
computed (Equation 2.6) in order to remove the direction information
(Figure 4.8c). Thresholding was performed in order to remove regions
with a corresponding peak below a threshold θ. The positions of detected
peaks from left and right leg were fused. The optimization of the param-
eters of the peak detection (ST , L, fc, θ) is described later in this section.
It was assumed that only side-foot kicks and full-instep kicks instances
passed the peak detection step.

Event Leg Classification

The main difference of the event leg classification to the method described
in section 4.3.2 was the reduction of the computational complexity. The
leg classification procedure consisted of three steps. First, a window
was defined around the previously determined peaks. The start of the
window was defined 0.1 seconds before and 0.4 seconds after the peak
motivated by [Brop 07].

Second, a symmetry transformation was performed with reference
to the sagittal plane. In the symmetry transformation, the sign of the
linear acceleration amplitude in mediolateral direction and the sign of
the angular velocity amplitude in the frontal and transverse plane were
changed.

Third, the legs were classified into event and supporting leg. The dis-
crimination was based on the SMA (Equation 2.9), which was computed
for the accelerometer signal of both legs. The leg, which showed the
highest SMA value, was assumed to be the event leg. Further processing
was performed with sensor data of the event leg.

Kick Phase Segmentation

The kick phase segmentation aimed at dividing the signals of the event
leg into phases driven by biomechanical expert knowledge. Instants and
phases were extracted during the approach and kicking motion. The
phases were defined for the full-instep kick. Instances, which did not
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pass the kick phase segmentation, were assumed to be side-foot kicks.
Two instants (heel strike, mid swing) were computed based on the last
step of the approach before the actual kick [Ounp 94, Duga 05]. Two
instants (start of leg acceleration, ball contact) were computed based on
the kicking motion [Nuno 02, Brop 07]. All instances were determined by
signals in the sagittal plane motivated by [Dör 99, Nuno 02, Kell 07]. The
definitions of the instants are given below. The processing was performed
according to the given order. The kick phase segmentation is further
illustrated in Figure 4.9.
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1. Ball contact: first extremum of the angular acceleration motivated
by [Nuno 06].

2. Start of leg-acceleration phase: last zero-crossing of angular
velocity before ball contact motivated by [Nuno 02].

3. Mid swing: local maximum angular velocity before leg-
acceleration motivated by [Amin 02].

4. Heel strike: next local minimum angular velocity after mid swing
motivated by [Amin 02].

The segmented part between start of leg-acceleration phase and ball
contact was the considered region of interest for feature extraction. The
location of the heel strike was needed for the mentioned video summary
application, which is described in section 4.5.3.

Kick Type Classification

The main difference of the kick type classification compared to the
method described in section 4.3.2 was the reduction of the computa-
tional complexity. The kick type classification consisted of two steps.
First, feature extraction was performed based on sensor data of the event
leg. The leg-acceleration phase determined in the previous step was
considered as region of interest for feature extraction. The absolute sum
of the signal was computed for each accelerometer and gyroscope axis.
The features reflected the different movement directions of side-foot and
full-instep kicks [Leva 98]. In total, six features were extracted. The fea-
tures were used as input for a classifier. The set of investigated classifiers
is described later in this chapter.

4.3.4 Experiments and Evaluation

The two previously described kick classification systems were tested on
data of a pre-defined protocol containing specific exercises (section 4.2,
study A) and data of an 11-a-side game (section 4.2, study B). Data of study
A was used to compare peak detection, event leg classification, and kick
type classification routines of both algorithms separately. Pre-segmented
sensor data was used as input. Data of study B was used to test a complete
pre-trained kick classification system on non-segmented game data.
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4.3. Kick Classification

This section is structured as follows. First, the preparation of data from
study A (exercises) and data from study B (11-a-side game) are summa-
rized. Second, the optimization procedure of the peak detection routines
are comprised. Third, the optimization of the classifier parameters is
introduced. Fourth, the conducted experiments are described.

Data Preparation: Study A

The following paragraphs explain, how the sensor data were pre-segment-
ed. The captured video data of the exercises were used to label ’full-instep
kick’, and ’side-foot kick’ in exercises 8 - 14 (Table 4.1). The time point
of ’full-instep kick’ and ’side-foot kick’ executions were selected and the
corresponding sensor data around the time points were directly used for
further processing.

Sensor data of ’full-instep kick’ and ’side-foot kick’ based on exercises
4 and 7 (Table 4.1) as well as NULL class activities, which appeared in all
exercises, were automatically segmented. NULL class activities contained
dribbling, walking, jogging, moving back, side-stepping, running, and
slalom (Table 4.1). The motivation of an automatic data segmentation
procedure was twofold. First, an automatic technique reduced the time
to label kick instances. Second, a manual labeling of NULL class in-
stances was challenging, since it was not clear which part of the sensor
data should be taken for segmentation. The automatic segmentation
algorithm consisted of five steps based on the angular velocity of the event
leg and is illustrated in (Figure 4.10). First, the angular acceleration was
computed for each gyroscope axis. Second, the SMV of the angular accel-
eration was computed (Figure 4.10b). Third, the maximum amplitude of
the SMV was determined. Fourth, segmentation borders were defined
(Figure 4.10b). The start and end point was set 1.5 s before and 1.5 s after
the time of the maximum amplitude, respectively. The corresponding
linear acceleration and angular velocity signals between the segmentation
borders were extracted and considered for further processing. Fifth, the
SMV amplitudes between the segmentation borders were set to zero (Fig-
ure 4.10c). Step three to five were iteratively performed until a stopping
criterion was reached. The stopping criterion was a pre-defined number
of extracted instances dependent on the exercise, e.g. eight for exercise
’eight subsequent side-foot kicks’.
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Data Preparation: Study B

The captured video data of the 11-a-side game were used to select the time
points of ’full-instep kick’ and ’side-foot kick’ executions. No further auto-
matic segmentation steps were applied compared to the data preparation
of study A.

Peak Detection Parameter Optimization

The peak detection techniques of both the hierarchical and the phase-
based kick classification aimed at determining time points which belong
to candidates of full-instep and side-foot kicks. In the training phase of
both peak detection algorithms, the pre-segmented sensor data described
in the previous section was considered. The segmented data was grouped
into two classes. Instances, which contained either full-instep or side-foot
kicks, belonged to the true class. Instances from NULL class activities
belonged to the false class.

In the hierarchical kick classification L, fc, and θ had to be optimized.
In order to reduce the number of parameters in the optimization pro-
cedure, L was set to 2. The optimization procedure of fc and θ was
performed in a LOSO-CV and is described below:

• Cut-off frequency fc: it was assumed that the peaks occurred in
higher-frequency bands. The magnitude of the Discrete Fourier
Transform coefficients (Equation 2.4) was computed for each of
the three accelerometer axes. Instances of full-instep and side-foot
kicks were considered. The energy was computed by summing
the squared magnitudes of coefficients. The determined cut-off
frequency of each instance was set to the frequency up to which
90 % of the energy was reached. The final chosen cut-off frequency
was the median of the single cut-off frequencies of the considered
kick instances.

• Threshold θ: in order to optimize θ, the first three steps of the
peak detection routine were applied to all instances (Butterworth
filtering using the previously determined cut-off frequency, SMV
computation, computation of absolute difference). The maximum
amplitude of each instance was considered for further processing.
A grid search was applied regarding minimum and maximum of the
previously determined amplitudes. In every grid search iteration,
True Positive Rate (TPR) and the False Positive Rate (FPR) were
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computed and added to a ROC curve as illustrated in Figure 4.11a.
One point on the ROC curve represented one selected threshold θ.
In order to determine the final parameter setting, a target true pos-
itive rate TPRT = 95 % was selected. All parameter combinations,
which resulted in a TPR higher than TPRT were considered for
selection. The threshold, for which the lowest FPR was achieved,
was set as the final threshold.

In the phase-based kick classification, ST , L, fc, and θ had to be opti-
mized. Compared to the previously described procedure, all four parame-
ters were optimized by ROC analysis, which is explained in the following
paragraphs. The ROC curve is illustrated in Figure 4.11b. A nested grid
search was applied. The first three loops considered ST , L, and fc. The
values of the parameters of ST , L, and fc were fixed and were determined
before grid search execution:

ST ∈ {accelerometer, gyroscope}
L ∈ {2, 3, 4, 5}
fc ∈ {50 · k}|k∈{5,...,10}

In each grid search iteration, sensor type selection, high-pass filtering,
and SMV computation were applied to event leg instances of true and
false class for the current parameter setting of the first three loops. The
maximum amplitudes of the SMV of all instances were determined. The
range of the fourth loop over θ was set from the minimum amplitude to
the maximum amplitude of the previously computed maximum signal
magnitude values. In every grid search iteration, TPR and the FPR were
computed and added to a ROC curve as illustrated in Figure 4.11. One
point on the ROC curve represents one selected parameter configuration
and was determined by LOSO-CV. In order to determine the final pa-
rameter setting, a target TPR TPRT = 95 % was selected. All parameter
combinations, which resulted in a TPR higher than TPRT , were consid-
ered for selection. The parameter configuration with the lowest FPR was
defined as best parameter setting.
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Figure 4.11.: ROC analysis of hierarchical (a) and phase-based (b) system. True
positive rate is plotted over false positive rate. TPRT denotes the target true
positive rate. The parameters sensor type selection, order as well as cut-off
frequency of Butterworth filter, and threshold are denoted as STT , LT , fc,T , and
θT , respectively.
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Classifier Parameter Optimization

The classifier parameter optimization in the event leg and kick type
classification routines of the hierarchical system as well as in the kick
type classification routine of the phase-based approach was performed
in a similar manner. The five classifiers NB, SVM, k-NN, CART, and RF
were applied to the corresponding algorithm-specific features. The class
imbalance was tackled by SMOTE filtering [Chaw 02]. The linear kernel
was used in the SVM classifier. The cost parameter C in the SVM, the
number of neighbors k in k-NN, and the number of trees ntree in the RF
classifier were optimized by grid search (C ∈ {2N}, N ∈ {−10, ..., 10},
k ∈ {3, 5, 7}, ntree ∈ {5, 10, 15, 20}). The parameter optimization for all
classifiers was performed in a LOSO-CV.

Experiments

Four experiments were conducted. The first three experiments were
based on pre-segmented exercise instances (section 4.2, study A). The
fourth experiment was based on data from the 11-a-side game (section 4.2,
study B). The experiments are described below.

• Experiment 1: Comparison of peak detection
In order to evaluate the two peak detection routines, the pre-
segmented instances were divided into instances of a true class
and instances of a false class. The true class included instances of
full-instep and side-foot kicks. The false class included instances
of additional activities such as dribbling or moving forward with-
out the ball. In total, 986 instances of the true class and 989 in-
stances of the false class were available. The evaluation was based
on LOSO-CV. In each LOSO-CV loop, the corresponding pre-
described optimization schemes were applied. The corresponding
best parameter setting was used for left-out subjects. The three
performance measures TPR, FPR, and precision were determined
for each LOSO-CV trial (section 2.4.8). The mean and standard
deviation of the three performance measures were computed.

• Experiment 2: Comparison of event leg classification
In order to evaluate the two event leg classification routines, pre-
segmented sensor data were used based on the two exercises ’eight
subsequent side-foot kicks’ and ’full-instep kicks’ (Table 4.1). In
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total, 593 instances were available. The mean and standard devia-
tion of the sensitivities for left and right leg as well as the balanced
accuracy were defined as performance measures determined by
LOSO-CV (section 2.4.8). For the hierarchical system, the pre-
described classifier parameter optimization scheme was applied
in each LOSO-CV trial. The number of selected features across
the LOSO-CV trials was further determined for the hierarchical
system (mean ± standard deviation).

• Experiment 3: Comparison of kick type classification
In order to evaluate the two kick type classification routines (side-
foot vs. full-instep kick), all pre-segmented instances of side-foot
and full-instep kicks were considered. In total, 870 instances of side-
foot kicks and 116 instances of full-instep kicks were available. The
mean and standard deviation of the sensitivities of side-foot and
full-instep kicks as well as the balanced accuracy were computed in
a LOSO-CV. In each LOSO-CV trial, the pre-described classifier
parameter optimization scheme was applied. For the hierarchical
approach, the BASE subsystem was evaluated separately. In total,
986 and 989 instances of kick and NULL were available, respectively.
The number of selected features across the LOSO-CV trials was
further determined for all classification systems of the hierarchical
approach (mean ± standard deviation).

• Experiment 4: Evaluation on game data
In order to evaluate a complete kick classification system on game
data, the following procedure was applied to the system, which
achieved the best balanced accuracy in experiment 3. The single
systems for peak detection, event leg classification, and kick type
classification were trained based on all the pre-segmented instances
acquired in study A (training exercises). The trained systems were
tested on the non-segmented sensor data of the 11-a-side game. In
total, the test set included 279 instances of side-foot kicks and 18
instances of full-instep kicks from 12 players. The evaluation of
the complete kick classification system included the performance
assessment of peak detection and kick type classification routine.
The computed performance measures were based on the confusion
matrix, shown in Table 4.2. The confusion matrix considered the
three classes ’side-foot kick’, ’full-instep kick’, and ’NULL’. Each of
the nine entries is described below. Since the hierarchical approach
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achieved the highest balanced accuracy in experiment 3, compo-
nents of the proposed algorithm are mentioned.

– C1,1: time between predicted side-foot kick and ground truth
side-foot kick is less than δ s.

– C1,2: time between predicted side-foot kick and ground truth
full-instep kick is less than δ s.

– C1,3: time between predicted side-foot kick and any ground
truth kick type (side-foot kick or full-instep kick) is larger
than δ s.

– C2,1: time between predicted full-instep kick and ground
truth side-foot kick is less than δ s.

– C2,2: time between predicted full-instep kick and ground
truth full-instep kick is less than δ s.

– C2,3: time between predicted full-instep kick and any ground
truth kick type (side-foot kick or full-instep kick) is larger
than δ s.

– C3,1,1: time between one detected peak position, which was
classified as NULL by BASE subsystem, and one ground truth
side-foot kick was less than δ s.

– C3,1,2: ground truth side-foot kick did not pass peak detection
routine.

– C3,2,1: time between one peak position, which was classified
as NULL by BASE subsystem, and one ground truth full-instep
kick was less than δ s.

– C3,2,2: ground truth full-instep kick did not pass peak detec-
tion routine.

Table 4.2.: Confusion matrix for three-class problem (side-foot kick vs. full-
instep kick vs. NULL class). Each entry represents the number of classified
instances. Columns indicate actual class. Rows indicate predicted class.

Side-foot kick Full-instep kick NULL

Side-foot kick C1,1 C1,2 C1,3

Full-instep kick C2,1 C2,2 C2,3

NULL C3,1,1 + C3,1,2 C3,2,1 + C3,2,2 C3,3
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– C3,3: instances which passed peak detection routine and were
correctly classified as NULL by BASE subsystem.

In this experiment, δ was set to 0.5 s. For simplicity, the following
sums of matrix entries were defined:

C1,∗ = C1,1 + C1,2 + C1,3

C2,∗ = C2,1 + C2,2 + C2,3

C3,∗ = C3,1,1 + C3,1,2 + C3,2,1 + C3,2,2 + C3,3

C∗,1 = C1,1 + C2,1 + C3,1,1 + C3,1,2

C∗,2 = C1,2 + C2,2 + C3,2,1 + C3,2,2

C∗,3 = C1,3 + C2,3 + C3,3

Ck = C1,1 + C1,2 + C2,1 + C2,2

In order to evaluate the peak detection routine, the total number
of peaks is given, which coincides with the number of 1 s windows
considered for further processing. Based on the confusion matrix
shown in Table 4.2, the TPR and FPR were computed for the peak
detection routine as defined below:

TPR =
Ck + C3,1,1 + C3,2,1

C∗,1 + C∗,2

FPR =
C1,3 + C2,3

C∗,3

The evaluation of the kick type classification routine was twofold.
First, sensitivity and precision of the BASE subsystem were com-
puted:

Sensitivity =
Ck

Ck + C3,1,1 + C3,2,1

Precision =
Ck

C1,∗ + C2,∗
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Second, sensitivity regarding side-foot and full-instep kick as well
as balanced accuracy of the KICK subsystem were computed:

Sensitivity(side− foot) =
C1,1

C1,1 + C2,1

Sensitivity(full − instep) =
C2,2

C1,2 + C2,2

Balanced accuracy was defined as the mean of the sensitivities of
both kick types.

4.3.5 Results

Experiments 1 - 3

The achieved performance measures for peak detection, event leg classi-
fication, and kick type classification (side-foot vs. full-instep kick) are
comprised in Table 4.4a, 4.4b, and 4.4c, respectively. Table 4.5a sum-
marizes the performance measures for the kick type classification in the
hierarchical system (BASE subsystem). The number of selected features
in the single steps event leg classification and kick type classification
(hierarchical system) are given in Table 4.5b.

Experiment 4

The confusion matrix after applying the proposed hierarchical kick clas-
sification system on the 11-a-side game data is depicted in Table 4.5. In
total, 1355 peaks were detected by the proposed hierarchical kick classi-
fication system across all players. The peak detection routine achieved
a TPR of 90.2 % and a FPR of 24.3 %. The BASE subsystem of the kick
type classification routine achieved a sensitivity of 88.4 % and a precision
of 47.3 %. The KICK subsystem of the kick type classification routine
achieved a sensitivity of 87.7 % and 82.4 % for side-foot and full-instep
kick, respectively. A balanced accuracy of 85.0 % was reached.

4.3.6 Discussion

In this section, two kick classification systems were developed, imple-
mented, and evaluated (Figure 4.7). The achieved results are discussed
in the following paragraphs. The discussion is structured as follows.
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Table 4.3.:Comparison of two kick classification methods (hierarchical vs. phase-
based approach) regarding peak detection (a), event leg classification (b), and
kick type classification (c).

Performancemeasure Hierarchical Phase-based

True positive rate 95.0 ± 7.2 94.8 ± 2.6
False positive rate 19.2 ± 9.3 11.8 ± 7.2
Precision 83.9 ± 6.2 89.1 ± 6.1

(a) Peak detection. True positive rate, false positive rate, and precision are given

in percent.

Class Hierarchical Phase-based

Left leg 99.7 ± 1.1 99.0 ± 1.7
Right leg 99.7 ± 1.1 99.7 ± 1.1

Mean 99.7 ± 0.0 99.3 ± 0.5

(b) Event leg classification. Sensitivities and balanced accuracies are given in

percent. The highest balanced accuracy was achieved by k-NN classifier for the

hierarchical algorithm.

Class Hierarchical Phase-based

Side-foot kick 98.4 ± 2.0 96.1 ± 4.3
Full-instep kick 94.7 ± 8.2 a92.1 ± 11.6

Mean 96.5 ± 2.6 94.1 ± 2.8

(c) Kick type classification. Sensitivities and balanced accuracies are given in

percent. The highest balanced accuracy was achieved by NB and SVM classifier

for hierarchical and phase-based algorithm, respectively.

First, the modifications compared to the original publications [Schu 15,
Schu 16] are comprised. Second, the peak detection, event leg classifi-
cation, and kick type classification routines are discussed (experiment
1 - 3). Third, evaluation of the game data is investigated (experiment 4).
Fourth, the proposed approaches are compared to currently available
literature. The section concludes with future work.

Modifications Compared to Original Publications

Compared to the original publications [Schu 15, Schu 16], modifications
were made. In [Schu 15], 48 statistical features were extracted in the
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Table 4.4.: Evaluation of hierarchical system. Performance of BASE classification
system (a) and correlation-based feature selection of BASE and KICK subsystem
(b) are given.

Class Sensitivity

Kick 97.0 ± 1.9
NULL 98.0 ± 2.0

Mean 97.5 ± 0.7

(a) BASE subsystem. Sensitivities of Kick and NULL class as well as balanced

accuracy are given in percent. k-NN achieved highest balanced accuracy.

Classification algorithm Number of selected
features

Event leg 12.5 ± 2.7
Kick type (BASE subsystem) 16.6 ± 1.9
Kick type (KICK subsystem) a7.6 ± 1.0

(b) Correlation-based feature selection results for event leg and kick type classifica-

tion (BASE and KICK subsystems). Number of selected features (mean ± standard

deviation).

Table 4.5.: Confusion matrix for three-class problem (side-foot kick vs. full-
instep kick vs. NULL class). Each entry represents the number of classified
instances. Columns indicate actual class. Rows indicate predicted class. Defini-
tion of matrix entries is given in Table 4.2.

Side-foot
kick

Full-instep
kick

NULL

Side-foot kick 193 3 211
Full-instep kick 27 14 53
NULL 31 + 28 0 + 1 823

event leg and kick type classification steps. The feature set in this thesis
consisted of 112 feature followed by a feature selection routine, in order
to provide an optimized feature set for each classification problem. The
set of tested classifiers were further extended in this thesis compared to
[Schu 15, Schu 16]. Compared to [Schu 16], the set of instances used in
the evaluation was extended by including more exercises. The conducted
experiments described in [Schu 15, Schu 16] were also extended.
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The accuracy of BASE and KICK subsystem (experiment 4) were com-
parable to the performance achieved in [Schu 15]. The performance of
the BASE and KICK subsystem slightly decreased by 1.1 % and increased
by 0.8 %, respectively.

The TPR of the peak detection and the sensitivity for side-foot kicks
of the kick type classification (Table 4.3) were further comparable to the
performance achieved in [Schu 16]. The performance of the kick type
classification routine for full-instep kicks decreased by 3.5 %. The reason
might be that more instances were used in this thesis. Some instances
might be misclassified as side-foot kicks.

Comparison of Kick Classification Components

Both peak detection routines included similar signal processing com-
ponents such as high-pass filtering, SMV computation, and thresholding.
TPRs of above 94 %, FPRs below 20 %, and precision values above 83 %
showed the general applicability of both methods to detect kick can-
didates (Table 4.4a). One advantage of both methods is the generic
architecture due to the applied optimization scheme. The algorithms
can e.g. also be applied to sensor data acquired on a different sensor
position such as the ankle position shown in Figure 4.3. Both methods
exploited the fact that biomechanical data of kicks are characterized by a
sudden transition from low-frequency (before and after impact) to high-
frequency (during impact). Nevertheless, the performance of the peak
detection routine in the phase-based approach seemed to be slightly bet-
ter indicated by a lower FPR and a higher precision . The reason might be
that the ROC analysis of the peak detection in the phase-based approach
included more parameters in the optimization, e.g. the signal type and
the order of the Butterworth filter (Figure 4.11b). In order to further
reduce the number of false positives, the corresponding soccer-specific
activities which fall in the false positive group should be investigated. An
automatic cluster analysis might identify a group of activities, e.g. ball
contacts during dribbling, which might be eliminated by an additional
processing step.

Both event leg classification routineswere able to recognize the cor-
rect leg, which was used to perform either a side-foot or a full-instep kick
(Table 4.4b). One main difference is the number of extracted features.
The correlation-based feature selection in the hierarchical approach de-
termined 12.5 features on average (Table 4.5b) compared to only one
computed features in the phase-based approach. Thus, computing the
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SMA seemed to be sufficient for event leg classification. An additional
advantage is that the classifier is only based on one rule without any
parameters which have to be optimized in a training phase. Nevertheless,
both approaches were only evaluated on data of kicks. In future, the
event leg classification could be extended to more complex activities such
as dribbling. Statistics about the leg usage in dribbling scenes might give
coaches further insights in the performance of individual players. In the
more complex scenarios, the event leg classification routine in the hier-
archical approach might outperform the corresponding expert-driven
one due to the more generic architecture.

Both kick type classification routines achieved balanced accuracy
values of above 94 % (Table 4.4c). Thus, side-foot and full-instep kicks
seemed to be distinguishable from each other, at least in a training session
with pre-defined exercises. The sensitivity of side-foot kicks were higher
in both routines. The reason might be that more instances were available
and the SMOTE filtering was not able to generate adequate synthetic
instances of full-instep kicks. The correlation-based feature selection
in the hierarchical approach determined almost the same number of
features than in the phase-based approach, which used a fixed feature set
(Table 4.5b). Both feature sets might be interchangeable. The single mean
sensitivities were further slightly higher in the hierarchical approach and
the corresponding standard deviations were lower (Table 4.4c). This
indicates that the hierarchical approach achieved a better performance
regarding unseen players and seemed to be more robust regarding player
variability. The BASE subsystem in the hierarchical approach further
showed an overall good performance indicated by a balanced accuracy of
97.5 % (Table 4.5a). The BASE system can be used to remove non-kick
activities which passed the peak detection routine.

Both systems showed advantages in different routines. The precision
of the peak detection routine was e.g. better in the phase-based approach,
whereas the kick type classification in the hierarchical approach achieved
a better performance. In the future, a fusion of both algorithms should
be investigated. The module-like architecture of both methods might
benefit the fusion process, since the single routines are interchangeable
(Figure 4.7).

Evaluation on GameData

The hierarchical approach was further applied on game data. The perfor-
mance of the peak detection dropped by about 5 % regarding both TPR
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and FPR. The lower TPR might be explained by the different executions
of side-foot kicks and full-instep kicks in the game. Since the hierarchical
system was trained on exercise data, the mentioned variability was not
modeled. The higher FPR indicates that additional activities occur in
a game scenario which were also not considered in the training phase.
Future systems should include game data in the training process of HAR
systems in order to improve the performance. The proposed algorithm
might be used as first version of a kick detection system, which further
implements online learning techniques to gather game scenarios. Game
data can be used to re-train the system and improve the accuracy. Never-
theless, detecting 1355 peaks which included 90 % of the desired events
showed the general applicability of the peak detection routine to find
kick candidates. One major advantage of using peak detection is the re-
duction of windows that are considered for further processing. Assuming
a game duration of 45 minutes and a sliding window approach (1 s width)
for sequence data processing, 2700 windows have to be processed. With
the proposed peak detection, the number of processed windows could
be reduced by about 50 %. The lower number of processed windows
might enable an implementation on embedded devices with a reduced
computational complexity. Future research should investigate the per-
formance of the peak detection routine with a lower sampling rate. The
sampling rate could be one additional component in the ROC analysis
(Figure 4.11a).

The BASE subsystem removed 31 instances of side-foot kicks for further
processing (Table 4.5). The reason might be that the side-foot kick ex-
ecution differed from the execution during exercises. Side-foot kicks
occurring in a game might be part of a high dynamic sequence of move-
ments, which could not be captured in a training session. Since the
instances passed the peak detection, the selected parameters for the But-
terworth filter and the threshold seemed to be appropriate. Nevertheless,
the selected features in the BASE subsystem did not capture the variabil-
ity of side-foot kick executions. Future systems should consider more
side-foot kicks, which are performed e.g. with the lateral side or other
areas of the foot. Nevertheless, the BASE subsystem correctly removed
823 instances for further processing (Table 4.5). The BASE subsystem
can be seen as a second outlier detection apart from the peak detection
routine. Although a high number of outlier instances could be removed,
264 instances were wrongly predicted as kicks resulting in a low preci-
sion of 47.3 %. The false positives were further investigated. Out of the
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264 false positives, 90 and 52 peak-aligned segmentation windows were
close to a control and a long pass, respectively. These activities were not
considered in the training phase of the system. Thus, the BASE sub-
system further recognized additional low-intensity and high-intensity
ball contacts. In the future, the hierarchy of the proposed algorithm
could be extended by additional ball contact types. The first level might
distinguish between instances with and without the involvement of the
ball. The second level might further divide the ball contact instances into
low-intensity and high-intensity ball contacts. Examples of low-intensity
ball contacts might be controls and side-foot kicks. Examples of high-
intensity ball contacts might be long passes and full-instep kicks. The
third level might further distinguish the instances among the different
intensity ball contacts. Neglecting the controls and long passes results in
122 remaining false positives based on 12 players. This means that in 45
minutes about 10 instances were wrongly predicted as kicks by the pro-
posed BASE subsystem. The instances might include peak-rich activities
such a dribbling and running. The low number of player-specific false
positives in reference to the low achieved precision indicates one major
challenge of IMU-based HAR in soccer. The target activities, in this case
kicks, rarely appear in game scenarios and only a few misclassifications
result in a low performance of the complete system. Thus, applications in
professional team sports, which require a high accuracy of the detected
events, might not use IMU-based systems as alternative to expensive
camera-based systems to compute game statistics. Nevertheless, am-
ateur teams, which would like to assess the performance of players in
training sessions might benefit from such a low-cost IMU-based HAR
system. Although it is challenging to apply the proposed approach for
player performance assessment, various other application domains might
be possible. One example is shown later in this chapter.

The high balanced accuracy of 85.0 % shows the general applicability
of the KICK subsystem and the subsequent post-processing steps to dis-
tinguish between side-foot kick and full-instep kick. The combination
of the two step classification scheme seems to be beneficial. First, the
rather generic KICK subsystem provides a first distinction between the
two kick types based on an automatic, data-driven approach. Second,
certain rules and expert knowledge were included in the system for a
decision refinement. The thresholds, which were currently used in the
post-processing step, were manually set. Future research should deter-
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mine the thresholds by an automatic optimization scheme based on a
large amount of game data.

Comparison to Literature

The best single kick classification technique, the hierarchical approach,
is further compared to state-of-the-art algorithms. The comparison to
literature is divided into two parts. The first part deals with the different
sensor configurations. The second part considers the applied algorithmic
concepts and the corresponding evaluation.

Compared to the current literature, a higher sampling rate was used
in this thesis which might be beneficial to detect high frequency sig-
nal parts. It was assumed that high frequency signal parts might indi-
cate ball contacts. Using a much lower sampling rate, e.g. 16 Hz as in
[Mitc 13] might remove important signal characteristics. The number of
attached sensors and considered sensor types were also higher in this
thesis compared to commonly available state-of-the-art approaches. In
this work, two sensors were used placed inside a soccer shoe cavity (Fig-
ure 4.1). Each sensor comprised both an accelerometer and a gyroscope.
In [Mitc 13, Ahma 15, Hoss 17], only one accelerometer was used attached
to the upper back, to the shank, and to the wrist, respectively. Advantages
of the proposed sensor setup are that (a) information of both event and
supporting leg can be considered in the algorithms and (b) the players
are often not aware of wearing a sensor unit, if it is inside the sports
equipment. Attaching a sensor on the wrist or at the upper back might
influence the player during the execution of soccer-specific activities.

The authors in [Mitc 13] implemented an ARC for a multi-class classifi-
cation problem (stationary, walking, jogging, sprinting, hitting the ball,
attempting a standing tackle, and dribbling the ball). The windows were
not centered around peaks. The algorithm was evaluated on five five-a-
side soccer games each lasting one hour. In total, data from 15 players
were recorded and a F1-score of about 74 % was achieved for hitting the
ball. Compared to the 7-class problem in [Mitc 13], the BASE subsystem
solved a 2-class problem and achieved a F1-score of 61.6 % considering
game data. Although the proposed approach achieved a lower perfor-
mance, the defined experiment might be more realistic. In [Mitc 13], data
were manually segmented not considering the huge amount of additional
soccer-specific activities. Furthermore, instances of the same player were
used in the training and test set. Compared to [Mitc 13], the complete
game data was considered for evaluation and the players in training and
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set mainly differed. Only one player took part in both data collection
sessions. Future research should compare both methods using the same
dataset.

In [Ahma 15], an ARC was implemented solving a 6-class problem.
The set of target activities included football free kicks. The algorithm
was evaluated on pre-defined exercises. The proposed system achieved a
sensitivity of 83.9 % regarding kicking. In this thesis, the KICK subsystem
achieved a sensitivity of 94.7 % and 82.4 % considering exercise and game
data, respectively. Thus, the proposed approach outperformed the system
introduced in [Ahma 15] using a comparable study setup and achieved a
similar performance using a more complex game scenario. This means
that the proposed system might be more applicable in realistic settings
than the method described in [Ahma 15]. Nevertheless, two sensors with
two sensor types were needed compared to one sensor and one sensor
type. In future, a trade-off between number of sensors and accuracy has
to be made.

In [Hoss 17], a deep learning approach was applied compared to the
shallow architectures proposed in [Mitc 13, Ahma 15] and in this thesis.
The developed method was evaluated on data from 5-a-side games and
sensitivity values of about 75 % and 82 % were achieved for passing
and kicking, respectively. In this thesis, the KICK subsystem achieved
sensitivities of 87.7 % and 82.4 % for side-foot and full-instep kick, respec-
tively. The reason for the lower performance of the method introduced
in [Hoss 17] might be the low amount of training data. Deep learning
architecture usually requires a huge amount of data. Nevertheless, data
of only six players were available.

FutureWork: From Shallow to Deep Architectures

The proposed kick classification methods in this thesis as well as the
algorithms described in [Mitc 13, Ahma 15] provided a shallow architec-
ture [Beng 09]. Hand-crafted feature engineering was performed using
features which were typically applied in the field of activity recognition
[Bull 14]. They achieved good results under rather controlled conditions.
Nevertheless, the performance of the shallow machine learning tech-
niques dropped under more realistic conditions, e.g. during a game
(experiment 4). The high number of False Negatives (FN) and False Posi-
tives (FP) resulted in lower sensitivity and precision values. The problem
of FN might come from a different execution of activities, e.g. a side-foot
kick, which is also subject-dependent. The problem of FP might result
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from a lot of ’unseen’ activities which were implicitly labeled as NULL
class. To better model different executions of the same activity and NULL
class instances, deep architectures should be used in the future. The
applicability of deep architectures to detect soccer-specific activities was
proven by [Hoss 17]. Nevertheless, the algorithm was only tested with pre-
segmented game data based on a low number of players. Future research
work should include a comparison of different deep learning approaches
evaluated on complete game data. Techniques which use Restricted
Boltzman Machines should be compared e.g. to Convolutional Neural
Networks. A further performance improvement might be achieved by
using Recurrent Neural Networks, which are very powerful for modeling
sequence data [Deng 14], e.g. text or speech. Recurrent Neural Networks
should include the Long-Short-Term Memory architecture in order to
deal with the problem of gradient vanishing and gradient explosion. The
comparison might be amended by Generative Adversarial Nets which
were introduced by [Good 14]. The proposed framework simultaneously
trained both a generative and a discriminative model. The generative
model captured the distribution of the sensor data. The discriminative
model estimated the probability that an instance came from the training
data rather rather than from the generative model.

One reason, why deep learning techniques were not investigated in
this thesis, was the low amount of available training data. One major
challenge in soccer is that the target activities such as kicks appear rather
rarely in relation to the game duration (experiment 4). Thus, a high
number of games have to be acquired, in order to provide a suitable
amount of labeled instances. Nevertheless, labeling of such games is
usually very time-consuming. In order to speed up the labeling of games,
parts of the proposed approach, e.g. the peak detection could be used
to provide the labeling person with a set of candidates for the target
activities. The labeling person could then set the class labels to the
candidates. Shallow architectures like the proposed algorithm developed
in this thesis should not be replaced by deep architectures but maybe
used as a supporting tool in order provide e.g. training data in a shorter
amount of time.

FutureWork: FromOffline to Online Analysis

The proposed algorithms in this thesis and the state-of-the-art approach-
es [Mitc 13, Ahma 15, Hoss 17] applied offline analysis. In the future, al-
gorithms might be implemented directly on the sensor node for online
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analysis. One possible application of such an online analysis was in-
troduced in a patent application [Zwic 16]. The invention included an
instrumented shoe for ball sports like soccer, which can change its sur-
face properties dependent on the match situation. IMU-based machine
learning methods were required in order to detect e.g. soccer-specific
activities as early as possible. One example algorithm was developed and
implemented in the Master Thesis of Eva Dorschky [Dors 14] (supervised
by the author of this dissertation). The algorithm was designed to detect
kicks as early as possible using phase segmentation, feature extraction,
and a hybrid HMM detector. The approach achieved a sensitivity and
precision of 76 % and 96 %, respectively. The algorithm was further pub-
lished at a conference [Dors 15]. The reason for the low sensitivity might
be the shallow architecture, which was e.g. based on hand-crafted feature
engineering. Additional algorithmic approaches have to be investigated
in order to improve the performance of the system. An application of
deep architectures as described in the previous section should be inves-
tigated. Deep architectures could e.g. be used to better model phases
before the kick.

4.4 Ball Speed Estimation

4.4.1 Overview

The estimation of the ball speed after a full-instep kick enables the cate-
gorization of the kick according to the intensity. The ball speed in soccer
is usually investigated by vision-based systems. Research work regarding
low-cost, IMU-based solutions for ball speed estimation was limited and
focused on one-axial accelerometers evaluated on stationary full-instep
kicks [Zwic 12]. In this section, a ball speed estimation approach is in-
troduced, which used accelerometer and gyroscope data to determine
the ball speed. The technique was evaluated on ten subjects who per-
formed dynamic exercises. Parts of the algorithm were originally filed
in a patent application [Kirk 16]. The proposed approach was further
published in [Schu 16] and was modified in this thesis. The modified
parts are highlighted in the discussion.
This section is structured as follows. First, the proposed ball speed
estimation algorithm is introduced. Second, the conducted experiments
and evaluation are explained. Third, the results are comprised. Fourth,
the results are finally discussed.
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Preprocessing

Multiple linear regression

DribblingBall speed [km/h]
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EVENT
GYR

Kick phase segmentation

Feature extraction

Figure 4.12.: Pipeline of ball speed estimation. ACC and GYR denote accelerom-
eter and gyroscope, respectively. EVENT denotes event leg.

4.4.2 Methods

The proposed ball speed estimation pipeline is shown in Figure 4.12. The
approach used sensor data of the event leg as input (see section 4.3). The
system consisted of four steps:

1. Preprocessing: calibration of the IMU sensor based on [Ferr 95].

2. Kick phase segmentation: already introduced in section 4.3.3.

3. Feature extraction: computation of three features during leg
acceleration phase exploiting the fact that the final ball speed is
dependent on the foot velocity before impact [Nuno 06]:

• SMV signal was computed (equation 2.6) based on accelerom-
eter data followed by integration motivated by [Zwic 12].

• Maximum angular velocity in sagittal plane motivated by
[Reil 03, Bull 99].

• Aggregated number of samples in the saturation phase of all
three accelerometer and gyroscope axes. It was assumed that
the length of the saturation phase correlated with the foot
velocity.

4. Multiple linear regression based on extracted features (sec-
tion 2.4.7).
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4.4.3 Experiments and Evaluation

The proposed ball speed estimation algorithm was evaluated on the
datasets acquired in study C (section 4.2.3). The kick instances were
manually segmented based on the camera data. In total 360 instances
were available. The range of the ground truth ball speed was [55.3 km/h,
119.7 km/h]. Three experiments were conducted.

1. Experiment 1: Comparison of term configurations
The performance of the MLR was compared regarding three differ-
ent term configurations (section 2.4.7):

(a) Constant and linear.

(b) Constant, linear, and interaction.

(c) Constant, linear, interaction, and quadratic.

The three configurations were compared by boxplots of the MAPE.
The MAPE was determined in a LOSO-CV. For the configuration
with the lowest MAPE, the MAE was further provided.

2. Experiment 2: Ball speed-dependent performance
The Bland-Altman plot was determined for the configuration with
the lowest MAPE (section 2.4.8). The aim of the second experiment
was to investigate the systematic error of the ball speed estimation
algorithm and the ball speed-dependent performance.

3. Experiment 3: Subject-dependent performance
Mean and standard deviation of the subject-dependent MAPE were
computed in order to investigate the performance of the ball speed
estimation algorithm regarding individual subject characteristics,
e.g. the BMI.

4.4.4 Results

Figure 4.13 shows the MAPE regarding the three considered model term
configurations. The lowest mean MAPE of 6.7 ± 1.4 % was achieved by
the model using constant, linear, and interaction terms (configuration b).
The MAE was 5.5 ± 0.9 km/h. The corresponding Bland-Altman plot is
further depicted in Figure 4.14. Table 4.6 comprises mean and standard
deviation of the subject-dependent MAPE. The BMI of each subject is
further provided.
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4.4.5 Discussion

In this section, an IMU-based ball speed estimation algorithm was intro-
duced and compared to a Hawk Eye ground truth system. The results are
discussed in the following paragraphs. The discussion is structured as
follows. First, the modifications compared to the original publication are
described. Second, the applicability of the Hawk Eye system is discussed.
Third, the findings of the three experiments are comprised. Fourth, the
proposed approach is compared to the literature. The section concludes
with future work.

Modifications Compared to Original Publication

Compared to the original publication [Schu 16], modifications were made.
The feature set was extended. In [Schu 16], only the number of samples
in saturation phase was computed for the accelerometer data. In this
thesis, the gyroscope signal was integrated in the sum. Two additional
features were extracted in this work: maximum angular velocity in sagit-
tal plane and sum of accelerometer-based SMV. A different dataset for
evaluation was further chosen, since only 45 instances were available

Model terms
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Figure 4.13.: Boxplot of MAPE regarding three considered model term configura-
tions. (a) constant and linear, (b) constant, linear, and interaction, (c) constant,
linear, interaction, and quadratic.
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Figure 4.14.: Bland Altman plot using constant, linear, and interaction terms
(configuration b). ’Pred’ and ’Gold’ denote the predicted and ground truth ball
speed values, respectively.

compared to 360 instances of study C (section 4.2.3). Study C also in-
cluded dynamic exercises compared to the stationary full-instep kicks
considered in [Schu 16].
All in all, the performance of the proposed ball speed estimation algo-
rithm could be improved by 2.2 % compared to [Schu 16].

Hawk Eye System

High-speed cameras are usually used as ground truth [Zwic 12]. Nev-
ertheless, using high-speed cameras limited the considered scenarios
which could be analyzed. In this thesis, high-speed cameras could not be
used as ground truth due to the selected dynamic exercises (study C, sec-
tion 4.2.3). Thus, the Hawk Eye system had to be used for gold standard
measurements. The applicability of the Hawk Eye system was proven in a
Master’s thesis [Jako 16]. Reproducible full-instep kicks were performed
by a robotic leg (Roboleg) [Sche 95]. The Roboleg enabled to transfer
momentum to a soccer ball to achieve launch speeds up to 144 m/s. The
launch speed and launch angle could be configured by changing the
pendulum speed and length. A MAE of 2.1 km/h was achieved between
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Table 4.6.: Subject-dependent MAPE in descending order. Subject ID and BMI
are further given for each subject. Multiple linear regression was performed with
constant, linear, and interaction terms.

Subject ID MAPE [%] BMI [kg/m2]

8 9.6 26.1
6 8.6 26.0
3 7.0 26.3
10 6.9 26.1
5 6.4 24.0
4 6.0 22.9
7 6.0 23.9
9 5.9 23.8
1 5.4 23.7
2 5.1 24.8

Hawk Eye and Roboleg. Thus, the Hawk Eye system was assumed to be
an adequate ground truth system.

Comparison of Term Configurations

The three term configurations used in the MLR achieved similar mean
MAPE ranging from 6.7 % (configuration b) to 7.0 % (configuration a).
Nevertheless, the interquatile range differed. The highest interquartile
range of 2.7 % was achieved by configuration a (Figure 4.13). This indicates
that the subject-dependent results showed a higher variability using only
constant and linear terms. A regression model with interaction and
quadratic terms seemed to be more robust regarding the application to
different subjects. The proposed IMU-based ball speed estimation system
achieved a MAE of 5.5 km/h (configuration b), which is 2-3 times higher
than the measured Hawk Eye accuracy. Thus, the proposed IMU-based
technique cannot be used as ground truth system e.g. for biomechanical
measurements in the field. Nevertheless, the system might be used to
perform a rough categorization of the achieved ball speed in low, medium,
and high level.

Ball Speed-Dependent Performance

The Bland-Altman plot (Figure 4.14) showed that no systematic error is
included in the analysis. Figure 4.14 further indicates that the proposed
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ball speed estimation system performed better for higher ball speed val-
ues, since less instances are outside the 95 % limits of agreement borders
than for lower ball speed values. The reason might be the selection of
the features. For lower ball speeds, a saturation phase might not be
present which would result in a feature value of 0. Thus, for lower ball
speed values the resolution of the ball speed prediction might be limited.
In order to further improve the proposed ball speed estimation system,
especially for lower speed values, additional phases of the full-instep
kick should be considered in the analysis, e.g. backswing, leg cocking,
and follow through [Nuno 02, Brop 07]. Additional dependent factors
for ball speed might also have a positive influence of the performance
such as technique analysis [Lees 10], approach angle [Kell 04], support
leg dynamics [Inou 14, Augu 17], and trunk kinematics [Nait 10, Full 15].

Subject-Dependent Performance

Table 4.6 indicates that subjects with a higher BMI achieved a lower
performance compared to subjects with a lower BMI. Subjects 8, 6, 3,
and 10 had BMI values above 25 kg/m2 which is classified as overweight
[Seid 97]. Thus, only considering the description of the full-instep kick by
IMU-based measurements might not be enough for a robust ball speed
estimation system. In future, additional information such as anthro-
pometric data should be integrated in the analysis. The aim in future
should also consider a balanced dataset regarding BMI to ensure a suitable
training of the regression model.

Comparison to Literature

Research work about the estimation of the ball speed after a full-instep
kick was usually evaluated on stationary ball scenarios [Zwic 12, Schu 16].
In this thesis, the aim was to evaluate an IMU-based ball speed estimation
algorithm under more realistic scenarios. Thus, dynamic exercises were
chosen in the data collection, which included a full-instep kick after a
dribbling or passing sequence (study C, section 4.2.3).

In [Zwic 12], a one-axial ± 70 g accelerometer was used as input for a
regression-based analysis. A biomechanical collision model was applied
with the following components: moment of inertia of shank-foot seg-
ment, velocity of foot before ball impact, mass of ball, distance between
knee and point of contact, and coefficient of restitution. The accelerom-
eter was used to estimate the foot velocity. The evaluation was based
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on one subject and the proposed method achieved a MAPE of 2.81 %.
Compared to [Zwic 12], a machine learning based approach was applied
in this thesis using the information of low-range accelerometer and gy-
roscope axes. The proposed approach achieved a higher MAPE of 6.7 %.
Although the performance of the proposed approach seemed to be lower,
the system was tested on more subjects and a more complex environ-
ment. A biomechanically-driven model might better integrate expert
knowledge, whereas a data-driven machine learning technique might
be more robust under complex environments. Future research should
fuse both strategies in order to provide a high accurate and robust system.
Nevertheless, the advantage of the proposed machine learning approach
was that the algorithm did not require information about segment length
or mass of ball. Thus, no user input was required for prediction.

In [Schu 16], the sensor was positioned in a shoe cavity. The machine
learning based approach used only information of the accelerometer
and achieved a MAE of 7.7 ± 4.1 km/h. The method was evaluated on
only 45 instances. The proposed method in this thesis extended the
method described in [Schu 16] by including information of the gyroscope
and achieved both a lower mean and standard deviation of the MAE:
5.5 ± 0.9 km/h. The reason for the lower standard deviation might be the
higher amount of training data (360 instances). Although the position in
the shoe might be more secure, it needs an additional effort in the shoe
production process. The position of the sensor near the ankle attached by
a strap (Figure 4.3) offers more flexibility regarding the shoe choice and
no additional step has to be performed in the shoe production process.

FutureWork

The proposed ball speed estimation algorithm was trained and tested on
data of a low-range accelerometer. Figure 4.8a shows that the low-range
accelerometer reached saturation during the full-instep kick. Future work
should investigate the application of a high-range accelerometer for ball
speed estimation. A first investigation was done in the Bachelor Thesis
of Maike Stoeve [Stoe 14] (supervised by the author of this dissertation).
The performance of a ball speed estimation algorithm was investigated
using an uniaxial accelerometer with a high range of ±250g and a triax-
ial accelerometer with a low range of ±16g. In order to provide a fair
comparison, the corresponding axis of the low-range accelerometer was
selected for the evaluation. The results showed that using the high-range
accelerometer increased the MAE by about 27 %. Future research should
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investigate, if the performance of ball speed estimation algorithms could
further be improved by using triaxial high-range accelerometers or a
fusion of several accelerometers with different ranges.

4.5 Application: Automatic, Sensor-Driven
Video Summary

4.5.1 Overview

The goal of video summaries e.g. in soccer is to substitute a long video
stream with a few number of selected scenes. The scenes should contain
interesting highlights such as goals, bookings, shots on goals, or penal-
ties [Rehm 14]. A manual browsing through the whole video stream is
cumbersome and time-consuming [DOra 10]. In contrast, automatic ap-
proaches often relied on visual, audio, as well as textual information and
were therefore mostly applicable to TV broadcast material in professional
sports [Rui 00, Ekin 03, Baba 04]. Systems and methods for recreational
sports are missing. To close this gap, a novel, innovative, and low-cost
solution for the generation of video summaries was developed. Each in-
dividual player was provided with a personal video summary containing
highlight scenes. The proposed system automatically associated frames
in a video sequence. The frame selection relied on information provided
by low-cost inertial sensors attached to soccer players and corresponding
HAR algorithms. The algorithms included e.g. the previously introduced
kick classification routines (section 4.3) and the ball speed estimation
approach (section 4.4). The kick classification algorithms can be used
to identify interesting highlights, e.g. during a game. The ball speed
estimation approach can be used to rank and order the kicking sequences
according to the achieved ball speed. The system and a set of corre-
sponding HAR algorithms were filed in a patent application [Kirk 16].
An extension of the video summary system was further published in
[Schu 16]. The extension included sensor-driven video and audio effects,
which were added to the final highlight video. The following sections
briefly introduce the main system, which associates video frames with an
event such as a soccer kick, and the previously mentioned extension of
the system.
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Player equipped
with IMU

Video camera

Figure 4.15.: Pitch setup of video summary system (adapted from [Kirk 16]).
Player on pitch equipped with IMU sensor and video cameras around pitch.

4.5.2 Video Frame Association with an Event

The system consisted of multiple video cameras, which were positioned
around the pitch (Figure 4.15). The players on the pitch were further
equipped with IMUs, which were synchronized with the video cameras.
Inertial sensor data were used as input for HAR algorithms (Figure 4.16).
The algorithms were used to identify soccer-specific activities which were
defined as highlight examples. Soccer-specific activities might include
full-instep and side-foot kicks, tricks, as well as fouls. The application
of the kick classification routines (section 4.3) could be used to detect
full-instep and side-foot kicks. The time stamp, at which a kick was
predicted, and the corresponding kick label was stored in a list for further
processing. If a full-instep kick was predicted, the corresponding ball
speed was further determined, e.g. by the method described in section 4.4.
Subsequent video frames of single highlight scenes were selected around
the time stamp. In a post processing step, the order of highlight scenes
were automatically set according to certain criteria. The full-instep kicks
were ranked e.g. based on the achieved ball speed. Full-instep kicks with
higher achieved ball speeds were shown earlier in the video summary.
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4.5.3 Extension: Video and Audio Effects

The extension of the previously described sensor-driven video summary
system added video and audio effects to highlight scenes containing full-
instep kicks. An example is given in Figure 4.17. The phase-based kick
classification algorithm described in section 4.3.3 was applied in order to
identify a full-instep kick and different phases during the kick execution,
e.g. heel strike, start of leg-acceleration phase, and ball contact. Each ball
contact, which was identified as part of a full-instep kick, was considered
for further processing. A video clip was generated starting 1 s before
and 3 s after the ball contact. The video was further divided into three
parts: (A) beginning of video clip to heel strike, (B) heel strike to ball
contact, and (C) ball contact to end of video clip. In each part, video
and audio effects were applied. During part (A), a fade-out video effect
was performed. In part (B), difference images between two subsequent
frames were computed and a slow motion effect were performed. In part
(C), a sound was played starting at the ball contact. A text box was further
displayed with the estimated ball speed.
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IMU Video

List of highlights

Time stamp [s] Activity Meta data

00:22:34 Side-foot kick

00:30:01 Full-instep kick 87 km/h

00:50:10 Full-instep kick 112 km/h

Video frame selection

Post processing

Video summary generation

Kick classification

Ball speed estimation

Human Activity Recognition

...

Video

Final video summary

Figure 4.16.: Overview of pipeline for video summary application. IMU-based
HAR algorithms detect desired soccer-specific activities such as kicks and store
corresponding time stamps. If a full-instep kick is recognized, the ball speed is
further determined. Based on the time stamps, the corresponding video frames
around the activity are selected and post-processed.
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(a) (b) (c)

(d) (e) (f) Transition from part

A to B.

(g) (h) (i)

(j) (k) (l) Transition from part

B to C.

(m) (n) (o)

Figure 4.17.: Extension of video summary system: integration of video and audio
effects. Video was divided into three parts: (A) beginning of video clip to heel
strike, (B) heel strike to ball contact, and (C) ball contact to end of video clip.
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Chapter 5

Big Data Ready Human Activity
Recognition

5.1 Introduction

In this chapter, one contribution regarding Big Data for HAR is presented
(contribution 9). The whole contribution consisted of four parts. The
first part was already presented in section 1.5.1 and included a literature
review about the current state-of-the-art in wearable-based HAR. The
remaining three parts were based on the findings of the literature review
and provided an introduction of Big Data to the HAR research field. The
three parts consisted of a HAR-related definition of Big Data, an extended
ARC with additional Big Data components, and open issues as well as
future research directions.

This chapter is structured as follows. Section 5.2 provides a general,
application-independent background knowledge about Big Data intro-
ducing V-based descriptors [Ziko 12] and a Big Data value chain [Mill 13].
V-based descriptors such as volume, variety, velocity, veracity, and value
are often used to define Big Data [Chen 14b, Gand 15]. The Big Data value
chain comprises Big Data concepts and tools [Chen 14b]. Section 5.3
contains a HAR-related definition of Big Data. The definition of Big
Data in the context of HAR should provide a better understanding of the
future changes in data characteristics. In section 5.4, an extended ARC is
proposed which integrated Big Data concepts and tools. The integration
of Big Data components in the design of HAR algorithms is mandatory
in order to provide Big Data ready HAR systems. The chapter concludes
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with HAR-related open issues and future research directions (section 5.5).
The contribution was submitted [Schu 18].

5.2 Background Knowledge

5.2.1 Definition of Big Data

The authors in [Chen 14b] stated that Big Data is an abstract concept and
the definitions vary among people from different domains.

According to [Lane 01, Ragh 14, Chen 14a, Sing 14], Big Data can be
defined via the three V’s volume, variety, and velocity. Volume refers to
the huge amount of data which are generated and collected. The size
of stored data is often in the range of petabytes [Ragh 14]. Various data
types including semi-structured, unstructured, and structured data are
considered (high variety) [Bano 16]. The data collection and analysis must
be rapidly and timely conducted (high velocity) [Ragh 14]. In [Suth 16],
the three V’s were referred to the machine learning domain. Volume was
defined as the number of instances of the data. Variety was defined as the
number of classes. Velocity was defined as the ratio between the number
of instances and the period of time within the data were collected.

In [Ziko 12], veracity was added to the list of descriptors which refers
to the quality or trustworthiness of data. An example of untrustworthy
data is spam available in social networks such as Twitter.

An additional descriptor of Big Data is value [Gant 11, Ziko 12]. Usually,
greater value should be achieved from acquired datasets through insights
from Big Data Analytics.

5.2.2 Big Data Value Chain

The authors in [Mill 13, Chen 14b, Gand 15] provided a Big Data value
chain which described four steps how to extract value out of Big Data.
The Big Data value chain consisted of data generation, data acquisition,
data storage, and data analysis.

The first step of the Big Data value chain is data generation [Chen 14b].
The main sources of Big Data include enterprise data, IoT data, biomedi-
cal data, and data of scientific applications.

The second step of the Big Data value chain is data acquisition and
consists of data collection, transmission, and preprocessing [Chen 14b].
Three commonly applied data collection methods include sensors, log
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files, and web crawlers. The collected data are transfered to a data stor-
age infrastructure. Since the collected data include noise, redundancy,
and inconsistency, methods have to be applied to preprocess the data
[Chen 14b]. The preprocessing techniques are mandatory to reduce stor-
age expense and improve the analysis accuracy.

The third step of the Big Data value chain is data storage. The storage
platform should organize the acquired information in a suitable format
for subsequent analysis and should provide scalable access interface to
query as well as analyze a huge amount of data [Hu 14].

The fourth step of the Big Data value chain is data analysis and aims
at extracting useful values and performing decision making [Chen 14b].
Depending on the type of input data, data analysis can be divided into text
analytics, web analytics, network analytics, multimedia analytics, and
mobile analytics [Chen 12a, Chen 14b]. Independent on the type of input
data, Big Data analysis requires access to frameworks for writing and
running distributed applications in order to perform scalable processing
[Whit 09].

5.3 HAR-Related Definition of Big Data

The proposed definition of Big Data for HAR includes the five V-based
descriptors volume, variety, velocity, veracity, and value (section 5.2).
Each descriptor is related to HAR and examples are further provided.

5.3.1 Volume

Big Data volume in HAR can also be defined by the size of stored data
[Sing 14]. The size of HAR datasets is mainly dependent on number of
sensors, number of sensor axes, sampling rate, acquisition duration, and
number of subjects. In the following paragraphs, the size of a current
dataset is compared to a future dataset.

Current HAR dataset sizes reached a dimension of e.g. megabytes. The
HAR algorithm proposed in [Schu 13b] was evaluated on DaLiAc includ-
ing data of 19 subjects (Table 1.1. Each subject was equipped with four
IMU sensors (triaxial accelerometer, triaxial gyroscope). The sampling
rate was set to 204.8 Hz and it is assumed that each sample was stored as
one single-precision float (4 Bytes). Each subject performed a pre-defined
protocol and the algorithm was trained and tested on pre-segmented
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data. The duration of pre-segmented data was about 20 minutes for each
subject. The resulting dataset size is computed as:

Size = 4 nodes x 6 axes x 204.8 samples/s x 4 bytes x 20minutes

x 60 s x 19 subjects ≈ 450megabytes.

In the IoT era, a large group of people is connected with things anytime
which increases the stored data [Verm 11]. An estimation of a possible
dataset size is given by an example scenario. A HAR algorithm should be
trained and tested based on data from 20,000 subjects. Each subject is
equipped with three sensor nodes: smartphone, smart watch, and a pod
in the shoe. Each sensor node comprises a triaxial accelerometer, triaxial
gyroscope, and triaxial magnetometer. The sampling rate is set to 50 Hz
and each sample is stored as one single-precision float (4 Bytes). Data
are acquired 24 hours during a period of 12 years. The resulting dataset
size is computed as:

Size = 3 nodes x 9 axes x 50 samples/s x 4 bytes x 24 hours x 3600 s

x 365 days x 12 years x 20, 000 subjects ≈ 41 petabytes.

The previous example should show that typical dataset sizes can be
reached which are commonly considered in Big Data.

5.3.2 Variety

Big Data variety in HAR can be twofold. First, variety can refer to the
data types such as semi-structured, unstructured, and structured data
[Ragh 14]. Second, variety can refer to the data content and environment.
Content and environment can be interpreted as classes in the context of
machine learning [Suth 16]. Examples of variety in HAR are given in the
following paragraphs.

Current datasets for HAR were mainly stored as a structured matrix
[Lara 13, Bull 14]. Columns included e.g. time stamps, data of sensor axes,
and activity labels. Devices which are connected to the Internet generate
structured, semi-structured, and unstructured data including Inertial-
Magnetic Measurement Units, temperature, blood sugar, blood pressure,
respiration, electrocardiography, electromyography data, click-stream
data, social media data, video as well as audio, and text.

184



5.3. HAR-Related Definition of Big Data

Besides the data types, variety in HAR could be further defined regard-
ing the data content and environment in which data were captured. The
data might vary e.g. in terms of complexity levels of activities (single, con-
current, composite, interleaved, group activities), subject characteristics
(age groups, social origin), seasons (winter, spring, summer, autumn),
and locations (outdoors, indoors).

5.3.3 Velocity

Big Data velocity in HAR refers to the rate at which data are created and
speed at which data should be analyzed similar to the definition given in
[Chen 14a].

Current HAR algorithms mainly performed offline analysis (Table 1.2).
First, devices recorded and stored sensor data. Second, HAR was per-
formed on the stored data. The data velocity was rather low. The IoT
enables the creation and processing of a huge amount of data in a small
amount of time (high velocity).

5.3.4 Veracity

Big Data veracity in HAR also refers to the quality or trustworthiness of
data [Ziko 12]. HAR datasets were mainly acquired under controlled con-
ditions with a pre-defined protocol (Table 1.1). A high quality and trust-
worthiness is usually provided in terms of labeled data which can be used
to train algorithms. Since IoT data are captured in rather non-controlled
environments, the quality and reliability of the data will decrease in this
case.

5.3.5 Value

Value in current HAR systems might be limited due to the low amount of
available data. The final output of the algorithms was the information
which activity was performed by a subject considering data acquired in a
short amount of time. The value based on these insights might be that it
could be checked if physical activity recommendations were met or not
(chapter 1.1). IoT and the availability of a huge amount of diverse data
could provide more insights in the physical activity behavior of humans
and could increase the data value.
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Data transmission

Data preprocessing

Storage platform

Preprocessing

Segmentation

Feature extraction

Classification

Hadoop

IoT data

Sensors Log files Web crawler

Big Data generation

Big Data acquisition

Big Data storage

Big Data analysis

Figure 5.1.: Left: extended ARC, traditional ARC proposed by [Bull 14] is marked
in grey. Right: Big Data value chain. Figure was adapted from [Schu 18].
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5.4 Extended Activity Recognition Chain

In the following sections, components are identified which should be
integrated in the traditional ARC (Figure 1.1) in order to be prepared for
Big Data. The components were grouped according to the four steps of
the Big Data value chain (section 5.2.2). The extended ARC is shown in
Figure 5.1.

5.4.1 Big Data Generation

The traditional ARC does not include a specific data source in the design
process (Figure 1.1). It is proposed to include IoT as main data source in
the ARC in order to already connect HAR to Big Data at the beginning of
the design process. IoT data for HAR might be available through smart
wearables [Stei 15, Amft 17], smart cities [Jin 14], smart homes [De S 12] or
smart cars [Walt 11].

5.4.2 Big Data Acquisition

The traditional ARC mainly contained the collection of a small amount of
sensor data in the data acquisition step (Figure 1.1). It is proposed to add
log files and web crawlers to the ARC (Figure 5.1). For HAR research, an
example of a log file type might be a Twitter post. Web crawlers are tools
which download and store content of web sites [Chen 14b]. Applications
of log files and web crawlers are mentioned in section 5.5.

Compared to the traditional ARC, the future Big Data acquisition step
should consider transmission of data to a common storage infrastructure
as well. The transmission of data which were acquired by different re-
search groups to a centralized platform enables a dataset fusion. This
would address the limitations of current HAR systems regarding number
of used sensors as well as sensor types, number of activities, and number
of subjects (section 1.5.1). It is proposed to add a second data prepro-
cessing step to the traditional ARC. Data preprocessing should con-
tain two groups of methods. First, application-independent steps have
to be applied such as data cleansing [Male 00], redundancy reduction
[Chen 14a], privacy protection [Mach 12, Wu 14, Tsai 15], and data integra-
tion [Lenz 02]. Second, HAR-specific steps have to be applied, e.g. anno-
tation of the data. Data annotation might be performed by crowdsourc-
ing [Howe, Lesk 14, Wang 18]. Current HAR datasets are rather small
due to the time-consuming data collection and annotation [Wang 18].
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Crowdsourcing-based annotation would increase the amount of labeled
data which can be used to train HAR systems.

5.4.3 Big Data Storage

The traditional ARC did not consider data storage, since data were mainly
stored on local PCs, which required less effort (Figure 1.1). Due to the
huge amount of diverse data in the future, it is proposed to add a storage
platform to the ARC. A common centralized storage platform would
reduce the search time for suitable input data which can be used to
train HAR systems. The storage platform should provide file systems,
databases, and programming models. Examples of the three components
for HAR might be HDFS [Shva 10], HBase [Geor 11], and MapReduce
[Dean 08], respectively. HDFS runs on commodity hardware and enables
the storage of large files (hundreds of megabytes, gigabytes or terabytes).
HBase is built on top of HDFS as a database. MapReduce allows the
parallelization of large computations by using large-scale clusters of
machines.

5.4.4 Big Data Analysis

Since currently available HAR algorithms were mainly evaluated on small
data, frameworks for distributed data processing were not considered
in the ARC (Figure 1.1). It is proposed to implement machine learning
techniques for preprocessing, segmentation, feature extraction, and clas-
sification on a distributed framework. One example might be Hadoop,
which is one of the most widely used framework for distributed data
processing [Whit 09]. The previously mentioned HDFS file system, the
HBase database, and the MapReduce programming model are part of
Hadoop [Whit 09]. Approaches, which were comprised in Table 1.2,
can often be implemented on Hadoop and re-used or adapted to Big
Data. The applicability of MapReduce for machine learning was shown
in [Chu 06]. Examples for MapReduce-based versions of machine learn-
ing techniques include SVM [Cata 13], Naive Bayes [Liu 13], C4.5 [Dai 14],
Deep Belief Networks [Zhan 14], Expectation Maximization [Chen 13a],
and Multilayer Perceptron [Zhan 16].
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5.5 Open Issues and Future Research
Directions

The previously mentioned V-based descriptors (section 5.3) and the pro-
posed extended ARC (section 5.4) will change HAR research from a data,
algorithm, and application perspective. The corresponding open issues
and future research directions are discussed in the following sections.

5.5.1 Data Perspective

The focus of current research work in HAR on the data itself was limited
(section 1.5.1). A limited amount of sensors were used and stored in a
structured matrix. The high volume, variety, and low veracity of Big
Data will change HAR research from a data perspective. Open issues and
future research directions include the integration of new data sources
in HAR research, a proper standardization of data, and an efficient data
annotation.

NewData Sources

Major data sources in the IoT era include sensors, log files, and web
crawlers (section 5.4). One major open issue is to integrate these data
sources in HAR research.

A large variety of sensors might be used to measure among others
humans’ biological, physical, emotional, and cognitive state, which is im-
portant to analyse human’s behavior [Tros 02]. Current HAR approaches
mainly consider only a limited amount of sensor nodes and sensor types.
A larger set of diverse sensors were often not yet available for research
groups. Future research groups should investigate if these new sensors
improve the performance of HAR algorithms. Log files such as Twitter
posts might be used to correlate IMU-based activity profiles with psycho-
logical and social data of users [Abel 11, Eich 15]. Web crawlers might be
used to select online material for HAR [Xu 14]. An automatic search might
enable a faster provision of state-of-the-art HAR algorithms. Future re-
search direction should include web crawlers which are optimized for
HAR.

Standardization

Current provided publicly available datasets, listed in Table 1.1, differ in
the used coordinate system, description of sensor placement, and used
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data format. Data were further stored on local PCs. As proposed in the
extended ARC, captured data should be stored in a common database
(Figure 5.1). Due to high data volume and variety, an open issue is a
proper dataset standardization, which should be supported by relevant
communities [Chen 12b]. A standardization should e.g. include the
following items:

• Common coordinate system: proposed solution for a standard-
ized coordinate system e.g. for IMUs is the usage of anatomical
planes and axes for the different sensitivity axes of sensors (Fig-
ure 2.1). The advantage is a faster understanding of the orientation
of the sensors placed, e.g. on the human body.

• Description of sensor placement: common textual description
of exact sensor placement is often not mentioned in current re-
search work, rather information like “placed at the chest” [Clel 13]
or “at the wrists” [Ofli 13]. Future description of the study design
should use e.g. anatomical directions and landmarks such as “near
iliac crest/lateral side”.

• Data format: data volume example which was provided in sec-
tion 5.3 showed that in the future dataset sizes in the range of
petabytes could be reached, which could be combined with im-
portant meta data such as subject characteristics, locations, and
seasons (high data variety). Therefore, future researchers should
investigate standardized data formats applicable for human activity
data. Examples which are already applied in Big Data include Avro
1, Parquet 2, or ORC 3.

The provided aspects could be part of current standardization activities
initiated e.g. by IEEE-SA 4 or VDI 5. The standardization would leverage
the interoperability of various devices and the collaboration of different
research groups.

1 https://avro.apache.org
2 https://parquet.apache.org
3 https://orc.apache.org
4 https://standards.ieee.org
5 http://www.vdi.eu/engineering/vdi-standards/
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Data Annotation

The low veracity of Big Data requires smart and efficient data annotation
tools. As pointed out in section 5.4, crowdsourcing could be used to
annotate a huge amount of sensor data. Nevertheless, research work
about crowdsourcing-based annotation is limited [Lase 13, Feng 14]. In
[Feng 14], the challenge of stimulating smartphone users to join mobile
crowdsourcing applications with smartphones was addressed. The pro-
posed framework achieved individual rationality, truthfulness, and high
computational efficiency. Nevertheless, open issues include e.g. the
identification of misreports when offering support as well as the privacy
protection of the individual users.

In [Lase 13], an active learning approach was applied to interactively
respond to novel activities. If a new instance cannot be classified, crowd
workers were asked to label the activity. The proposed system com-
bined the input of multiple workers into a single ordered label set by a
graph-based approach. Future research should include the investigation
of probabilistic models in active learning from crowds [Rayk 10, Yan 11].
Probabilistic methods further enable both a selection of the best data
sample and annotator [Yan 11].

5.5.2 Algorithm Perspective

Open issues and future directions from an algorithm perspective could
be subdivided into two groups. The first group is connected to the re-
search directions which were mentioned in section 1.5.1 including fusion
strategies, classification architectures, user-specific systems, and learn-
ing techniques. The second group is connected to components in the
extended ARC e.g. data transmission and data preprocessing as well as
distributed frameworks (Figure 5.1).

Fusion Strategies

State-of-the-art research in HAR mainly focused on fusion techniques
based on a limited amount of sensors, e.g. IMUs, GPS, and heart rate
(Table 1.2). The fusion was performed at data level, feature level, or deci-
sion level. The high variety in Big Data requires novel fusion techniques
combining classifier decisions which are performed at different ages of
humans or at different seasons. If HAR algorithms are implemented on
embedded devices, energy efficient implementations should be further
considered [Caus 16]. As mentioned in section 5.4, Big Data analysis can
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be subdivided into text analysis, web analysis, network analysis, multime-
dia analysis, and mobile analysis. Future research work in HAR should
further consider a combination of these analysis types in order to better
understand humans’ behavior.

Classification Architectures

Current algorithms for HAR were often either flat or hierarchical (sec-
tion 1.5.1). In addition, the final classes were the activities itself. Due
to the high variety in Big Data e.g. in terms of subject characteristics
like social origins or age categories, a single activity-based architecture
type might not be sufficient. An open issue includes novel architectures
addressing classifiers for different social origins, age categories, and ac-
tivities. One possible solution could be to implement first a hierarchical
architecture classifying different social origins followed by an origin-
dependent age category classifier. In the last step, a flat architecture
could be used to recognize single activities.

User-Specific Systems and New Learning Techniques

Since a huge amount of data might be available for each single human,
the ARC might be implemented as a user-dependent and personalized
system. In order to provide an adaptable system, lifelong learning strate-
gies might be beneficial. According to [Chen 16], lifelong learning is a
continuous learning process. The learner can use past knowledge to sup-
port the learning of a new task. The learning might never end, become
more and more knowledgeable, and improve the system performance.
Preprocessing methods for lifelong learning might aim at reducing the
redundancy of the gathered information and keeping only necessary
attributes for lifelong learning approaches. In order to further improve
the accuracy of HAR algorithms, a user relative coordinate system might
be beneficial instead of a device or world coordinate system [Jahn 17].

Data Transmission and Preprocessing

The traditional ARC mainly considered algorithmic concepts from a ma-
chine learning point of view (Figure 1.1). The high volume, variety, and
velocity of Big Data further requires algorithmic concepts for data trans-
mission and data preprocessing such as inconsistency detection. These
algorithmic concepts are often application-independent and should be
considered in future HAR systems.
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Distributed Frameworks

Only limited research about Hadoop-based algorithms for HAR exists
so far. The authors in [Pani 12] acquired accelerometer data on a smart-
phone and sent the data to a cloud. HAR approaches were applied in
the cloud using the Hadoop framework. Although approaches were im-
plemented using a distributed framework, the algorithm was evaluated
on about 500 MB of data. In [Bano 16], a cloud-based digital health and
wellness framework was developed. Although an activity recognizer was
implemented using a distributed framework, the corresponding algo-
rithm was evaluated on ten subjects, who performed single activities
such as walking, stretching, or sweeping. A HAR technique was devel-
oped and implemented in [Han 12] which was part of a Hadoop-based
platform [Fahi 14]. The proposed technique was tested on ten subjects.
The mentioned examples showed that distributed frameworks were often
developed, but the implemented techniques were trained and tested on a
limited amount of data. An open issue includes the performance analysis
using Big Data.

Although Hadoop is most widely used for distributed data process-
ing, the framework has different disadvantages [Agne 14]. For iterative
algorithms, temporary data of each iteration has to be stored and loaded
after each iteration. In interactive querying, a new set of MapReduce
jobs has to be performed for each query not considering query history.
Thus, for iterative machine learning tasks, an alternative distributed
programming framework like Spark has to be used [Zaha 10]. Future
researchers should compare different frameworks and choose the best
one for a certain application.

5.5.3 Application Perspective

Current HAR approaches have mainly estimated the single activity that
was performed. The applications which were mentioned in section 1.5.1
provided a limited value to human activity behavior analysis. One ex-
ample was the comparison of the current physical activity level to pre-
defined recommendations. The availability of Big Data and the proposed
extended ARC (Figure 5.1) might increase the value which is inside the
captured data and might enable the development of a more detailed
analysis of humans’ behavior.

Big Data analysis could be applied to identify factors which have a
relationship to the participation in physical activity. The authors in
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[Tros 02] classified the factors which are associated with physical activity
as demographic, emotional, cognitive, psychological, social, physical,
cultural, and environment. The identification of relevant factors can be
used to design effective intervention programs which aim at increasing
the participation in regular physical activity.

A longitudinal analysis which aggregates the information captured
from child to elderly might further enable the recognition of unknown
diseases or the automated detection of deviant behavior [Ludw 12].

The previously mentioned application examples require a common
understanding of Big Data and knowledge about Big Data tools in order
to solve the upcoming challenges. The content of this chapter can be
seen as a starting point for future research in Big Data ready HAR.
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Chapter 6

Summary, Discussion, and
Conclusion

Human Activity Recognition (HAR) deals with the automatic recognition 
of physical activities and plays a major role in health and sports (see 
section 1.1). Nine contributions were made in the field of HAR and were 
presented in the previous chapters. In chapter 3 and 4, algorithms were 
presented, which were able to infer daily and soccer-specific activities 
from IMU data using machine learning techniques. Chapter 5 provided 
an introduction of Big Data to the HAR research field. In this chapter, 
an overall summary, discussion, and conclusion are given based on the 
findings of the previous chapters.

This chapter is structured as follows. First, the nine contributions 
of this thesis are summarized and discussed. The contributions were 
divided into three groups corresponding to the three chapters 3, 4, and 
5. Second, a general outlook of future research in HAR is given. Third, 
conclusions are drawn from the presented findings in this thesis.

6.1 Summary and Discussion of
Contributions

6.1.1 Recognition of Daily Activities

As pointed out in section 1.1, activity monitors were recommended in
order to provide information about meeting physical activity recommen-
dations, investigate causes of physical activity behavior, and assess the
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effect of intervention programmes. Activity monitors often include HAR
systems, which determine activity type and activity intensity using IMU
data as input for machine learning approaches. The literature review
showed that a large number of research papers was available dealing
with the recognition of daily activities based on these two parameters
(section 1.5). Nevertheless, various limitations were found. Current
HAR methods were often not flexible enough to react to environmental
changes such as adding sensors or activities, were based on a single de-
cision of a classifier, evaluated new methods on isolated small datasets,
and compared novel approaches to state-of-the-art approaches based
on the achieved performance not considering the different used input
data. In this thesis, five contributions were presented, which addressed
the mentioned limitations.

Contribution 1:
Hierarchical Classification System

In section 3.3, a hierarchical classification algorithm for HAR was de-
veloped (Figure 3.4). One local subsystem was trained per parent node
recognizing only a subset of activities. An individual ARC was imple-
mented for each subsystem consisting of preprocessing, segmentation,
feature extraction, and classification (Figure 1.1). The subsystems were
optimized for the corresponding activity subset resulting in a subsystem-
specific feature set and classifier. The proposed hierarchical classification
system achieved a balanced accuracy of 89.1 %.

Contribution 2:
Decision Level Fusion

An algorithm for HAR was presented in section 3.4, which combined
the information of four sensor nodes at decision level (Figure 3.10). An
individual ARC was implemented for each sensor node consisting of
preprocessing, segmentation, feature extraction, and classification (Fig-
ure 1.1). The decision level fusion was performed by majority voting
and highest rank method. The proposed algorithm achieved a balanced
accuracy of 85.7 %.
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Contribution 3:
Comparison of Algorithms Using a Common Evaluation Frame-
work

In section 3.5, a common evaluation framework was introduced, which
enabled a comparison of various algorithms for HAR (Figure 3.12). The
proposed framework included the selection of a benchmark dataset,
algorithm-specific data preparation, execution of re-implemented ARCs,
and definition of experiments as well as evaluation. As an example,
the framework was applied to two algorithms developed in this work
(section 3.3 and 3.4) as well as to five re-implemented state-of-the-art
algorithms [Bao 04, Ravi 05, Park 06, Pree 09, Liu 12]. The two proposed
algorithms outperformed the state-of-the-art techniques in terms of
balanced accuracy, but required more sensors.

Contribution 4:
Database Fusion Strategy

A novel database fusion algorithm was introduced in section 3.6. Sensor
data of various publicly available databases were selected, prepared, and
merged. The applicability of the proposed technique was shown for
an example algorithm for HAR (Figure 3.15). The number of subjects,
activities, and sensors could be increased from nine to 33, five to eight,
and one to four, respectively. The proposed activity recognition algorithm
achieved a balanced accuracy of 87.2 %.

Contribution 5:
Energy Expenditure Estimation

In section 3.7, a system was presented, which estimated the energy expen-
diture in MET based on IMU data from hip and shoe sensors. Preprocess-
ing, segmentation, feature extraction, and regression were applied to data
of four sensor sources separately. The individual predictions were fused
at decision level (Figure 3.18). Due to a good trade-off between a low
median RMSE of 0.42 MET and a low interquartile range of 0.12 MET, the
combination of accelerometers attached to hip and shoe was proposed.

Implications

Three HAR systems were developed in order to infer the type of daily activ-
ities from IMU data, which provided a high flexibility in terms of adding
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new sensors and/or activities as well as combined multiple decisions of in-
dividual systems (contributions 1, 2, and 4). All algorithms implemented
the ARC introduced in [Bull 14]. The approaches were similar in the single
components of the ARC. A sliding window was applied to accelerometer
and gyroscope data. State-of-the-art features were extracted (Table 2.1)
and often reduced by a feature selection routine. The features were used
as input for various classifiers. Accuracy values above 85.7 % showed the
general applicability of the proposed approaches to activity recognition
challenges. The proposed feature set for the classification of the activity
type was further used for the determination of the activity intensity. In
addition, the decision level fusion proposed in section 3.6 was adapted
to the energy expenditure estimation (contribution 5). A RMSE of 0.42
MET showed that some selected components were applicable for both
determining activity type and activity intensity.

Two common advantages of the mentioned algorithms were found.
First, the techniques provided a high flexibility to react to environmental
changes. Single trained subsystems in the hierarchical as well as in the
decision level fusion approaches could be replaced or adapted without
affecting the other subsystems. A retraining of the complete HAR sys-
tem is not necessary. If the developed algorithms are implemented on
deployed activity trackers, which were e.g. mentioned in section 1.6,
parts of the HAR algorithm can be updated in terms of adding new sen-
sors or activities without replacing the complete system. The second
common advantage of the algorithms was that the activity type or inten-
sity determination was not dependent on a single system decision. In
the hierarchical approach, multiple decisions were performed along the
path of the hierarchy. In the decision level fusion approaches, multiple
decisions were made by majority voting or averaging estimations.

A disadvantage of the proposed techniques included e.g. the number
of required sensors. All methods considered multiple sensor nodes as
input, which increased the cost of the overall system. Nevertheless, the
hierarchical and decision level fusion approaches can be adapted, if e.g.
only one sensor is available. The hierarchical approach could be trained
with data of only one sensor node. The feature selection routine might de-
termine more features in order to capture the information of the desired
activities. The decision level fusion technique described in section 3.4
was not applicable to only one sensor, but the extension introduced in
section 3.6 supported a single sensor setup, at least if multiple sensor
types were available. Information acquired by accelerometer and gy-
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roscope could be fused e.g. with magnetometer data, which was often
integrated in current sensor nodes (Table 1.1). A further step could be
the combination of hierarchical and decision level fusion approaches.
The hierarchical structure could be implemented for one sensor type
separately, which includes the decision level fusion along the path in the
hierarchy, and a final decision level fusion across all sensor types.

The algorithms listed in Table 1.2 mainly performed flat classifica-
tion based on feature level fusion (Figure 1.2b and 1.3a). Integrating
new activities or sensors might often be cumbersome and would re-
quire a retraining of the complete HAR system. As already mentioned,
the proposed HAR systems might be more flexible to react to environ-
mental changes. Nevertheless, various components of state-of-the-art
approaches should be integrated in future work. Probabilistic meth-
ods in the decision level fusion using e.g. the posterior probability as
weighting factors should be investigated, which showed a better classi-
fication performance [Chow 18]. Implementation of the proposed HAR
approaches on embedded devices might further require a reduction of
the sampling rate. The method introduced in [Khan 16] could be applied
to determine the optimal sampling rate based on a similarity analysis.
Currently, the developed algorithms were designed as user-independent
systems [Bull 14]. Since the determined activity information is mainly
person-dependent, components for a user-specific system as proposed
in [Van 00, Alle 06, Rogg 13] might be beneficial to increase the over-
all system performance. Although the implemented algorithms in this
thesis achieved accuracy values above 85.7 %, the study design included
mainly single activities performed in a rather controlled environment.
Authors in [Wu 07b, Hu 08, Blan 10, Gord 11, Hu 09] further investigated
the application of HAR to more complex scenarios such as concurrent,
interleaved, composite, multi-user group activities, and abnormal activi-
ties. The performance of the methods provided in this thesis might drop
under these complex scenarios and additional components should be
integrated.

The developed evaluation framework and database fusion strategy were
rather new concepts (contribution 3 and 4). The evaluation framework
could be one step towards a fair quantitative assessment of the best HAR
algorithm for a specific application. A comparison of different methods
is not performed by investigating the achieved performance based on
different input datasets. The effect of different novel components of an
ARC on the classification performance can be investigated. Combining
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different components of the methods listed in Table 1.2 might result in
HAR systems, which are highly robust, flexible, and person-specific and
provide accurate activity profiles. One step in the proposed framework
included the selection of a common benchmark database. In order to
increase the number of instances, the database fusion strategy could
be further integrated in the framework (Figure 3.14). Fusing already
available datasets can be seen as low-cost solution for providing HAR
systems with more data without the need of an additional data collection
session, which is usually time-consuming.

All in all, the developed HAR systems in this thesis showed suitable
performance to infer daily activities. Implementing these systems e.g.
in future activity trackers enables the provision of detailed and person-
specific activity profiles. Due to the rather generic components of the
algorithms and the high flexibility of the proposed methods, the set
of activities and sensor settings could be optimized for each human
individually. The person-specific activity profiles provide information
about meeting physical activity recommendations [Warb 06], give insides
in the causes of physical activity behavior [Sall 00], and show the effect
of intervention programmes [Kahn 02].

6.1.2 Recognition of Soccer Activities

Understanding activity patterns in soccer enables coaches to prescribe
and implement training programs that replicate physical demands during
competition. The performance of young talents during various activities
such as shooting, dribbling, and sprinting is further determined in order
to identify talents. Thus, knowledge of the performed activity is benefi-
cial in sports. The literature review showed that IMUs can be applied to
recognize soccer-specific activities such as dribbling, sprinting or kicking
(section 1.5.3). Nevertheless, various limitations were found. The au-
thors often achieved a low accuracy regarding kicks, the algorithms were
evaluated on rather controlled scenarios such as pre-defined exercises
or pre-selected game scenes, and a distinction of the kick intensity was
only based on stationary kicks. In this thesis, three contributions were
presented, which addressed the mentioned limitations and showed the
integration of HAR algorithms in a novel and innovative application.
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Contribution 6:
Kick Classification

In section 4.3, two kick classification routines were introduced (Fig-
ure 4.7). The algorithms were able to distinguish between full-instep and
side-foot kicks. The first algorithm was based on a hierarchical classifica-
tion architecture (Figure 1.3b). The second algorithm exploited expert
knowledge about the kick execution. The proposed methods achieved
a balanced accuracy above 94 % on a set of pre-defined exercises. A
balanced accuracy of 85.0 % was further achieved considering data of a
complete 45 minute game.

Contribution 7:
Ball Speed Estimation

An IMU-based ball speed estimation technique was presented in sec-
tion 4.4. The algorithm segmented different phases during a full-instep
kick followed by feature extraction (Figure 4.12). MLR was further ap-
plied to predict the achieved ball speed. The proposed system achieved a
MAE of 5.5 ± 0.9 km/h during dynamic exercises.

Contribution 8:
Video Summary Generation

In section 4.5, a sensor-driven, automatic, and low-cost solution for video
summary generation was described. Players were equipped with inertial
sensors and simultaneously captured by video cameras (Figure 4.15).
HAR algorithms such as the previously mentioned kick classification
routines and the ball speed estimation were applied to identify player-
specific highlights in the sensor data (Figure 4.16). The corresponding
video frames were selected and integrated in a final video summary. The
ball speed estimation could be used to rank full-instep kicks based on
the achieved ball speed. An extension of the system added video and
audio effects to single highlight scenes.

Implications

Two HAR algorithms were developed in order to infer soccer-specific
activities from IMU data, which were optimized for two of the main kick
types in soccer (full-instep and side-foot kick). The algorithms imple-
mented the ARC introduced in [Bull 14]. Both approaches relied on peak
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detection routines, which reduced the number of classification tasks by
about 50 %. The proposed peak detection might further be applicable
for other soccer-specific activities which include a ball contact, e.g. long
passes or dribbling sequences. The proposed approach outperformed an
existing approach considering a pre-defined set of exercises [Ahma 15].
Evaluating the developed algorithm on game data showed a lower perfor-
mance compared to literature [Mitc 13], but the evaluation in this thesis
was on more realistic data, since complete game data was considered.

One challenge in the classification of soccer-specific activities is the
fact that the target activities are rather rare compared to the duration of
the data acquisition. Although high sensitivities of kicks above 90 % were
achieved, the precision was often low, especially in complex scenarios
such as games. This shows that the proposed systems predicted more
instances as kicks than actually available in the dataset. Nevertheless,
an investigation of the false positive instances showed that often ball
contacts were identified as kick candidates. Future research should focus
on the integration of more ball contact activities in the proposed system.
After eliminating the false positive instances, which included ball con-
tacts, only 10 instances remained in average for each player compared
to the acquired game duration of 45 minutes. Thus, the proposed algo-
rithm can be seen as a good starting point for a more advanced system.
One processing step on top of the current system could include concepts
of process mining [Aals 11]. A ball contact classification system could
generate an event log and a process model is structured capturing the
behavior seen in the mentioned log. Another improvement could be an
unsupervised online learning component in order to model the NULL
class and try to further eliminate false positives.

The ball speed estimation algorithm achieved an accuracy of 5.5 km/h
which was 2-3 times higher than the accuracy of the Hawk Eye system.
Thus, the proposed system cannot replace expensive camera-based sys-
tems, but the system might be used to determine a rough categorization
of kick speed in low, medium, and high intensity. Although the proposed
approach achieved lower performance compared to current existing lit-
erature [Zwic 12], the method was evaluated on more subjects and on
more realistic scenarios including dynamic training exercises. In order
to further improve the accuracy, additional aspects such as kicking tech-
nique, approach angle, and support leg dynamics should be investigated.

All in all, the developed HAR systems in this thesis showed suitable
performance to infer full-instep and side-foot kicks. Due to the low
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precision, the proposed system might not be applicable to create detailed
match statistics about the number of performed kicks and replace current
camera-based ground truth systems in professional sports. Nevertheless,
amateur teams might benefit from such a low-cost solution. Coaches
and scouts from local recreational teams could quantitatively compare
the activity patterns of players. Besides comparing activity patterns, a
novel and innovative application was further introduced in this thesis,
which included the developed HAR systems (contribution 8). A video
summary system provided each player with individual highlight reels.
Besides a ranked order of kicks further highlights might include tricks or
fouls.

6.1.3 Big Data Ready Human Activity Recognition

Wearable sensors are one of the biggest drivers of the IoT, which offers
the generation of Big Data. Although Big Data offers new possibilities in
HAR research, the concept of Big Data is not considered in the design of
HAR systems so far. To close this gap, one contribution was presented in
this thesis which introduced the abstract concept of Big Data to the HAR
research field.

Contribution 9:
Introduction of Big Data to HAR Research

The contribution regarding Big Data for HAR was fourfold. First, a
survey about state-of-the-art in wearable-based HAR was presented (sec-
tion 1.5.1). It was pointed out that although Big Data could have a positive
impact on HAR research, the current version of the ARC did not consider
Big Data components. Therefore, the integration of Big Data concepts
and tools in the ARC is mandatory as well as a general introduction of Big
Data to the HAR community. Second, a HAR-related definition of Big
Data was given using the five V-based descriptors volume, variety, veloc-
ity, veracity, and value (section 5.3). Third, extensions of the traditional
ARC were introduced (section 5.4). Examples included a centralized
storage platform and the usage of distributed data analysis frameworks
such as Hadoop. Fourth, open issues and future research directions were
comprised including standardization techniques for datasets and novel
fusion strategies (section 5.5).
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Implications

The connection between Big Data and HAR might be one important
milestone in activity recognition research. In the past, research work
focused on the assessment of sensors for activity recognition challenges,
basic algorithms e.g. for data fusion as well as hierarchical architectures
or user-dependent systems, and the evaluation of new approaches on
small isolated datasets (section 1.5.1, Table 1.1 and 1.2). In the future,
new research fields could be defined such as lifelong learning and the
application of HAR algorithms to complex activity recognition. Research
work might benefit from the availability of Big Data. The proposed
definition of the term Big Data in HAR and the proposed extensions
of the traditional ARC should be seen as one step towards Big Data
ready HAR. The suitability of the definition and the extensions has to
be proven and possible changes might be required. The proposal for
a storage platform enables the provision of a large-scale benchmark
database which would have a high impact on future investigations in
activity recognition and is a mandatory step. Nevertheless, it requires
high and time consuming effort in defining a structured data gathering
and a collaboration of various entities. As a first step, the database could
be setup in an iterative manner, to test new proposed standards. Data
coming from different activity trackers, e.g. which were mentioned in
section 1.6, could be further integrated in this new database.

All in all, Big Data ready HAR systems could have a high impact in
the future assessment of the physical state of humans. Since more and
more sensors are connected to the internet, detailed and person-specific
information can be gathered to provide individual activity profiles. The
causes of physical activity behavior, as mentioned in section 1.1, could
further be investigated over a long period of time.

6.2 Outlook

In the future, the proposed algorithms and concepts, which were part of
the contributions 1 to 9, could be further combined to a general architec-
ture for future HAR. The architecture consists of a common database, an
algorithm library, and an evaluation framework (Figure 6.1). Details of
the three parts are given in the following sections. In addition, a future
medical application of the proposed video summary tool is given.
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Applications
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Figure 6.1.: Outlook. Combination and extensions of proposed algorithms and
concepts, which were part of contributions 1 to 9. Contribution numbers are
indicated by black circles.

6.2.1 Database

A standardized data gathering could be used to include new studies in a
common database. Standardization includes a common coordinate sys-
tem, description of sensor placement, and data format (contribution 9).
Data should further be annotated by crowdsourcing tools. Study data
might be collected by the devices mentioned in section 1.6. The effort
in the standardized data gathering steps varies with respect to the ap-
plication area. Labeling walking periods in daily life might be easier
than labeling every ball contact in specific sports types. The common
database further might include already available studies listed in Table 1.1,
e.g. DaLiAc, USC-HAD, and PAMAP2. Datasets which were acquired
in various studies could be combined with the proposed fusion strategy
(contribution 4). The fusion approach could further be extended by a
component which selects appropriate studies for a specific application.

205



6. Summary, Discussion, and Conclusion

All studies together result in Big Data, which are available for algorithm
development as well as algorithm evaluation (contribution 9).

6.2.2 Algorithm Library

Algorithms, which were part of the contributions 1, 2, 5, 6, and 7, could
be integrated in an open access algorithm library. Such an algorithm
library would provide a variety of different implementations of the ARC
introduced in [Bull 14]. Single components of the implementations could
be reused in other methods, which might result in a faster development
of robust HAR systems in the future. The library should include state-of-
the-art approaches mentioned in section 1.5 as well as novel approaches.

Novel approaches should implement components of the proposed ex-
tended ARC (contribution 9). Machine learning tasks should e.g. be exe-
cuted on Big Data frameworks such as Hadoop. Novel HAR approaches
should further contain generic, self-configurable, and modular compo-
nents, which could be applied to varying sets of sensors as well as activities
and could be replaced by other components. Examples for these generic
and modular components were introduced in this thesis. Algorithms,
which were described in section 3.3 and 4.3, included an automatic feature
selection or peak detection routines, which were optimized for a given
activity set. The proposed peak detection algorithm could further be
applied to other applications, which require the recognition of peak-rich
parts in sensor signals, such as fall or step detection.

The proposed hierarchical system shown in Figure 3.4 contained one
SPORTS subsystem, which could be replaced in future by the kick classi-
fication algorithms presented in section 4.3. With such a system, soccer
players could be analyzed in sports as well as in other life situations.
Future systems should further provide solutions for other sports types
such as basketball or swimming. The proposed energy expenditure esti-
mation system (Figure 3.18) could be added as a subsequent module after
the WALK subsystem (Figure 3.4) in order to provide information about
both activity type and intensity. Similar energy expenditure estimation
modules could be developed and integrated for the HOUSE or BICYCLE
subsystem (Figure 3.4).

6.2.3 Evaluation Framework

The proposed approach for a common evaluation framework (contribu-
tion 3) could be used to compare a novel approach to already existing
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algorithms in the library. The framework can identify the best approach
for a specific application based on a quantitative and fair assessment
using a common benchmark database. The result of the comparison
could be used to further improve novel approaches and to support the
identification of possible bottlenecks. A more advanced extension of
the evaluation framework might be to automatically combine parts of
different algorithms, which might perform better than each individual
technique. Parts of algorithms include e.g. median filtering or extracting
a certain feature set. The automatic kick segmentation technique, which
was described in section 4.3, could be further applied to other applica-
tions as a data preparation step for certain experiments. The technique
could e.g. be used to provide a set of segmented steps for gait analysis.

6.2.4 Applications

The proposed video summary tool (contribution 8) could be further
applied in medical scenarios such as fall detection for elderly.

Inertial sensors were often used to detect falls which enables an in-
telligent surveillance system for elderly [Muba 13]. The proposed video
summary tool could be adapted to the fall detection scenario. Highlight
videos which include periods of falls could be shown to physicians. Video
frames before and after a detected fall could be used to investigate causes
of falls or to assess the subsequent treatment of relatives.

6.3 Conclusion

In this work, various contributions regarding IMU-based HAR in daily
life and sports were made. Seven HAR algorithms were developed which
were able to infer either daily or soccer-specific activities based on activity
type or intensity. The approaches implemented a traditional Activity
Recognition Chain (ARC) and were optimized for different scenarios.
The soccer-specific HAR algorithms were further integrated in an auto-
matic, sensor-driven video summary application. The system was able to
provide each individual player with a personal video summary containing
highlight scenes.

The implemented ARCs were part of higher level system architec-
tures. Generic hierarchical systems were developed, implemented, and
evaluated on daily and soccer-specific activities. Various activities were
ordered along a path of a class hierarchy. The grouping of activities and
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subsequent classification systems allowed better flexibility in terms of
changing sensor configuration or the considered activity set. Decision
level fusion techniques were further developed which addressed the in-
fluence of sensor degradation during run-time and the corresponding
drop in performance of HAR systems.

Besides various implementations of the ARC, two novel HAR algo-
rithms were further proposed. First, a database fusion strategy was devel-
oped and investigated which aimed at increasing the amount of instances
which could be used to train and test machine learning approaches. The
technique did not require an additional time-consuming data collection
session. Second, a common evaluation framework was presented which
could be used to provide a fair comparison of various HAR algorithms.

Big Data concepts and tools for HAR systems were further introduced.
In detail, a HAR-related definition of Big Data was provided, various
extensions of the traditional ARC were proposed, and open issues were
argued.

The contributions, which were presented in this thesis, enable a better
assessment of humans’ behavior in health and sports. Future multi-
sensor HAR systems, which implement the proposed extended ARC and
are trained on Big Data, will provide a robust, holistic, and long-term
analysis of humans’ physical state. A detailed monitoring of humans’
physical state enables (a) an early detection of sedentary behavior which
supports a healthier society and (b) a quantitative athlete assessment
which might provide a fast identification of future talents.

The findings of this thesis can be transferred to other research fields
as well. Clinical gait analysis can e.g. benefit from the application of
Big Data techniques to a huge amount of sensor data from Parkinson
patients. The step pattern could be analyzed over a long period of time.
A smart multi-sensor system can be implemented which estimates the
severity of the disease and recommends a suitable therapy plan. The
proposed algorithms can be used to provide flexible and personalized
systems which are optimized for single patients. These systems could
improve the quality of life of each individual patient.
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Chapter A

Data Collection

A.1 Description of Soccer Training Exercises
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(a) Walking. (b) Running. (c) Side-stepping.

Figure A.1.: Walking, running, and side-stepping (exercise IDs 1-3, Table 4.1) were performed between two cones without
the ball. The distance between the cones was about 16 m. Walking was performed once and included both a single-support
phase and a double-support phase, when one foot and both feet are on the ground, respectively [Bart 07]. Running was
performed three times and included a single-support phase and an additional recovery phase, when both feet are off the
ground. In the first two trials, the player had to run with two self-selected increasing speed levels in forward direction. In the
third trial, the player had to run with one self-selected speed level in backward direction. Side-stepping was performed twice,
from left to right and from right to left.
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(a) Distance: 4 m (b) Distance: 9 m (c) Distance: 15 m

Figure A.2.: Eight subsequent side-foot kicks to a teammate were performed considering the three pre-defined distances
4 m, 9 m, and 15 m (exercise ID 4, Table 4.1). The three distances were chosen to vary the intensity of the passes. For each
distance, the pass sequence was separately performed with left and right leg.
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Figure A.3.: Dribbling (A.3a - A.3c) and slalom (A.3d - A.3f) were performed three times (exercise IDs 5 and 6, Table 4.1).
Both exercises were performed with the preferred leg on a distance of 32 m.
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Figure A.4.: Three full-instep kicks on a stationary ball (exercise ID 7, Table 4.1). Exercise was performed with left and
right leg.
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(a) Slalom (b) Side-foot kick (c) Jogging

Figure A.5.: Slalom between cones was performed with a subsequent side-foot kick to a teammate (exercise ID 8, Table 4.1).
Player had to jog back to the starting position.

214



A
.1.

D
escrip

tio
n
o
f
S
o
ccer

T
ra
in
in
g
E
xercises

(a) (b) (c)

Figure A.6.: Player had to control the ball with the thigh with a subsequent side-foot kick to a teammate (exercise ID 9,
Table 4.1).
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Figure A.7.: Player had to control the ball with the chest with a subsequent side-foot kick to a teammate (exercise ID 10,
Table 4.1).
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(a) Dribbling (b) Side-foot kick (c) Dribbling

Figure A.8.: Player had to perform a dribbling with a subsequent side-foot kick to a teammate (exercise ID 11, Table 4.1).
Player received the ball and had to dribble back to the starting position.
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(a) Dribbling (b) Side-foot kick (c) Full-instep kick

Figure A.9.: Player had to perform a dribbling with a subsequent side-foot kick to a teammate (exercise ID 12, Table 4.1).
Player received the ball and had to perform a full-instep kick.
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(a) Dribbling (b) Tackling (c) Full-instep kick

Figure A.10.: Player had to perform a dribbling followed by a tackling against an opponent (exercise ID 13, Table 4.1). Player
had to finish exercise with full-instep kick.
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Figure A.11.: Interactive player test was a pass-exercise (exercise ID 14, Table 4.1). Four walls were placed around the player.
Behind each wall, a flash light was positioned. During the exercise, one flash light was randomized activated and the player
had to pass towards the corresponding wall. 15 passes had to be performed.
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Abbreviations

ARC Activity Recognition Chain

AS Ascending stairs

BC100 Bicycling (100 watt)

BC50 Bicycling (50 watt)

BMI Body-Mass-Index

CART Classification and Regression Trees

DS Descending stairs

FN False Negatives

FPR False Positive Rate

FP False Positives

HAR Human Activity Recognition

IMU Inertial Measurement Unit

IoT Internet of Things

k-NN k - Nearest - Neighbor

LOSO-CV Leave-One-Subject-Out Cross-Validation

LY Lying

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error
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Abbreviations

MET Metabolic Equivalent of Task

MLR Multiple Linear Regression

NB Naive Bayes

RF Random Forest

RJ Rope jumping

RMSE Root Mean Square Error

ROC Receiver Operating Characteristic

RU Running

SEE Standard Error of Estimate

SI Sitting

SMA Signal Magnitude Area

SMV Signal Magnitude Vector

ST Standing

SVM Support Vector Machine

SW Sweeping

TPR True Positive Rate

VC Vacuuming

WD Washing dishes

WK Walking
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Human Activity Recognition (HAR) deals with the automatic recognition of 
physical activities and plays a major role in the health and sports sector. 
Knowledge about the performed activities can be used to monitor com- 
pliance regarding physical activity recommendations, investigate the causes 
of physical activity behavior, implement sport-specific training programs, and 
replicate the physical demands during sport competition. Currently available 
tools for HAR often rely on questionnaires which involve problems in the 
reliability when recalling activities.

In this thesis, algorithms for HAR are introduced and evaluated which apply 
machine learning techniques to inertial sensor data. Daily as well as sport-
specific activities are considered including sitting, washing dishes, climbing 
stairs, and kicking in soccer. Besides the development and implementation 
of algorithms, mandatory extensions regarding the design of HAR systems 
are further identified and future research directions are provided.
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