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Veröffentlicht unter CC BY-NC-ND 4.0 International
https://creativecommons.org/licenses/by-nc-nd/4.0/

http://nbn-resolving.de/urn:nbn:de:tuda-tuprints-214265
https://creativecommons.org/licenses/by-nc-nd/4.0/


Acknowledgments

I am grateful to everyone for their contributions to the success of this dissertation.

First of all, I would like to express my deepest appreciation to my supervisor,
Prof. Dr.-Ing. Henning Puder, during the period of doctoral candidacy and mas-
ter thesis. Prof. Puder gave me the opportunity to pursue my PhD at the Signal
Processing Group of Sivantos GmbH in Erlangen. I am extremely grateful to your
guidance, interest in my work and support at any time. You always provided me a
valuable feedback and your fast proactive approach solved the upcoming problems
ahead of time. This efficient working style had a strong influence on me.

Furthermore, I would like to extend my deepest gratitude to my co-supervisor,
Prof. Dr. techn. Heinz Koeppl. Thank you for also providing me a valuable feedback
and bringing in new ideas with your open mindset. I would like to thank you to
invite me to the Bioinspired Communication Systems group. A special thanks goes
to the members, Bastian Alt and Lukas Koehs.

I also would like to thank the members of my committee: Prof. Dr. rer. nat. Andy
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Zusammenfassung

Laut der Weltgesundheitsorganisation sind weltweit über 400 Millionen Menschen
von der Schwerhörigkeit betroffen. Moderne Hörgeräte (HA) können diese Ein-
schränkungen des Hörvermögens reduzieren. Dies erfordert aber eine situations-
abhängige Steuerung, die die eingehenden Geräusche personenunabhängig in vorde-
finierte akustische Kategorien, wie z.B. Sprache in Lärm, einteilt. Für jede Katego-
rie existiert eine entsprechende Einstellung, z.B. die Frequenzverstärkung. Jedoch
zeigt die komplexe Audiosignalverarbeitung den höchsten Nutzen, wenn die Algo-
rithmen optimal an die jeweiligen akustischen Situationen und persönlichen Vorlie-
ben angepasst sind. Für eine natürliche und subtile HA-Kontrolle ist eine stabile
und zuverlässige Situationsidentifikation notwendig. Zur Erhöhung der Benutzer-
zufriedenheit und Steigerung der zeitlichen Prädiktionsstabilität schlagen wir die
Personalisierung des Klassifizierungssystems für jeden Benutzer vor, indem die wie-
derkehrenden Situationen und Umgebungen der täglichen Routine berücksichtigt
werden. Dazu verknüpfen wir die täglichen Routinesituationen und -umgebungen
mit bevorzugten HA-Einstellungen. Daher schlagen wir als Erste eine Kombinati-
on aus Beschleunigungs- (ACC) und Mikrofondaten zur Erkennung der täglichen
Routine in Hörgeräten vor.

Während akustische Klassifizierungssysteme typischerweise auf ausgewählten realen
und kontrollierten Situationen trainiert werden, führen wir unsere Analysen aus-
schließlich in realistischen, unbeschränkten Situationen und Umgebungen von HA-
Trägern durch, die ihrem persönlichen Tagesablauf folgen. Daher erstellen wir zwei
realistische große Datensätze, die die Grundlage für unsere umfassenden Untersu-
chungen bilden. Der erste Datensatz DT besteht aus einem Probanden über 9 Tage
mit groben Tagebuchannotationen für unsere Machbarkeitsexperimente. Der zweite
Datensatz D7 umfasst sieben Probanden über 104 Tage mit absichtsbasierten Be-
nutzerannotationen für die Modellgeneralisierungsuntersuchungen. Die Aufnahmen
basieren auf einem HA-Prototypen, der die Übertragung der ACC- und Audiodaten
auf ein Mobiltelefon ermöglicht.

Um die Realisierbarkeit des Ansatzes aufzuzeigen und zu analysieren, welche Situa-
tionen innerhalb des Merkmalraums unterscheidbar sind, führen wir Clustering- und
Visualisierungsansätze am Datensatz DT durch. Damit zeigen wir, dass die ACC-
und Audio-Merkmale verschiedene Alltagssituationen und -umgebungen unterschei-
den und gruppieren können. Diese werden visualisiert und gruppiert in Datenem-
beddings und Merkmalsgraphen über die Zeit. Mit dem Wissen um die unterscheid-
baren Routinesituationen und die groben Tagebuchannotationen beschriften wir den
Datensatz DT durch einen erweiterten semi-überwachten Algorithmus. Danach wer-
den die Routineaktivitäten erkannt und der Einfluss von drei Eingangsvarianten,
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nämlich ACC, Audio und die Kombination aus beiden Sensoren, analysiert. In
diesen Experimenten zeigen wir den starken Beitrag der Audiomerkmale.

Nach der Darstellung des Proof-of-Concept wird der zweite Datensatz D7 verwendet,
um die Modellgeneralisierungsfähigkeiten über Probanden hinweg zu analysieren.
Wir trainieren mehrere Offline-, Online- und Sequenzklassifikatoren. Hierfür bauen
wir einen effizienten Merkmalsraum auf, der die wiederkehrenden täglichen Situa-
tionen und Umgebungen gut beschreibt. Zur Erkennung des Tagesablaufs wenden
wir verschiedene Offline-Klassifizierungsmethoden an und testen diese. Das mehr-
schichtige Perzeptron und der Random Forest (RF), die personenabhängig trainiert
wurden, zeigen die besten Ergebnisse im F-Maß. Wir bestätigen mit unserer Ana-
lyse für die High-Level-Aktivitäten, dass das personenabhängige Modell das un-
abhängige Modell im direkten Vergleich zueinander übertrifft. Das Ziel unserer
Online-Experimente ist die Verbesserung der Offline-Klassifizierungsergebnisse und
die Simulation eines realen Systems. Für diesen Zweck personalisieren wir ein Mo-
dell, das personenunabhängig vortrainiert wurde, durch tägliche Online-Updates
mit den vorhergesagten oder wahren Benutzerannotationen. Dabei werden mehrere
inkrementelle Lernansätze und ein Online-RF getestet. Wir zeigen, dass der RF
das F-Maß im Vergleich zu den Offline-Baselines selbst verbessern kann. In unse-
ren Sequenzsimulationen modellieren wir die zeitlichen Beziehungen der sequenti-
ellen Daten, um die Routineerkennung zu optimieren. Die Ergebnisse zeigen eine
starke Verbesserung der täglichen Routineerkennung mit den vorgeschlagenen Se-
quenzklassifikationstechniken. Die Sequenzansätze erhöhen die zeitliche Stabilität
der Vorhersagen.

In dieser Dissertation zeigen wir das Potential einer personalisierten täglichen Rou-
tineklassifizierung für eine optimale HA-Konfiguration auf. Unser effizientes Verar-
beitungsschema ermöglicht die Erkennung der Routineklassen, die mit einer bevor-
zugten HA-Einstellung verbunden sind, basierend auf Audio- und Beschleunigungs-
merkmalen. Unsere Arbeit unterstützt Hörgeräteträger mit Hilfe eines verbesserten
Klassifizierungssystems, um die Benutzerzufriedenheit zu erhöhen.
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Abstract

According to the World Health Organization, disabling hearing loss affects over
400 million people worldwide. Modern hearing aids (HA) can reduce this burden
but require a situation-dependent control, which classifies the incoming sounds in
a person-independent manner into predefined acoustic categories, such as speech
in noise. For each category a corresponding setting, e.g., frequency gains, exists.
However, the complex audio signal processing shows the highest benefits if the al-
gorithms are optimally adapted to the respective acoustic situations and personal
preferences. A stable and reliable situation identification is necessary for a natural
and subtle HA control. To enhance the user satisfaction and increase the temporal
prediction stability, we propose to personalize the classification system for each user
by considering the recurring situations and environments of the daily routine. For
this purpose, we link the daily routine situations and environments to preferred HA
settings. Therefore, we are first to propose a combination of acceleration (ACC)
and microphone data to recognize the daily routine in hearing aids.

While acoustic classification systems are typically trained on selected real and con-
trolled situations, we solely perform our analysis on realistic unconstrained situations
and environments of HA wearers following their personal daily routine. Therefore,
we create two realistic large data sets that form the basis for our comprehensive in-
vestigations. The first set DT contains one subject over 9 days with coarse time diary
annotations for our feasibility experiments. The second data set D7 includes seven
subjects over 104 days with intention-based user annotations for the model general-
ization investigations. For the recordings, we build on a HA prototype allowing to
stream the ACC and audio data to a mobile phone.

To show the feasibility of the approach and analyze which situations are distinguish-
able within the feature space, we perform clustering and visualization approaches
on the data set DT. Thereby, we demonstrate that the ACC and audio features dis-
criminate and group various daily routine situations and environments. These are
visualized and clustered in data embeddings and feature plots over time. Using the
knowledge of the discriminative routine situations and the coarse time diary anno-
tations, we label the DT set by an extended semi-supervised algorithm. After that,
the routine activities are recognized and the effect of three input variants, namely
ACC, audio, and both, are analyzed. Within these experiments, we show the strong
contribution of the audio features.

After showing the proof-of-concept, the second set D7 is used to analyze the model
generalization abilities across subjects. We train several classifiers in an offline,
online, and sequence manner. To achieve this, we build an efficient feature repre-
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sentation, which describes the recurring daily situations and environments well. To
recognize the daily routine, we apply and test various classification methods in an
offline manner. The multi-layer perceptron and random forest (RF) trained in a
person-dependent way show the best F-measure performance. We confirm for high-
level activities that the person-dependent model outperforms the independent one.
In our online experiments, the goal is to improve the offline classification results and
simulate a real system. Therefore, we personalize a model that was pretrained in a
person-independent manner by daily online updates with the predicted or true user
labels. Thereby, multiple incremental learners and an online RF are tested. We
demonstrate that the RF can self-improve the F-measure compared to the offline
baselines. In our sequence simulations, we model the temporal relationships of the
sequential data to improve the routine detection. The results show a strong im-
provement in the daily routine recognition with the proposed sequence classification
techniques. The sequence learners enhance the temporal stability of the predictions.

In this dissertation, we show the potential of a personalized daily routine classifi-
cation for an optimal HA configuration. Our efficient processing scheme allows to
detect the routine classes linked to a preferred HA setting based on audio and accel-
eration features. To this end, our work contributes to support hearing aid wearers
with an enhanced classification system to improve the user satisfaction.
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Chapter 1

Introduction

1.1 Supporting Hearing Impaired People with Hear-

ing Aids

Hearing impairment negatively affects a gradually increasing number of people
worldwide. According to the World Health Organization, over 400 million humans
suffer from disabling hearing loss and these people represent over 5% of the world’s
population [1]. These high numbers are expected to raise until the year 2050 over 900
million people. For adults, a hearing loss of greater than 40 decibels (dB) is called a
disabling hearing loss compared to the better hearing ear. Various reasons for this
condition exist, such as genetic causes, ear infections, exposure to heavy noise, or
aging. In particular, elderly people over 65 years are highly affected with an approx-
imated share of one third. The negative impact of hearing loss results in difficulties
during conversations, in particular, in loud environments, localizing sounds in traf-
fic situations, and typical activities like watching television [2]. Thus, the social
interactions are more complicated due to a difficult speech understanding, which is
frustrating for the impaired people. To help them, hearing aids (HA) can at least
partially compensate the hearing loss. The device can apply a frequency-selective
amplification to the incoming sounds, directional processing, e.g., to focus the front
of the impaired person and reduce other directions, and noise reduction measures
to weaken, for example, impulse or wind noise [3]. These measures improve the
speech intelligibility and reduce the environmental noise. For the highest benefits,
the measures need to be optimally controlled to the current acoustic situation.

1.2 Adapting Hearing Aids to the Acoustic Scene

by Person-Independent Classification

To adapt state-of-the-art hearing aids to the current acoustic scene, a person-
independent classification is performed on sound features and the system is typi-
cally trained on selected real-world and laboratory situations [4]. These recognized
classes are predefined categories, such as music, noise, or speech in noise [5]. Af-
terwards, based on these situation categories a set of predefined algorithmic and
audiological parameters is applied to the hearing aids [3]. In this way, the HA adapt
to its surroundings and this process is continuously repeated. Thus, in a speech in
noise situation the HA can activate the directional processing to emphasize speak-
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ers in front of the wearer. In contrast to a music scene, where the amplified higher
frequencies and dynamics are preferable for an optimal listening comfort [2].

Unfortunately, the acoustic scene is highly non-stationary, changes in short-time
intervals and can be ambiguous [6]. Due to this behavior, the acoustic classification
can lead to frequent unwanted setting changes. These modifications of HA param-
eters, e.g., frequency-dependent gains, can be uncomfortable for the wearer. There-
fore, a stable and reliable situation identification is necessary for a natural and subtle
HA control. Then, the complex audio signal processing shows the highest benefits
if the algorithms are optimally adapted to the respective acoustic situations.

1.3 Improving Scene Classification by Personal-

ization and Daily Routine Recognition

To improve the scene classification and the hearing aid parameter adaptation, we
propose to personalize the HA configuration and recognize the daily routine by a
person-dependent classification. This personalized system is trained on the personal
real-world routine situations. In that way, it ensures the temporal stability and takes
into account the user behavior and recurring acoustic situations. The daily routine
consists of periodic recurring situations and environments plus slowly changes over
time. It is a high-level activity, which is a composition of many low-level activities.
Thus, we link the common, repetitive situations of the daily routine to a preferred
hearing aid setting.

To illustrate an exemplary daily routine, a working day and the corresponding
time schedule of a week with a strong repetitive structure are displayed in Fig. 1.1.
The working day starts with the morning routine activities, such as daily hygiene
and breakfast, plus going to work. The central element is the office work interrupted
by the lunch break. Afterwards, commuting back home, which is followed by dinner
and other free time activities. That is why, the daily structure often has a certain
sequence of events, which can be exploited to identify the scenes based on the
temporal dependencies. Elderly people particularly have a strong daily routine
[7]. Thus, HA wearers repeatedly face similar situations and environments, which
is illustrated in the time schedule in Fig. 1.1 (b). Therefore, we can leverage this
knowledge for an improved classification and configuration.

The ideal HA device setting is specified by the user’s intention in a certain
situation, which translates to different hearing needs. Assuming that the user does
office work and the colleague besides him has a conversation with a visitor. Here,
due to spatial proximity, the HA would decide that the user wants to listen to this
conversation based on the short-term acoustic cues. However, the wearer’s intention
is to focus on his work. Hence, the audio information can be ambiguous, and we need
to consider the user’s behavior, e.g., the body movements particularly analyzing the
head motions [6], over a longer period to deduce this kind of situations.

Another example would be that the user plays football and someone close to
him shouts some commands. Thus, the classification system could decide based on
the short-term acoustic cues, that the wearer is in a conversation and activates a
directional processing to emphasize this voice. However, the user wants to monitor
his total surroundings. Hence, the short-term acoustic cues can be ambiguous, and
additional data inputs need to be considered over a longer period, e.g., the motion
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behavior, to gain more reliable scene information. Therefore, we use an acceleration
sensor within a HA for a better scene analysis. Supporting this new concept of
a personalized HA scene adaptation, we focus on the daily routine detection part
to intelligently control the HA parameters by taking advantage of the recurring
situations and environments. To reach the proposed goal, we specify objectives for
this dissertation in the next section.

1.4 Specifying Objectives of the Thesis

The primary objective of this dissertation is to improve the classification system
of a hearing aid by exploiting the recurring daily routine situations and environ-
ments. This enhances the temporal prediction stability and takes into the account
the personal situations. Based on this goal, several steps are specified and need to
be successfully completed. Firstly, relevant features to distinguish different routine
situations should be found. Based on these features, large recordings of the daily
routine should be done. After that, these data sets allow to investigate which situ-
ations cluster in the feature space and judge the relevance of these features. Then,
the detection of these routine situations can be evaluated. Finally, for each situation
an optimal audiology setup could be found.

For the identification of recurring characteristic situations, a set of relevant
features must be found, which describes the scene properties well. Obvious can-
didates are the acoustic characteristics of the HA, such as the loudness level, own
voice detection, features derived from the audio signal in time or frequency domain,
acoustic class decisions, such as car, music, signal in noise, or quiet. In addition, in
each prototype HA a built-in acceleration (ACC) sensor tracks the head and body
motion of the user as a combination of linear translational and rotational move-
ments. These features are transmitted and stored on a connected cell phone, which
can upload the sensor outputs to a cloud database for further processing. Further-
more, the mobile phone itself has a rich set of candidate sensors, for example, GPS,
light, accelerometer, gyroscope, barometer, and magnetometer.

Based on a first large data set of real-life situations, the relevance of the selected
features could be assessed if and how well they group the different situations. This
could show the feasibility of the approach, meaning the proof of concept. After that,
a large data set of multiple subjects in the range of two weeks per person could be
recorded to test the recognition performance of characteristic situations across the
different subjects. Here, a specific focus can be put on the detection of reoccurring
individual characteristic and general situations. In particular, a link to the daily
routine can be set up, where, e.g., within the working week a certain pattern of
activities happens.

The characteristic scenes can then be grouped based on the inherent similarity
between the recurring situations by, e.g., an unsupervised clustering approach.
This method can be combined by a dimensionality reduction technique to find a low
dimensional representation of these scenes. Within this feature space, it would be
possible to identify unknown situations for one user, due to similarities between the
subjects and scenes, which have already been learned by the data of another subject.
Furthermore, developing an easy and intuitive visualization of the data can help
to capture the daily routine patterns. This representation can use the output of the
dimensionality reduction and clustering stage.
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(a) The daily routine comic (adapted from [8]).
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(b) Exemplary daily routine time schedule.

Figure 1.1: Exemplary daily routine comic shows a representative sequence of events
for a workday with a set of recurring situations and environments. The behavior is
repeated during the week and at the weekend more leisure activities take place.
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The detection of these characteristic scenes builds another main target of this
dissertation. Therefore, classification approaches can be evaluated based on a
suitable feature representation and the impact of these features can be assessed. On
the basis of these experiments, the model generalization abilities across subjects and
days can be assessed to check the personal and daily data variability. Furthermore,
different training procedures, namely a personalized or person-independent model
training, should be tested. Additionally, fixed offline classification models can be
compared against adaptive online methods or sequence models. The online classifiers
can simulate a real system that is adapted on new incoming data. The sequence
approaches could model the temporal relationship of the routine data.

After the detection of a characteristic situation, the personal preferences and
intentions, corresponding to an optimal HA configuration for each person, should
be evaluated and found. For this optional audiological task, a solution could be
proposed based on existing concepts in the literature.

1.5 Summarizing the State of the Art and Con-

tributions

In the following, we review the state of the art per covered topic and summarize
the corresponding contributions in this dissertation, where the explained material
is partially published in [9, 10, 11]. The written publications are summarized in
the next section 1.6, the dependencies of covered topics are explained in section 1.7
and are illustrated in Fig. 1.2. Several topics have been covered and a number of
contributions have been achieved during the time of the doctoral candidacy. The
main topic areas fall into the daily routine recognition (DRR) and analysis. The
topics and achievements group into the creation of two large real-world data sets, the
clustering and visualization analysis of routine situations, the feature impact evalu-
ation of acceleration and audio data, the offline, online, and sequence classification
investigations.

1.5.1 Creating Two Daily Routine Data Sets and Labels

In the field of human activity recognition (HAR), several data sets exist, and
overviews of these sets can be found in [12, 13, 14]. These studies recorded a sin-
gle person to multiple participants performing low-level activities, such as walking,
running, sitting, or cycling, or activities of daily living (ADL, e.g., grooming, food
preparation, or cleaning). A few popular examples of HAR data sets are listed in
Table 1.1 and we give further details to one of them. The Opportunity data set con-
centrates on ADL with lots of primitive activities in a sensor-rich and constrained
environment [15]. Thereby, researchers often used inertial measurement units (IMU)
consisting of a gyroscope, a magneto- and accelerometer, where, in particular, ac-
celerometers were selected due to the low power consumption like in our case. The
sensors were placed on the whole body as a wearable unit, e.g., at the legs, arms, or
waist, or a worn smartphone with an IMU and more sensors in the trouser pocket
was utilized. The interesting head position for the hearing aid research was less often
used. One example is a head-mounted IMU sensors to detect the viewing direction
for an improved position estimation during walking [16].
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Table 1.1: Overview of popular public HAR and audio data sets.

HAR Sets Activities

Opportunity [15] ADL

van Kasteren [17] Smart Home Events

Huynh [18] Daily Routine

Audio Sets Target

DCASE [19] Acoustic Scene and Events

TIMIT [20] Phoneme Recognition

Common Voice [21] Speech Recognition

In context of audio processing, a high number of databases exist that contain
recordings of raw audio data. A few popular choices are listed in Table 1.1 and
overviews of these sets can be found in [22, 23, 24]. These popular examples are,
e.g., the databases of the yearly detection and classification of acoustic scenes and
events (DCASE) challenges [19, 25], which includes recordings of acoustic scenes,
e.g., office or bus, and events, e.g., speech or alert. The TIMIT acoustic-phonetic
database contains thousands of sentences from hundreds of English speakers with
different dialects, which are annotated at a phoneme level [20, 26]. All these data
sets are not applicable for the daily routine recognition, because they only contain
recordings of specific audio examples and does not account for the broad spectrum
of life. In particular, day-long raw audio recordings are not feasible due to privacy
issues and resulting high amount of data.

In audiological research on hearing aid usages and evaluation, the ecological
momentary assessment (EMA) performs long-term monitoring of subjects with ob-
jective data and subjective in field questionnaires to avoid the memory bias of ret-
rospective evaluations [27, 28]. Thereby, the objective data are measured every
minute and contain the frequency of acoustic class decisions, the mean and max-
imum broadband level. The hearing aid data was transmitted via Bluetooth to a
connected smartphone. Thereby, the real life of 20 experienced HA wearers were
recorded for about 3 weeks per participant.

For the daily routine recognition, the Huynh set contains the real life of the
author, Huynh, in an open setting by two body-worn ACC sensors [15, 18]. They
focused on the daily routine during office working days characterized by a very
repetitive structure [9]. To the best of our knowledge, no other suitable public-
available data set exists, that contains the real life with head worn sensors. Thus, we
identified a literature gap, namely the recording of data sets on high-level activities,
to perform further research on model generalization across multiple subjects.

Therefore, one of our main contributions is the time-consuming creation of two
real world data sets while fulfilling a few important requirements. First of all,
since we are dealing with hearing aids, the sensor location is fixed to the ear posi-
tion on the head, which is not the case for the Huynh data set. In addition, the
existing previous studies did not use rich audio features over the long-term periods
in this high sampling rate as we do. Hence, there was the need to construct the
realistic data sets, DT with one person and D7 with multiple subjects [9, 10]. The

6



set DT is recorded for the feasibility experiments to show which situations are dis-
tinguishable and analyze the impact of ACC and audio features. To compare the
results of previous DH set, we use similar generic activity labels. With the help of
data set D7, we assess the model generalization abilities across subjects for high-
level activities. Thereby, we analyze the detection performances in a personalized
and person-independent training while using audiological relevant intention-based
hearing routine annotations. Both large data sets are recorded in unconstrained
environments and contain a broad spectrum of real-life activities. The explanation
of the two recorded sets and the Huynh data is given in chapter 2. Thereby, we
bridged as one of our main contributions the mentioned literature gap to perform
several further investigations introduced in the following sections.

1.5.2 Grouping and Visualizing the Daily Routine Data by
Unsupervised Learning

In data clustering, several approaches exist with different concepts to measure the
similarity of feature points, for example, based on a distance metric or a density
measure [29]. Using a public study data set on accelerometer from smartphones and
smartwatches to detect physical activities [30], three clustering algorithms, hierar-
chical clustering (AGNES), k-means, and density-based spatial clustering of appli-
cations with noise (DBSCAN), were tested [31]. The AGNES approach showed to
produce the best grouping based on a clustering criterion. In the work of [32], the
authors monitored the predicted activity classes in terms of the frequency of changes
on a daily basis to judge if the behavior of a certain day is different to others. To
do so, they applied k-means clustering on the aggregated output of neural network
classifier. Thus, a different daily routine behavior of a person was found on the
public van Kasteren smart home data set. To cluster the daily routine data of two
accelerometers, Huynh applied an unsupervised topic model (TM) from text pro-
cessing and generated the words by vector quantization with k-means clustering or
classified low-level activities [18]. They found that the topic probabilities correlate
with the routine activities.

To gain an understanding of the data set characteristics, visualization techniques
are applied [33]. The chosen technique depends on the data attributes, e.g., number
of dimensions, temporal or numeric data [34]. A few non-exhaustive examples are
line graphs, scatter plots, circular or parallel coordinate displays [35].

Furthermore, dimensionality reduction (DR) techniques can visualize high-dimen-
sional sensor data and a comparative overview can be found in [36]. These meth-
ods apply linear or non-linear transformations to reduce the data dimensions while
showing the inherent structure. In particular, the t-distributed stochastic neighbor
embedding (t-SNE) has shown that it finds good visualizations of high-dimensional
data [37].

In our grouping and visualization experiments in chapter 3 on the data sets DT

and DH, the following contributions are achieved and partially published in [9]. We
demonstrated on the DT set that visualization plots of ACC and audio features
or the activity-loudness map already show distinguished routine behavior over
time. Additionally, applying dimensionality reduction techniques for visualization
purposes on both sets, the evaluation demonstrated that t-SNE finds a very mean-
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ingful embedding of the high-dimensional data. Using the hierarchical clustering
method on the t-SNE projection on the DT data, the found clusters, working, lis-
tening, and talking, form a continuous manifold with similar labels confirming the
manifold assumption. In addition, the verifying the clustering assumption,
that, e.g., sport or transport group form own clusters in the feature space. Fur-
thermore, we also tested our visualization approaches and further techniques on the
EMA set of [28]. Due to the low sampling rate and low dimensionality of frequency
class counts and acoustic levels, the data only showed very obvious strong routine
patterns, such as using the car every day on the same time slot or having a high
noise level during lunch breaks in a canteen environment.

1.5.3 Labeling the Daily Routine Data by Semi-Supervised
Learning

In semi-supervised learning, a model is trained on a small subset of labeled data
and this knowledge is transferred to the remaining larger set of unlabeled points.
The visual interactive labeling (VIL) [38] combines a state-of-the-art dimensionality
reduction technique with the human perception. In a nutshell, the algorithm works
as follows: the user selects objects in low-dimensional representation and labels
them. Afterwards, the classifier is trained on the manually chosen data points
and predicts the remaining objects. This procedure is repeated until the result
is visually satisfying. In contrast to active learning, where an algorithm selects
the objects, which best optimizes the learning model and asks the user to label
them [38, 39]. Both methods work well for annotating high-level activities and
daily routines with time diaries. Without too much labeling effort, high-quality
annotations are generated by a coarse collection of known activities and routines
[40].

In the context of semi-supervised audio processing in [41], events are detected
based on weakly labeled data. The problem is formulated as a multiple instance
learning, where for each recording, there is only knowledge about the presence of
events and not about the exact start and end time. Thus, for each audio frame
there is the weak knowledge of a possible presence of one event, but also the strong
knowledge of the absence for other events, which are not in a recording. With the
help of a support vector machine (SVM) or a neural network, an event detector is
built on a Gaussian mixture representation of Mel Frequency Cepstrum Coefficient
features. The approach worked well for the detection and temporal localization of
specific events like the voices of children, but others, such as laughing, were more
problematic to be detected.

Labeling the daily routine data in chapter 4 on the sets DT and DH, the following con-
tributions are achieved and published in [9]. One of our contributions demonstrates
that our extension of the VIL method works well for consistent data annotations
in context of daily routine recognition. It offers the advantages such as spotting of
short routine events or a better handling of time-offsets with a coarse time diary.
Additionally, the extended VIL approach is highly capable for data exploration
purposes. The VIL method is validated on the public Huynh data set.
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1.5.4 Features for Daily Routine Recognition

The field of human activity recognition has been intensively investigated by focus-
ing on low-level activities. These studies showed good detection rates by finding
suitable features for the head and body orientation [42], locomotion [43, 44], con-
versational gestures [45], and transportation modalities [46]. Thereby, researchers
applied statistical, time, or frequency-based features. In audio research, lots of work
was spent on good detection features for speech, own voice, and noise by their char-
acteristics [47, 48]. The acoustic features, in particular, are very rich for detecting
sound events or characteristic acoustic scenes like certain environments [49], activ-
ities of daily living [50], conversations [51], or transportation modalities [52]. This
effectively complements the analysis of ACC patterns to differentiate, for example,
seated activities as office work vs. having a conversation [53]. The fusion of the
HAR and audio fields was done in a few studies for mostly short-term activities
such as in a workshop [54, 55]. We build on these results by applying the most
suitable features for our DRR use case.

To find an optimal feature representation for the DRR explained in sections 2.4, 3.1,
and 5.1, the following contributions are achieved and published in [9]. Based on the
set DT, we analyzed the impact of our features for the classification tasks. That is
why, the DRR is performed on the three input data sets: acceleration, audio, and
ACC plus audio. With only the ACC data, only for some routines a good result is
achieved, but others need to be improved by a better representation. One of our
contribution enriches situational details and confirms that our audio features are
very informative and improve the performance of routine classification in com-
parison to only applying ACC features [9]. In addition, we demonstrated that our
selected efficient feature representation is beneficial to differentiate various daily
routine situations and environments. The applied audio features describe var-
ious acoustic properties well, such as music, speech, wind, own voice, or sound level.
The acceleration features give information about, for example, the motion strength,
orientation, or periodic movements. Furthermore, we showed in chapter 6 that our
statistical feature representation is robust against the missing feature problem, since
due to the Bluetooth data transmission the features are affected by a varying number
of samples.

1.5.5 Classifying the Daily Routine Data by Supervised Learn-
ing

In context of the periodic daily routine recognition, only a limited number of authors
worked on these composition activities of low-level primitives on the Huynh data
set. Blanke first spotted low-level activities on the Huynh set, and then build up
a co-occurrence statistic of them within a sliding window [56]. Finally, a joint
boosting approach optimizes the statistic and returns the posterior probabilities for
each activity routine. In addition, topic models were applied to recognize these
high-level activities based on clustered acceleration data in [57, 58, 59]. Huynh
used the maximum correlation between the routine class occurrences and the TM
probabilities to recognize the daily routine activities. Seiter and White continued
the work on TM by analyzing and optimizing the robustness and parameters of
the model plus the detection of routine changes. In [60], the parametric work on
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TM was extended by a non-parametric formulation to avoid manually selecting the
appropriate number of low-level clusters and needed topics.

Further investigations have been carried out on semi-supervised and supervised
approaches to reduce annotation effort and test the recognition performances [40].
All this research has been applied on the public Huynh data set DH, which contains
the acceleration data of the author Huynh over seven working days [18].

For the recognition of low-level activities, lots of experiments with different clas-
sifiers, such as decision trees or neural networks, are performed for activity primitives
mostly [43]. We continued these benchmark evaluations for the daily routine, which
is expected to be more challenging due to the higher abstraction level that gener-
ates more variability. In addition, it was demonstrated that for low-level activities
the person-dependent model outperforms the independent one in various tasks [43].
Thus, in this dissertation we address the question if this also holds for high-level
activities.

For the offline recognition on high-level activities in chapter 5, the following contri-
butions are achieved on our data set D7 of seven people featuring ACC and additional
audio data and published in [10]. We confirm that the personalized model is su-
perior to person-independent classifier. We demonstrated that the leave-one-fold-
out cross-validation returns over-optimistic results due to the temporal correlation
of neighboring samples in different folds. We further showed that the best classi-
fiers, multi-layer perceptron (MLP) and random forest (RF), yielded the
significantly best F-measure performance. In addition, we also processed the Huynh
data set with our supervised scheme and outperformed the topic model approach in
chapter 4 [9].

1.5.6 Adapting the Classification Models by Online Learn-
ing

In the previous sections, the classification models were only once trained and station-
ary. To better address temporal changes in the data distribution, adaptive models
are also considered. The reason is that the long-term behavior of routine activi-
ties might change over time and each subject has a different composition of routine
events. Therefore, the online model personalization is assessed how well it follows
the possible non-stationary behavior. Thereby, the classifiers are updated by adap-
tation of model parameters, ensemble methods, or incremental updates [61, 62]. A
review on incremental learners stated a good tradeoff between the computational
efficiency and performance by the linear support vector machine with stochastic gra-
dient descent updates, Gaussian Näıve Bayes, and Online Random Forest (ORF)
[63]. In addition, the popular neural networks are incremental learners by perform-
ing forward and backward passes on data chunks. Thus, we test all these algorithms
and use a as small considered multi-layer perceptron (MLP) network to keep the
computational demands still feasible for a HA. The Gaussian mixture model (GMM)
was often used in other audio or hearing aid studies for classification due to its com-
putational efficiency. That is why, we also apply it for comparison reasons [49, 64].

One study personalized the HAR model on inertial sensor data without a user
interruption [65]. This is achieved by pretraining a user-independent model and
performing incremental online updates with the own model predictions on unseen
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data. They used the Learn++ ensemble method, which adapts its model based on
suitable sized data chunks and tested three types of base classifiers, for example,
classification trees. However, the user-independent model must be accurate enough
that model personalization can self-improve the recognition accuracy and we test if
this also holds for our application. In [66], the HAR model was personalized using
an ORF. They updated the ensemble classifier to the new incoming information
by adding and deleting classification trees. Both personalization studies worked on
low-level activities with small data sets.

We combine these update strategies in our own ensemble approach and cross-
compare to existing incremental algorithms. Therefore, we intensively investigate
the capabilities of these models to improve with their own predictions or true la-
bels. Afterwards, the online evaluation assesses the performance either with the
interleaved test-then-train, the so-called prequential, or holdout evaluation [67]. To
compare with the offline baselines, we choose the holdout evaluation.

In our online simulation in section 6.1, the following contributions are achieved on
our data set D7 and published in [10]. The random forest strongly enhanced the F-
and accuracy rates using the true and predicted labels compared to the baseline of
the initially fitted model. Thus, the RF classifier can self-improve its model over
time and the improvement was significant. Other classifiers only enhanced either
the minority or majority class detection.

1.5.7 Modeling the Temporal Daily Routine Transitions by
Sequence Learning

To further improve DRR, we model the sequence behavior of the daily routine, which
consists of recurring situations and environments. This repetitive time behavior is
described by sequence approaches [68]. The classical method is the hidden Markov
model (HMM), where a model of each activity state generates the observed data
and the transitions between them only depend on the previous state (Markov as-
sumption) [69]. In the domain of routine activities, this assumption does not hold,
since the neighboring samples have a correlation that can exhibit longer periods,
i.e., from minutes to hours. In contrast to gesture recognition or low-level activities,
where these primitive movements have a correlation that can last for a few seconds.
For example, an HMM can decode from posture sequences the interest of a child
performing tasks [70]. A static posture classifier returns probability scores for the
classes, such as lean forward or backward, and the HMM deciphers the posture se-
quence to one of four interest levels. Furthermore, in assembly tasks, a Gaussian
mixture model fitted on ACC data was the input for an HMM to model the transi-
tions between different working steps [55]. Additionally, a second classifier trained
on audio features was fused to the GMM-HMM for an optimized decision-making
and the audio properties showed to be beneficial. For DRR on the Huynh data set,
the GMM-HMM was applied to recognize the daily routine and was inferior to the
TM on a long observation window of a half-hour shifted by 5 minutes [18]. Thus,
the GMM is often used as a generative observation model [64], but discriminative
models can also be applied and demonstrated a better performance [69]. We cross-
compared the GMM with our well-performing MLP and RF of the offline and online
classification.
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Further methods are recurrent neural networks, where we evaluate the perfor-
mance of a long short-term memory (LSTM) network, since it demonstrated in lots
of activity studies a good outcome [71]. For example, the activities of daily living
or gestures, such as household tasks, physical exercises, opening a door, or gait pa-
rameters, are accurately detected from sensor readings like acceleration or angular
velocity data [72]. In particular, the LSTM net favors learning of long-term rela-
tionship in data with a natural ordering, which is limited for an HMM due to the
Markov assumption [69].

In sequence learning experiments in section 6.2, the following contributions are
achieved and published in [11]. We demonstrated that the multi-layer percep-
tron and random forest as an observation model for the hidden Markov
model achieved the best F-measure performance on our set D7 and the Huynh
set. Thereby, the MLP has the strongest F-measure improvement on both sets by
adding the HMM. The long short-term memory network has a worse F-measure per-
formance on both sets. The segment error analysis discovers for sequence learners
the strong enhancement of temporal prediction stability.

1.6 Summarizing the Publications

The following publications have been written during the time of doctoral candidacy:

INTERNATIONALLY REFEREED CONFERENCE PAPER AND JOURNAL AR-
TICLES:

� T. Kuebert, H. Puder, and H. Koeppl, “Daily routine recognition with visual
interactive labeling by fusing acceleration and audio signals,” in IEEE Interna-
tional Symposium on Signal Processing and Information Technology (ISSPIT),
pp. 1–6, Dec. 2019

� T. Kuebert, H. Puder, and H. Koeppl, “Daily routine recognition for hearing
aid personalization,” SN Computer Science, vol. 2, pp. 1–12, Mar. 2021

� T. Kuebert, H. Puder, and H. Koeppl, “Improving daily routine recognition in
hearing aids using sequence learning,” IEEE Access, vol. 9, pp. 93237–93247,
June 2021

INTERNATIONAL PATENT AND PATENT APPLICATIONS:

� T. Kuebert and T. Wurzbacher, “Method for operating a hearing aid, and
hearing aid,” United States Patent Application US20210051420A1, Feb. 2021

� T. Wurzbacher, T. Kuebert, and D. Mauler, “Method for operating a hearing
device and hearing device,” United States Patent US010959028B2, Mar. 2021

� T. Kuebert and S. Aschoff, “Method for the environment-dependent operation
of a hearing system and hearing system,” United States Patent Application
US20210176572A1, June 2021
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1.7 Structuring the Thesis

The structure of the thesis is illustrated in Fig. 1.2 and explained in the following:

� Chapter 2 describes the two own recorded real-world sets of realistic hearing
aid data. The set DT with generic activity classes is utilized for the feasibility
experiments, and the set D7 with the intention-based hearing routine labels
builds the ground for the model generalization investigations. The public
Huynh set DH serves as a reference for comparisons and evaluation purposes.
The hearing aid features, audio and acceleration, are explained plus the feature
notation is introduced.

� Chapter 3 analyzes if the routine data groups into relevant situations and en-
vironments by applying clustering methods. To do so, an efficient feature rep-
resentation is extracted on the Huynh and DT set. Various visualization tech-
niques are used to show the temporal structure of the routine data. Thereby,
several dimensionality reduction techniques are evaluated.

� Chapter 4 annotates the data set DT to recognize the daily routine by semi-
supervised learning. The extended visual interactive labeling (VIL) method
is explained and applied. Based on these activity annotations, the routine is
recognized and the effect of different input data modalities, audio and accel-
eration, is analyzed. The Huynh set serves as an independent evaluation set
for the VIL method.

� Chapter 5 performs the daily routine recognition based on various classifi-
cation techniques. For this purpose, an improved feature representation for
the classification is extracted and automatically selected. Various supervised
techniques are introduced, and the model generalization abilities are assessed
in a personalized and person-independent model training.

� Chapter 6 improves the routine recognition by online classification approaches
and sequence modeling techniques. Thereby, an online model is initially
trained in a person-independent manner and fine-tuned on the personal data
stream. Sequence models improve the classification results by exploiting the
temporal routine stability.

� Chapter 7 summarizes the achievements of this thesis and gives an outlook
for further work.

� Chapter A is the annex, introduces the study protocol for the data set D7, and
explains the recording procedure. Furthermore, the audiological optimization
of hearing parameters based on routine classes is discussed and a solution is
proposed. Additionally, means to integrate the routine classification with the
acoustic classifier of a hearing aid are explained.
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(Machine) Learning Path towards my PhD

③ Grouping and Visualizing
by Unsupervised Learning

④ Labeling the Data by
Semi-supervised Learning

⑤ Classifying the Data
by Supervised Learning
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Figure 1.2: The overview of the dissertation with the corresponding chapter num-
bers in the circles illustrates the machine learning journey sorted by content towards
the PhD starting in October 2016. We display the different learning principles in
a two-dimensional feature space based on the example of three prototypical situa-
tions: a sport exercise, a social conversation, and a car ride. Thereby, the two own
recorded real-world data sets, DT with a coarse time diary of activity classes and
D7 with the color-encoded intention-based user labels, build the grounds for our
comprehensive experiments with acceleration and audio data. The initial investi-
gations are performed on the DT set and analyzes with the help of clustering and
visualization techniques how well the routine data groups and which situations are
distinct in the feature space. The labeling approaches annotates the set DT based on
the sparse time diary knowledge by training a semi-supervised algorithm, where the
gold lines denote the decision boundaries. After the labeling, the routine activities
are recognized, and the effect of different input data variants is analyzed. Based on
the annotated data set D7 with seven subjects, supervised techniques are evaluated
with a fixed decision boundary between the classes. For improving classification,
the online methods adapt the boundaries to personalize the classifiers, while the
sequence algorithms model the temporal relationships between the samples. The
corresponding conference and journal publications plus patents (intellectual prop-
erty, IP) introduced in section 1.6 are placed by the covered topics. The initial
research work following the master thesis to detect head rotations leaded to two
IPs and was beneficial to find suitable motion features. Two pictures, PhD hut and
rotating head, are taken from [76, 77].
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Chapter 2

Daily Routine Data Sets and
Labels

In this chapter, we introduce the characteristics of the data sets and labels on which
we perform the routine analysis. Our goal is to analyze and recognize recurring daily
routine situations. Therefore, we perform realistic and unconstrained recordings
with hearing aids. To do so, we discuss and evaluate hearing needs of common
relevant acoustic situations and environments in section 2.1. This allows to derive
the used class annotations, which are meaningful for hearing-impaired people in
section 2.2. Afterwards, the data sets and the recording procedure is explained in
section 2.3. A first recorded set with realistic hearing aid data and one subject serves
for the feasibility experiments and has offline annotations of a time diary. Later, a
second real-world data set of multiple subjects with intention-based hearing routine
labels is recorded to analyze the model generalization abilities. A further public-
available data set is explained for reproducibility and comparison reasons. The
features of the two real-life data sets are presented in section 2.4. The material
introduced in this chapter is partially taken from our publications [9, 10, 11].

2.1 Common Hearing Situations and Labels for

Classification System

To derive relevant class annotations for our recordings, we discuss common hearing
situations and consider the existing concepts to categorize and annotate hearing
scenes. This allows to record representative data of the recurring hearing situa-
tions and environments with relevant class annotations. The first concept is the
auditory context that describes and analyses the hearing task based on the acous-
tic environment, social interaction, activity location and content [78]. The acoustic
environment is characterized by sound properties, such as the distance to a target
speaker, the strength of reverberation, the noise level or type. The social interaction
determines the importance of a situation, for example, to understand someone in
group conversation or in a dialog. The activity location influences how difficult it is
to understand someone, e.g., in a train station or at home. Thus, all these charac-
teristics influence each other and determine how challenging the hearing task is. For
example, a conversation between two friends in calm cafe can be an easy hearing
task, whereas the same conversation in crowded restaurant can be difficult. The
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analysis of the auditory context states that the elderly people spent most of time
at home. However, the most important situations with the strongest hearing needs
usually are in unfamiliar locations, which makes them more difficult. The content
can be having a conversation, listening to live events or media, talking on the phone,
or passive listening events. The distribution of these activities significantly varies
across users, which creates the need for a personalized treatment. Mostly, the time
is spent in low-noise environments. According to [79], elderly people tend to have
quieter auditory lifestyles, since they have less active social lifestyles, which results
in fewer hearing demands.

Further categorizations for everyday sound environments are defined by the com-
mon sound scenarios [80]. They are experienced on a daily basis by most people and
are defined by their sound and environmental properties. They are grouped based
on the hearing intention into three main characteristics:

� having a speech communication with at least 2 people in live or through a
device,

� focusing on listening to live sounds and through a media device, and

� non-specific situations while monitoring the surroundings (e.g., during run-
ning) or passive listening (e.g., unconsciously during a train ride).

For each of the three scenarios, the context is defined by the hearing intention and
task, i.e., the intention determines the hearing task in a specific scenario. For exam-
ple, during train ride you can actively participate in a conversation or just passively
listening to it. Thus, the hearing task in an active discussion would be to under-
stand every phrase of the participants and filter out the surrounding noise sounds,
whereas in a passive mode you follow up more on trigger words and ignore most
of the content. Therefore, the hearing intention and task are two very important
parameters for an optimal hearing outcome. The data analysis from real hearing
situations assesses the importance and frequency of certain environments and sit-
uations [27]. Thus, elderly people perform, in general, many home activities and
only a few job, transportation, or social activities. The inter-individual differences
in duration or frequency across subjects require an individual analysis and creates
the need for a personalized assessment.

These categorizations of hearing scenes build the ground for various hearing sys-
tems, but the ideal one is the full-functioning human brain, which effectively adapts
to various acoustic situations. It is described by the theory of auditory scene anal-
ysis [81]. The individual acoustic sources, e.g., voices or music melodies, sum up
to a sound wave, which is received by the ear. The human brain analyzes these
incoming signals by applying heuristic processes. These can decode various acous-
tic properties, e.g., the perceived pitch, loudness, timbre, and spatial perception.
Therefore, with various acoustic situations can be effectively dealt. Most impor-
tantly, the brain knows the current intention of a person and can optimally adapt
to the scene characteristics, since it knows which properties matter the most and
can emphasize these components. Technical systems try to mimic these adaptation
processes by classification systems [82, 5, 28]. These translate the hearing problem
into the recognition of prototypic acoustic environments. Common class choices are:

� speech presence (conversations, lectures, calls, television),
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Table 2.1: List of intention-based routine classes and corresponding exemplary ac-
tivities in the data set D7.

Routine Classes Activities

Transportation Commuting, train, car, bus, plane,
location change

Physical (Activity) Exercises, sport, manual work

Basics Hygiene, dressing, resting, eating, preparing
food, housekeeping, office work

Social (Interaction) Family, friends, conversations, partying,
play music, singing, call

(Focused) Listening Music, cinema, theater, concert, lecture,
TV, media

� speech in noise (cocktail party situation, announcements during train rides, a
conversation in a car),

� silence,

� noise (construction work),

� music, and

� car.

For these classes, predefined processing schemes for the incoming sounds are de-
fined. Hearing aids switch between these classes, the so-called hearing programs,
which should fit best to these situations. These programs are trained in a person-
independent way, i.e., they follow one fit for all strategy. The switching frequency
between programs was rated quite differently by hearing aid wearers, i.e., individ-
ual settings are preferred [82]. Unfortunately, the pure acoustic classification has
an ambiguity problem in scenarios, where the intended hearing wish is not clear
by only considering sound properties, since multiple hearing wishes are possible in
some acoustic environments [2]. Thus, further information, additional sensors, or a
personalized classification scheme is needed to solve this intention problem.

2.2 Intentional Daily Routine Labels

To solve the intentional decoding problem of hearing situations and environments,
we propose a personalized classification, and therefore the user selects the routine
class labels based on his intention. Furthermore, the routine labels should address
the most important situations and hearing tasks discussed in section 2.1. That
is why, the proposed routine classes have different hearing needs and are listed in
Table 2.1. The hearing task depends on the class and has different targets depending
on the acoustic environment, situational intention and importance. Starting at the
top of the list, the transportation routine accounts for all modalities, such as car
or bus, which go from A to B. The hearing task would be to passively monitor the
surroundings. While the physical activity stands for high-intensity routines, such as
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sport exercises or manual work, where the task could be to filter out construction
noise and actively monitor the surroundings. On the contrary, the basics group
includes low-intensity activities and is inspired by the activities of daily living (ADL)
[83]. The ADL concept represents the fundamental functions of living, such as
eating or hygiene. Further activities, such as office work or reading a newspaper,
are included as well and have less focus on the acoustic environment.

The next two routine classes are influenced by the so-called common sound sce-
narios and are the most difficult situations for the hearing-impaired people [80]. The
social (interaction) routine is the most crucial to participate in life during conver-
sations in various environments. Here, in particular, the hearing task is to fully
understand every word and emphasis to optimally respond in a chat. That is why,
the social routine is the most demanding and important hearing situation. Likewise,
the (focused) listening routine is another fundamental function for the hearing to
receive information from media or joy from music. Here as well, it is important to
follow the activity, but since no response is needed less focus is necessary than in
a social situation. These two hearing functions are sometimes determined by the
intention of the wearer in the situation. That is why, the user should select the
intended dominant routine, i.e., in a conversation during a car ride, the dominant
routine would be social. Hence, the classes are not mutually exclusive, which may be
a possible source of confusion for the classifier and may result in a lower recognition
rate. But we assume, that the situational intention changes the motion behavior
allowing us their detection. For example, in a social conversation we assume more
head movements than in acoustically similar listening situation, which allows to
differentiate both situations.

The introduced classes correspond to different hearing needs, which require spe-
cific signal processing settings. A few non-exhaustive examples are mentioned to
gain a better understanding of the routine class goals. In a listening or social situ-
ation, it is often required to focus on a target speaker, where directional hearing is
beneficial. Whereas, in basics, transportation, or physical class an omni-directional
setting helps to keep the situation awareness and monitor if someone approaches
the HA user. In a car transport scene, a typical low-frequent noise is present, that
creates the need for noise reduction measures.

These five classes are intention-based prototypes, but individual classes for each
user are also possible. In this work, we use the predefined generic class profiles to
make our study feasible for evaluation purposes and comparisons. This allows to
assess the model generalization across subjects, which would not be possible with
individual user profiles.

2.3 Data Sets and Recording Procedure

In this section, we introduce our two large real-world HA data sets and one public set.
The first set DT contains the real life of Thomas with a feature-recording app plus
generic time diary annotations. It serves for the feasibility experiments to show the
proof of concept. The second set D7 includes the realistic recordings of seven subjects
with an extended mobile application for further features and intention-based user
labels. It is utilized for the model generalization experiments across subjects. The
public Huynh set DH is applied for comparison and evaluation reasons. It contains
the real life of Huynh with four generic routine classes.
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Table 2.2: Summary of recorded feature data on the used sets with the sampling
rate and input data source. The hearing aid features of sets DT and D7 are the same
with different sampling rates and explained in section 2.4.

Set Input Data Rate

Thomas DT

Hearing
aid (14D)

Own voice soft and hard activation,
temporal level correlation, spectral
centroid noise floor, low- and mid-
frequency noise floor, stationarity, 4
Hz modulation, onset detection, wind,
max. level, acceleration

≤ 16 Hz

iPhone Timestamp (generated on data arrival) ≤ 16 Hz

7 Subjects D7

Hearing
aid (11D)

Own voice soft and hard activation,
temporal level correlation, spectral
centroid noise floor, low- and mid-
frequency noise floor, stationarity, 4
Hz modulation, onset detection, wind,
max. level

2 Hz

Hearing
aid

Acceleration (two-time steps: 16 Hz),
temperature

8 Hz

iPhone
(14D)

Timestamp, acceleration, magnetome-
ter, gyroscope, orientation quaternion,
user activity

8 Hz

User Label 8 Hz

Huynh DH

Pocket
sensor

Acceleration, timestamp 100 Hz

Wrist
sensor

Acceleration, timestamp 100 Hz

2.3.1 Data Set of Thomas DT

The data set DT is recorded to demonstrate the feasibility of our intended daily
routine approach with only one subject. This means we analyze if the selected
features are informative for the routine behavior and discriminative to recognize
various routine situations and environments. Thus, it is utilized for the grouping
and labeling experiments in chapters 3 and 4. The set consists of Thomas’ daily
routine, which has been recorded for N = 4016 minutes by two Signia Nx hearing
aids. The devices are worn behind the ears and are shown in Fig. 2.9. The receivers
are positioned and fixed in the ear canals based on suitable sized domes. Each HA
has a battery cell, which needs to be manually changed in regular intervals. As an
input for the recordings, each prototype hearing aid contains two microphones plus
a three-dimensional acceleration sensor. The raw audio signals are transformed to
the frequency domain and the sound features are calculated within the HA, which
is explained in section 2.4.1.

The transmission is triggered per Bluetooth request by an iPhone. It results
in a continuous stream of precomputed audio features and raw acceleration data.
A summary of the recorded features is given in Tab. 2.2. This procedure allows
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4

Cloud
Storage

Offline
Analysis

Transmission &
Local Storage

Daily Routine
Insights

Audio &
Acceleration Data

Figure 2.1: The data flow for the data sets DT and D7 from a hearing aid to the daily
routine insights. The derived audio features are computed in the HA together with
the measured raw acceleration data. Both inputs are transmitted per Bluetooth to
the connected mobile phone for the local storage. At the end of a day recording, the
stored data is uploaded to the cloud server for a later offline processing in MATLAB
and Python. This results in the daily routine insights.

a variable sampling rate up to 16 Hz, depending on the wireless connection and
mobile application. Furthermore, the data timestamps are generated by the cell
phone introducing a transmission jitter in the timestamps, since the time offset
between data generation in the HA and the data storage in the mobile phone is
variable. That is why, the recordings of two HAs are not synchronous in time,
which is prerequisite for a binaural processing of head rotation features with the
acceleration signals [84]. The audio data are the same for both HAs. That is why,
we only use the right side for the data set and do not compute binaural acceleration
features. An overview of the data flow is illustrated in Fig. 2.1, where stored data of
the mobile phone is uploaded to a cloud server to perform the offline routine analysis
in MATLAB and Python, which is explained in the following chapters.

Moreover, the evaluation is based on a time diary and offline annotations since
the mobile application has no labeling functionality. This labeling procedure does
not introduce unnatural interruptions and a priori unknown activities can be handled
as well [18]. The annotations are displayed in the time schedule in Fig. 3.7 (a).

The most prominent activity of our data set is (office) work, which mostly consists
of sitting at the desk and working on a computer with smaller interruptions such
as coffee breaks. Usually, during lunch break the nearby canteen and afterwards
a cafe are visited by foot. Both environments have loud babble noise. Within
the working day, some meetings plus general conversations are included in the talk
routine. Furthermore, the main mode of transport is the bicycle, which is only
used for several minutes a day. Only once in the data set approximately one hour,
a shared car ride is taken. Typical evening routines are watching TV or going to
nearby fitness center. The chosen routines represent the full spectrum of life.

2.3.2 Data Set of Seven Subjects D7

Our second set serves as a basis for the model generalization analysis to recognize
the daily routine across multiple subjects. It is utilized for the offline, online, and
sequence classification experiments in chapters 5 and 6. In contrast to the DT and
DH data with 1 subject each, the set D7 contains the real life of 7 subjects. The 3
females and 4 males have a relatively low mean age of 29.3 ± 8.9 years for HA users.
Hence, they are not representative for hearing aid customers, which are mostly in
retirement age over 60 years old [3, 78]. Thus, it is expected that the younger people
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have a more active social lifestyle with more demanding hearing situations, which
makes our task more challenging [79]. The task for the subjects was to record the
personal daily routine as long as possible (mean duration per day of 610.1 ± 166.7
minutes) over a longer period of time (mean number of 14.9 ± 3.4 days).

During the total length of N = 63449 minutes for 104 days, the Signia Nx hearing
aids introduced in section 2.3.1 are worn on the ears and have a special firmware to
continuously streams the data via Bluetooth services to the mobile phone. Again,
as for the set DT with the same data flow in Fig. 2.1, we only use the right side for
the analysis. An overview of the recorded data is given Tab. 2.2. The precomputed
audio and raw acceleration features are ideally sampled at 2 Hz and 16 Hz, but
sometimes due to transmission problems, the rate can be lower. The rates are a
good compromise between transmission stability and detection performance [43].
The variable rate of the data transmission leads to missing feature samples over
time, which can have an influence on the classification performance [85]. Since our
features are highly correlated over time from seconds up to minutes, the neighboring
samples have similar information, i.e., the negative consequence of losing samples is
reduced. Additionally, we design statistical features in section 5.1 that can deal with
variable number of feature samples. Thus, our daily routine detection is resilient to
the missing feature problem.

Camera or raw audio recordings were considered but are not feasible over a long
period of time and would be a privacy issue, especially in public environments. In
contrast, our design is less obtrusive enabling the subjects to behave as naturally as
possible. The participants were instructed how to use the mobile application and
the labels. As a resource, each subject had the study protocol and manual, which is
depicted in Fig. A.1 in the annex in section A.1. A miscellaneous (misc) class was
used in the case a user did not choose any label at the start of a recording or to
indicate something went wrong. The misc instances were then relabeled or excluded
from the data analysis.

Furthermore, the data timestamps and user annotations for the evaluation are
generated in the iPhone application. Again, we only use the data of one HA due
to the asynchronous recordings of both devices. The iPhone detects the following
activity classes: stationary, walking, running, driving, cycling, and unknown. These
activities can be also detected by the built-in ACC sensor in the HA and iPhone
software updates may change the class detection behavior. Thus, we only use the
timestamp of the iPhone and discard the rest for further analysis. The iPhone
inertial sensor data are not used, since during the recordings the values were frozen
due to energy saving mechanisms, which cannot be turned off. The temperature
property of the accelerometer did not provide a reliable indicator, since it is relative
to environmental temperature depending on the weather or heating. Thus, it was
omitted for the further analysis. But it could be utilized for an online zero-g bias
tracking, which is temperature-dependent.

The users can report label errors or general problems, e.g., due to forgotten an-
notations, disconnection of Bluetooth transmission, or time offsets, in the recording
app for a later manual correction and shortly summarize their day. A few exemplary
user comments are shown in Fig. 2.2, and we discuss them in a bottom-up order.
One user also expressed the ironic gratitude for taking part in these long recording
experiments, which can be exhausting. Another user summarizes the day and gives
details to the recorded situations and occurring problems. The third and fourth
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Cycling, shopping, cycling, prepare food, dinner

13:42-13:50 social

17:50-18:05 transportation

Playing the piano with headphones at around 15:00
16:00-17:30 playing basketball, only few disconnections
Since 20:40 watching a volleyball game, app crashed several times

Nice experiment Thomas :)

Figure 2.2: Exemplary user comments on our data set D7.

comment refers to a forgotten transportation and social annotation for the manual
correction. The last comment gives an overview of the sequence of recorded events.

In Fig. 2.3, two example days, a workday and a day of weekend, are shown, where
the working day has a typical structure for the D7 set. Before and after the office
work, there is a transportation scene for commuting and during the day multiple
short conversations happen plus two longer ones during lunch and dinner time.
These working days follow a natural ordering, which is beneficial for learning these
relationships. At the weekend, the day structure is less ordered between different
day examples and more free time activities are performed like in Fig. 2.3 (b), where
a longer period of the physical class happens. Besides, people are more socially
active during weekends, which is, in particular, the case for young people having
more active lifestyle [79]. Additionally, not all classes are active every day, e.g., the
physical class on the working day example. This is known as reoccurring concept
drift [61].

The overall main activity routine is the office work, which is part of the basics
class. The lunch break in the nearby canteen is labeled as social class, has a loud
babble background noise, and is visited by foot. Within the working day, some
meetings plus general conversations are included in the listening or social routine.
Furthermore, the main mode of transport is the bicycle or car for commuting. Typ-
ical evening routines are meeting friends as social class, watching TV as listening
class, dancing, or going to the fitness center as physical class. Five subjects had
the described office work routine containing lots of repetitive situations and envi-
ronments. Two subjects followed a less recurring schedule and had more free time
activities.

Furthermore, the prior class distribution is shown in Fig. 2.4 across the subjects,
where we find stronger inter-individual differences. For example, subject 1 has
the strongest share of 52.9% in the basics class due to long office work sequences,
whereas subject 5 has the smallest proportion of basics with 23.4%. Both users
mark the extremes around the mean percentage of 35.8%. The physical class has a
small range from 1.8% of subject 3 to 13.3% of subject 6, i.e., the personal activity
patterns produce strong differences in the physical class frequency. Similarly, the
transportation class spans a small interval from 1.6% of subject 2 to 12.0% of subject
3 depending, e.g., on the personal commuting distances and living environment. The
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second strongest majority class social also highly varies across the individuals from
27.1% of subject 1 to 51.2% of subject 3 with a mean share of 40.4%. The social
and listening classes have conflicting trends, i.e., strong talkers like subject 6 with a
social share of 48.0% listen less with only a percentage of 3.6% and vice versa. The
listening class spans a range from 3.6% of subject 6 to 18.9% of subject 5. Hence,
the different personalities and routines affect the prior class distribution, i.e., some
tend to be more talkative and others more a good listener [86]. Thus, the classes
are differently imbalanced across subjects.

In Fig. 2.5, we show the event duration analysis of our set D7 for all subjects
together, since the inter-person variability is very small. Most situations have a
short duration of a couple minutes and fewer events have a long duration of hours.
Thus, the duration probability density function follows an exponentially decaying
relationship. In addition, we note a variable duration of class events and a couple
of transitions between the classes as shown in Fig. 2.3 for the two example days.
In general, all 25 possible transitions between the classes occur, but not every day.
The day structure is variable across subjects and days, i.e., weekends have a different
routine order. Therefore, we have a complex learning task with a high variability
and realistic daily routine situations.

To systematically analyze the interday class prior variability, we plot the dis-
tribution of the daily class prior in Fig. 2.6 summarized for all subjects together.
The interday class prior variability is person-dependent. Obviously, the two major-
ity classes, basics and social, have the highest median values of 41.8% and 34.8%.
They also have the highest daily variability of 22.4% and 18.6% measured by the in-
terquartile range. In contrast to the majority classes, listening only has a variability
of 14.1% and the remaining two classes fall below 10%. On some days, a class does
not occur at all, but on other days it is the majority class. The social routine is the
only classes that occurs on every day. Additionally, the interday class variability
has a stronger subject dependency, i.e., the median value per subject and class has
a range from 8.5% for transportation up to 33.3% for the basics class. Thus, the
strong interday class variability makes the learning task challenging.

2.3.3 Data Set of Huynh DH

The publicly available Huynh data set DH is utilized for reproducibility, evaluation,
and comparison [18]. The set contains the real life of the first author, Huynh,
in an open setting. The two triaxial ACC sensors were sampling at 100 Hz and
were placed at the dominant wrist and in the right pocket as shown in Tab. 2.2.
The online annotations were created by a combination of experience sampling, time
diary, and camera snapshots. Afterwards, they aligned these annotation sources
along with the visualized sensor readings. The most frequent routine class is (office)
work and the remaining three activities - commuting, lunch, and dinner - happen
only with a single-digit percentage. Unlabeled segments are not considered for the
analysis. The temporal structure is visualized in Fig. 2.7 and is representative for
all seven working days with marginal changes in duration and start times of single
class occurrences. To systematically analyze the interday class variability, we plot
the distribution of the daily class prior in Fig. 2.8. Obviously, the majority class,
work, has the highest median value of 76.9% and covers the main part of the day.
In contrast to the majority class, the lunch routine has a median value of 11.8% and
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Figure 2.3: Two example days, a workday and a day of weekend, on our set D7.
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Figure 2.4: Class prior per subject on our data set D7 shows a strong inter-subject
variability.

the two remaining classes, dinner and commuting, fall below 10%. All classes only
have a small interday variability, which is lower or equal than 3.8%. Therefore, the
interday class variations are very low in comparison to the data set D7.

The defined classes contain a natural order, i.e., only certain transitions are pos-
sible, e.g., commuting to work or vice versa, which reduces the possible complexity
of the learning task. The class durations are only variable in a limited amount.
Thus, the learning task is simpler for the Huynh set than for our set D7 and we
expect a better detection performance for the Huynh data. In both data sets, short
recording breaks occur, since the data are uploaded, device batteries are changed,
or transmission links need to be restarted.

To the best of our knowledge, no other suitable public-available data set exists,
that contains the real life with head or body worn sensors. In contrast, our set
D7 contains the real life of 7 subjects and is a more realistic with unconstrained
environments and activities. Since we are dealing with hearing aids, the sensor
location is fixed to the ear position on the head, which is not the case for the Huynh
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Figure 2.5: Event duration on our data set D7 with an exponential decaying proba-
bility density function (pdf), where the red box is the zoomed-in area.
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Figure 2.6: The daily class prior of all subjects in the set D7 shows a strong interday
variability.

data set. In addition, the existing previous studies did not use rich audio features
as we do. Hence, there was the need to construct the realistic data sets, DT with
one person for the feasibility experiments and D7 with multiple subjects to assess
the model generalization abilities.

2.4 Description of Hearing Aid Features

In the following, details to the features of our sets, DT and D7, are given. The
features are chosen to distinguish the classes by representing the routine behavior
and environments well. Their space can be partitioned in two independent inputs:
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Figure 2.7: Representative example day of the Huynh set over time [h].
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Figure 2.8: The daily class prior in the set DH has a small variability for all classes
and the work routine is the majority class.

ACC and audio. For the D7 set, the raw acceleration is measured at a rate of 16 Hz
and the precomputed audio features have a rate of 2 Hz, whereas the DT set uses
up to 16 Hz for both inputs depending on the wireless connection. An example plot
of the features is given in Fig. 3.4.

2.4.1 Acceleration Signal Model

A typical state-of-the-art signal model as in [87] is the following one:

ames = RSun(adyn − gw) + b + n in [g = 9.81
m

s2
], (2.1)

where the measured ACC ames is expressed in multiples of gravity in the sensor
coordinate system and is determined in the interval of ±2g.

� Rotation matrix R depends on the attitude of the sensors relative to the head
or world coordinate systems and the cross-axes alignment, i.e., the coordinate
axes may not be perfectly orthogonal to each other.

� Sensitivity matrix S has a scaling factor per axis for the analog digital con-
version and is represented by a diagonal matrix. In the uncalibrated case, it
is denoted by Sun = I.
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� Dynamic ACC adyn depends on the head and body motion, in case of no
motion it is zero.

� Gravity gw = [0, 0,−1]T pulls downwards in the world frame and its norm is al-
ways one, but it is measured in the opposite direction, which is mathematically
equivalent to a reflection on the origin. In the sensor frame, the contribution
to the axes g = Rgw depends on the current attitude of the sensor. In the
case of free fall, no ACC is measured due to gravity.

� Bias b is temperature dependent, slowly changes over time, and is also known
as zero-g-offset.

� Noise n is additive white measurement noise with a zero-mean Gaussian dis-
tribution.

The part of interest is the dynamic ACC adyn for a rigid body as described in
[87]. It assumes the body is not deformable and the HA is not moving on the ears
relative to the reference coordinate systems, i.e., r is fixed. The dynamic ACC is a
combination of the rotational and the linear translating ACC:

adyn = alin +

radial ACC aR︷ ︸︸ ︷
ω︸︷︷︸

angular velocity

×ω × r +

tangential ACC aT︷ ︸︸ ︷
α︸︷︷︸

angular ACC

×r . (2.2)

Considering the measurement model of the acceleration sensor in Equation (2.1),
the need for a sensor calibration is evident. In literature, two main ways to address
the problem are, that the absolute device orientation R relative to gravity gw is
assumed to be either known or unknown. Therefore, the task is to measure the
gravity vector g, when the device is not moving, i.e., adyn = 0. The vector g is only
dependent on the sensor orientation R and is expressed in the sensor coordinate
system. The noise term n is averaged out over a longer observation window, where
the acceleration sensor is in a static position. The calibrated triaxial vector acal is
given by

acal = RS(ames − b), (2.3)

The first approach of [88] uses the orientation information to compute the ideal
value for gravity in the body frame and compares the value to actual measured g. A
measurement of six distinct attitudes is needed, where each sensor axis is positively
and negatively aligned with gravity. Based on this method, the sensitivity, bias,
and cross-axes alignment can be determined. The latter way, the so-called ellipsoid
calibration, bears on the property, that the norm of the signal should be one:

1 = acal
Tacal = ames

TS2ames + bTS2b− 2ames
TS2b, (2.4)

which uses the orthonormal property of the rotation matrix RRT = I and is solvable
by a linear system with a least squares algorithm [89]. Therefore, ideally all points
should be on the surface of a sphere with radius one, but due to the mismatch of
the sensitivities the sphere deforms to an ellipsoid and the bias causes a translation
away from the origin. The disadvantage is that without the orientation information
the cross-axes alignment cannot be found.
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To calibrate the ACC sensor of a hearing aid, we first apply the latter ellipsoid
calibration for the sensitivity matching and bias removal. Then, the device orienta-
tion is normalized to microphone plane, which is parallel to horizontal world plane.
This defines a static orientation normalization to the housing of the HA. To do so,
we place the hearing aid in a jig and perform six (up, down, left, right, forward,
and backward) reference measurements of known orientation as shown in Fig. 2.9
to measure gravity vector gup in the up direction of the world coordinate system
[88]. This allows to compute a rotation matrix, which aligns the sensor coordinate
system to housing of the HA:

R =

(
gforward − gbackward

2

gleft − gright

2

gup − gdown

2

)
. (2.5)

The used static calibration is applied per device and not on a subject basis to ad-
dress the small individual differences of the wearing orientation, since people always
perform small movements and are mostly in the upright position during the day.
Therefore, an online orientation calibration is not feasible due to difficult conditions,
because the reference orientation is unknown, and the recordings would contain small
dynamic accelerations. We use the calibrated sensor values in Equation (2.3) for the
further processing.

Two Microphones Á and Acceleration Sensor

Á Á

xw

yw

zw

−gup

zs

xs

ys

Figure 2.9: The hearing instruments with the two microphones and the built-in
accelerometer are mounted in the jig to measure the gravity vector gup in the up
direction. But the world gravity vector gw = −gup points towards the earth center,
but the static acceleration components are negatively measured. The world and
sensor coordinate systems are shown.
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2.4.2 Audio Features

For the audio signals, hearing aids compute several features to perform the acoustic
classification as described in section 1.2. Therefore, a set of 10 precomputed HA
features is selected, since they describe various environmental, music, and speech
characteristics well, which are helpful to detect the routine classes. The HA trans-
forms the time signal to the frequency domain to compute these features. Thereby,
the first band is from 0 to 125 Hz and the remaining 47 channels ch have a width
of 250 Hz up to 12 kHz. The listed features are grouped by the main detection
property.

� The own voice activation takes advantage of the acoustic path from the mouth
to the HA microphones [90]. It is very helpful to distinguish social and listening
situations. We choose the soft decision, since it is more informative and builds
the basis for hard decision by thresholding. It has a scalar value from 0 to 1.

� The absolute value of the correlation coefficient in the following equation be-
tween the actual level vector xn1 of the first 16 channels and the same channel
vector a few milliseconds ago xn2 describes the tonality of music that can
differentiate social or listening from other classes [47]:

ρxn1xn2
=
|∑16

i=1(xn1 − µxn1
)(xn2 − µxn2

)|
σxn1

σxn2

. (2.6)

� Whereas, the wind activity helps to detect outdoor situations, but fast head
rotations or movements can also trigger this feature due to the resulting air-
flow. It uses the non-existing cross-correlation between the front and rear
microphone wind signals x.F and x.R. The scalar feature is computed based
on both microphone levels of the first 16 channels:

ρx.Fx.R
=
|∑16

i=1(xiF − µx.F
)(xiR − µx.R

)|
σx.F

σx.R

. (2.7)

� The maximum level

lvlmax = max
ch

lvlch (2.8)

of all bands ch ∈ 1, 2, . . . , 48 gives clues about the loudness lvl of the environ-
ment and demonstrated a good performance for various audio classification
tasks [91].

� The spectral centroid (SC) of noise floor (NF), NF of low- and mid-frequency
bands,

SCNF =

∑8
ch=1 lvlch · ch∑8

ch=1 lvlch
, (2.9)

NFLow = (lvl1 + lvl2)/2, and (2.10)

NFMid =
6∑

ch=1

lvlch · wch

12
with w = [1 2 3 3 2 1]T, (2.11)
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are good detectors for motorized modes of transportation. The spectral cen-
troid is the frequency-weighted level, which normalized by the overall level. It
returns the frequency position as the channel number between 1 and 8. These
lower frequencies are relevant to measure the engine or rolling tire noise. That
is why, the level of NF in low- and mid-frequency bands is also computed to
differentiate low-frequency noise situations from transportation events.

� Three characteristic speech features are the stationarity as the normalized
average difference between level and NF, 4 Hertz modulation, and onsets [48,
82].

To summarize all the audio features, we have computed a 10-dimensional feature
vector. The three speech features plus the wind, own voice, and correlation features
are in interval [0,1]. The three level features NFLow, NFMid, and lvlmax are given in
the dB ld domain. The spectral centroid is in the interval [1,8] and represents the
channel number, which corresponds a certain frequency position.

2.4.3 Feature Notation

In this section, the feature notation is explained. Scalars are denoted by non-bold
letters, whereas multi-dimensional quantities are in bold letters: vectors are in lower-
case letters and matrices in upper-case letters. A M -dimensional feature point
is expressed in discrete time n with index n = 1, ..., N by the row vector xn =
(xn1, xn2, . . . , xnM). For all N data samples, it is written as a data matrix X:

X =


x11 x12 . . . x1M
x21 x22 x2M
...

. . .
...

xN1 . . . xNM

 , (2.12)

which can be also denoted by X = (x1, ...,xN)T. A corresponding label vector
l = (l1, l2, . . . , lN)T is used during the clustering or learning process, where a label l
is chosen out of the K classes or clusters C = {c1, . . . , cK} for all of the N samples.

2.5 Data Summary

In this chapter, we introduced the characteristics of the real-world data sets and
labels, on which we perform the routine analysis in the following chapters.
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Summary

� The discussed common hearing situations and environments allow to
derive the intention-based hearing routine annotations for the set D7.

� The Thomas set DT includes acceleration and audio of a hearing aid
with a time diary and offline annotations. It used for the feasibility
experiments.

� The real-world set D7 consists of seven subjects with the same ACC
and audio feature like DT set plus intention-based user annotations and
allows to analyze the model generalization abilities across subjects.

� The public Huynh set DH consists of two acceleration sensors and serves
as an independent evaluation and comparison set.

� The recorded acceleration and audio features of two real-life data sets,
DT and D7, plus the notation are introduced.
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Chapter 3

Grouping and Visualizing the
Daily Routine Data by
Unsupervised Learning

The goal of this chapter is to analyze if the routine data contain groups of similar
situations and environments, the so-called clusters, which are important and relevant
for the daily routine analysis in hearing aids. To achieve this, we extract features
in section 3.1 and apply unsupervised clustering techniques in section 3.2, which
do not consider any label information. Afterwards, for the interpretation of these
clusters in sections 3.3 and 3.4, we visualize the data embeddings of dimensionality
reduction (DR) techniques or analyze the temporal behavior of the found clusters
by time schedules. The feasibility analysis is performed on our DT set in section 3.5
and the Huynh data is used as a reference for visualization evaluation. The material
introduced in this chapter is partially taken from our publication [9].

3.1 Feature Extraction for Clustering

For the clustering analysis on our set DT, the routine features are designed to rep-
resent the recurring routine situations and environments well. We use the input
features described in section 2.4 and an overview of the total feature processing is
displayed in Fig. 3.1. The space can be partitioned in two independent inputs: ACC
and audio. To fuse the sensors on the same time grid, a linear resampling to the
stable transmission rate of 8 Hz is executed. The calibrated 3D ACC data and the
10D audio signals build the total 13 inputs for the statistical representation. They
are segmented (Segment) in non-overlapping one-minute frames to balance between
fast audio (seconds) and slow activity (minutes) changes [41, 92]. Afterwards, the
statistical quantities - mean, variance (var), and mean crossing rate (MCR) - are
computed for all features and frames [44]. In the context of ACC data, the mean
provides the head and body orientation, which is the key identifier to differentiate
some scenes [42]. For example, in our case, sitting during office work and laying
down in a workout can be distinguished. If we have N1 samples of one feature
x1, x2, . . . , xN1 for one segmentation window, the mean µ is given by

µ =
1

N1

N1∑
i=1

xi. (3.1)
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Figure 3.1: The routine feature processing scheme on the set DT is depicted, where
the audio and acceleration (ACC) inputs at an 8 Hz rate are preprocessed and fused.
Afterwards, they are segmented in one-minute frames and statistically summarized
(Mean, Variance (Var), and Mean Crossing Rate (MCR)), which gives after con-
catenation a 39-dimensional data stream.

The variance is a standard measure for motion strength to differentiate actions,
such as being at rest, walking, and jogging. It is calculated in an unbiased way by

σ2 =
1

N1 − 1

N1∑
i=1

(xi − µ)2 . (3.2)

The authors of [93] demonstrated, that these two simple statistical measures, mean
and variance, have a very good performance even against tailored sport features. The
MCR informs about the frequency of signal crossing the mean value. It is calculated
with the help of the sign function, which is one for non-negative numbers, and minus
one for negative numbers:

MCR =
1

2(N1 − 1)

N1∑
i=2

|sign(xi − µ)− sign(xi−1 − µ)| . (3.3)

In the case of HA audio data, the statistical measures deliver a good represen-
tation. To sum up, out of 13 inputs three measures are extracted, which gives 39
features for the further analysis.

For the Huynh data set DH, the recordings are performed by two 3D acceleration
sensors, which are worn on the wrist and in the pocket. Due to storage reasons, the
measures, mean and standard deviation per feature, are precalculated at a rate of
2.5 Hz, which results in a 12D low-level feature vector. Afterwards, we apply the
same three statistical quantities in one-minute frames, which gives a 36D space. The
time of day is an optional feature, which gives 37D dimensions and we evaluate its
effect on the detection task.

3.2 Clustering the Daily Routine Data

To cluster the daily routine data, we consider the existing clustering techniques,
which find natural groupings among the samples or summarize the characteristics
of the found groups by representative examples, e.g., for vector quantization. With
these methods, we can find out if the routine data contains relevant groups of similar
situations and environments. Afterwards, we apply the relevant techniques for the
clustering analysis and evaluate their results.
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Figure 3.2: The overview of clustering techniques are grouped by similarity-based
and density-based methods, where for each subcategory, e.g., mixture models, a
prominent example (GMM ) in cursive is given.

3.2.1 Clustering Techniques

The clustering techniques split up in similarity- and density-based methods. They
group the N samples x1,x2, . . . ,xN by a measure, which expresses the similarity
or dissimilarity of feature points. Alternatively, clusters are assumed to form in
area with many points, which is formalized as the density in space. A taxonomy of
clustering techniques with different measures is shown in Fig. 3.2 [29]. Due to high
number of variants, we briefly explain the most prominent method of each technique
group and summarize the key concept.

Similarity Based Methods

The similarity-based methods follow the main principle to minimize the intra-cluster
distances while maximizing the inter-cluster distances. The most popular prototype-
based algorithm is the k-means method [94], where K clusters are represented by
the mean of all points within these clusters. The similarity is usually measured
by the squared Euclidean distance. The goal is to minimize the overall quadratic
distance to all cluster centers µck for k ∈ 1, . . . , K of all clusters C = {c1, . . . , cK},
where the within-cluster sum-of-squares criterion is given by

N∑
i=1

∑
xi∈ck

‖xi − µck‖2 . (3.4)

At the start, the centers are randomly initialized, which can result in poor configu-
rations and clustering outcomes. A better scheme is the k-means++ initialization,
which equally distributes the centers across space [95]. Afterwards, the two steps
are repeated until the sum-of-squares criterion in Equation (3.4) converges to a min-
imum. In the first step, each point is assigned to the closest cluster center, and then
the centers are repositioned by the mean of all cluster members. The deterministic
k-means procedure partitions the cluster space into Voronoi cells. That is why, it
is often used for vector quantization or unsupervised feature learning. The biggest
disadvantage is the predetermined number of clusters, which needs to be chosen
well.
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A similar probabilistic technique is the generative Gaussian mixture model
(GMM), which defines K Gaussians to model the data as a probability distri-
bution. The parameters are optimized to maximize the a-posteriori probability by
the expectation-maximization (EM) algorithm. This is analog to the k-means opti-
mization. Data points are assigned to clusters by a soft probability score instead a
hard-assignment like in k-means.

The next approach measures the linkage-based similarity and is a hierarchical clus-
tering method, which is called agglomerative nesting (AGNES) [96]. The main
advantage is that the number of clusters does not need to be known a priori. At
the start, every data point forms one cluster, which makes it a bottom-up approach.
Until a stopping criterion is met, the two clusters with the smallest inter-cluster
distance are merged. The key point is the similarity (or so-called linkage) measure
determining the inter-cluster distance and as a result, which clusters are linked or
merged. Multiple options exist, e.g., the minimum (single linkage), average (average
linkage), or maximum (complete linkage) distance. The distance metric is often the
Euclidean distance. The outcoming hierarchy within the data set is visualized as a
dendrogram, which can be cut by a threshold resulting in a cluster configuration.

The graph-based spectral clustering constructs a graph measuring the adjacency
between all data points, which is represented in the Laplace matrix. Afterwards, it
computes the K eigenvectors of the Laplace matrix with the smallest eigenvalues [97].
This embeds the data in a new space, on which a traditional clustering approach
like k-means is performed and usually the quality of the outcome is better.

Density Based Models

The density-based clustering methods have the central idea that the cluster borders
are areas with a low data density and clusters form areas with a high density. A
popular spatial technique is the density-based spatial clustering of applica-
tions with noise algorithm (DBSCAN) [98]. It has two main parameters, the
radius and the minimum cluster size, to define the density as the number of points
within the given radius. Thus, a core point in a cluster fulfills the defined require-
ments, i.e., it has the number of points within the given radius. On the contrary
to a border point of a cluster, which has fewer points within the radius, but it is
within the neighborhood of a core point. The remaining samples are noise points.
The corresponding relationships are illustrated in Fig. 3.3.

The mode-based or mode-seeking algorithm is called mean-shift [99]. It searches
for the densest area in the neighborhood of a point based a kernel density estimation.
Mean-shift moves the cluster center towards this area, which converges to a local
density maximum that represents the cluster center. This procedure is done for every
data point and all points converge to the local density maximum. Analogically, it
is like climbing a mount, where every climber starts around the peak and moves
towards the highest point.

The statistical information grid approach (STING) creates a grid and counts
the density as the number of points within a cell [100]. If this density exceeds a
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Figure 3.3: The DBSCAN clustering principle shows the relationship of core, border
and noise points, where the density is defined as the number of points within a given
radius.

threshold, the cell is counted as a cluster. The neighboring cells are checked as well
and if they fulfill the requirement, they are merged to the cluster. This expands the
cluster until a cell is found, which does not fulfill the density condition.

With these techniques, we can judge if the clustering and manifold assumption is
fulfilled, which describe properties of the data distribution [101]. The clustering
assumption assumes points in the same cluster have the same label, whereas the
manifold assumption states that nearby points on a manifold have similar labels.

3.2.2 Clustering Evaluation Metrics

To assess the quality of a clustering algorithm or the class-separation ability of dif-
ferent embeddings, the clustering validation concepts determine how well the data
instances are grouped [102]. They are divided into internal and external measures.
The internal measures state the quality of a clustering structure based on the clus-
tering labels and data. The external measures compare the clustering labels to an
external ground truth, which does not necessarily exist for all data sets. Therefore,
we apply the internal measures to assess the embedding class-separation in section
3.4.2 and the clustering structure of the hierarchical clustering algorithm in sec-
tion 3.5. For the embedding evaluation, the given Huynh class labels are viewed as
output of a clustering algorithm and the following measures are utilized [102].

To compute them, we need to define some helping quantities. Distance mea-
sures compare the similarity between two data points, i.e., a low distance value
corresponds to a high similarity and vice versa. As defined in [103], the Minkowski
distance of two M -dimensional data points xi and xj is given by:

dp(xi,xj) = p

√
(xi1 − xj1)p + . . .+ (xiM − xiM)p (3.5)

and is known as the Lp-norm. The axes-parallel Manhattan or City-Block dis-
tance is p = 1, the default Euclidean distance for p = 2, and the Maximum distance
for p =∞. The measure dp(xi,xj) is greater than zero if xi 6= xj and zero if xi = xj.
The center of the data matrix X or a cluster ci is calculated by the mean of all ele-
ments: µX or µci . The cluster center is also known as the centroid. The number of
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clusters is K and a cluster ci contains Ni elements. With these helping quantities,
we can define the internal clustering metrics to analyze the quality of the grouping:

� Silhouette (Silh) analyzes the maximum spread of the overall clustering con-
figuration by computing the pairwise difference of between- and within-cluster
distances b(x) and a(x) [104], respectively. Thereby, the between-cluster dis-
tance b(x) stands for the separation of groups, whereas the within-cluster
distance a(x) represents the tightness of a group:

b(x) = min
j,j 6=i

1

Nj

∑
y∈cj

d2(x,y) and (3.6)

a(x) =
1

Ni − 1

∑
y∈ci,y 6=x

d2(x,y) with x ∈ ci. (3.7)

The silh(x) measures the spread per sample. The overall value Silh is the
clusterwise-averaged silh(x) measure for all data points and accounts for the
goodness of the total clustering configuration. Both values range between -1
and +1 and are given by

silh(x) =
b(x)− a(x)

max (b(x), a(x))
and (3.8)

Silh =
1

K

K∑
i=1

∑
x∈ci

silh(x). (3.9)

Thus, higher values denote a better grouping and +1 is the best possible
outcome.

� Davies Bouldin (DB) averages the maximal intercluster-intracluster distance
ratios over all clusters [105]. This means for each cluster, the within-cluster
distances are computed as the average distance between the cluster centroid
and all members. Then, the pair-wise sum of all within-cluster distances is
taken. This is set in ratio to the distance between two cluster centroids. After-
wards, the maximum value of the ratio stands for the worst-case configuration
for each cluster, which is then averaged over all clusters. Consequently, a lower
index means a more compact cluster configuration. The DB value is greater
or equal than zero and is computed by

DB =
1

K

K∑
i=1

max
j,j 6=i

{
1
Ni

∑
x∈ci d2(x,µci) + 1

Nj

∑
x∈cj d2(x,µcj)

d2(µci ,µcj)

}
. (3.10)

� The SD (separation (scattering Scat) and inter-cluster distance (Dis)) criterion
measures the average spread of points and the aggregated separation of all data
groups [106]:

SD = Dis · Scat + Dis, (3.11)

where both terms are given by

Scat =

∑K
i=1 ‖var(Xci)‖
K‖var(X)‖ and (3.12)

Dis =
maxj,i d2(µci ,µcj)

minj,i d2(µci ,µcj)

K∑
i=1

1∑K
j=1 d2(µci ,µcj)

. (3.13)
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The scattering term expresses the compactness as the ratio between the av-
erage cluster compactness divided by the total compactness of the data. The
variance is used as a measure for the compactness and is calculated per feature
column as shown in Equation (3.2). The Xci denotes all points within cluster
ci. The inter-cluster distance is computed as distance between the cluster cen-
troids. Therefore, the lowest SD value represents the best cluster separation,
and the value is greater or equal than zero.

� The distance matrix D computes the Euclidean distances between the single
data points and the main diagonal is zero:

D(X) =


d2(x1,x1) d2(x1,x2) . . . d2(x1,xN)
d2(x2,x1) d2(x2,x2) d2(x2,xN)

...
. . .

...
d2(xN ,x1) . . . d2(xN ,xN)

 . (3.14)

The cluster-wise ordered matrix shows a block pattern of areas with low (intra-
cluster) and high (inter-cluster) distances if the clustering groups the samples
well.

3.3 Visualizing the Daily Routine Data Tempo-

rally

To gain an understanding of the data set characteristics, visualization techniques
are applied [33]. The chosen technique depends on the data attributes, e.g., number
of dimensions, temporal or numeric data [34]. A few non-exhaustive examples are
line graphs, scatter plots, circular or parallel coordinate displays [35].

We plot the multi-dimensional features as a line graph of an exemplary working
day from our data set DT in Fig. 3.4. At the start and end of the recording, at
10 a.m. and 3 p.m., the bicycle was used for commuting, which is expressed in
the acceleration patterns, increased noise floor features and the wind activity. A
similar behavior occurs during lunch time at 12 a.m., but the acceleration patterns
of walking to the canteen differ to the cycling activity and the noise floor reaches
its highest value in the loud canteen environment at this day. Additionally, a con-
versation is held, which activates the own voice feature, and the speech components
reduce the stationary properties of the audio signal. During the office work, short
conversations occurred, for example, at 10.30 a.m., where head rotations produce the
dynamic shifts around the gravitational level, and we notice changes in the acoustic
levels.

To show the time behavior of multiple days and make it easy to compare the
differences and similarities within these days, the multi-dimensional feature plot in
Fig. 3.4 is not able to visualize the data in a perceivable manner. That is why, we
plot a time schedule of several groups, e.g., classes or clusters, in Fig. 3.7 (a) and
explain the time diary annotations in section 3.5. This allows to assess the temporal
regularities of the routine behavior. Further possibilities are showing color maps or
histograms over time. We plot the activity loudness histogram of data set DT in
Fig. 3.5. The activity strength is calculated as the variance of acceleration vector
norm and is quantized into three categories: low, medium, and high (l, m, and h).
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This means in the case of sitting the acceleration vector norm is about 1g and has
a small variance. In contrast to walking, where the norm strongly changes, i.e., it
results in a high variance. The loudness as the max. level feature is quantized into
three categories: quiet, medium, and loud (Q, M, and L). To compare the quantities
over different days, we show the frequency of the 9 combinations such as lQ meaning
a low activity strength in a quite environment. The lQ bin has often a high value
during office work. As shown Fig. 3.4, the lunch break situation is highly notable
in day 1 due to loud environment. This behavior repeats over multiple days (1, 5,
7, 9). Conversations are mainly differentiated from the office work by the increased
loudness, since the activity only slightly enhances. The running exercise at 3 p.m.
on Sunday has a high activity strength with a medium loudness, whereas the car ride
at 6 p.m. has is very loud with a medium ACC strength. In contrast to watching
TV on the evening at day 2 and 6, they have a low to medium activity and a quiet
to medium loudness. Thus, several situations are differentiable within the visualized
feature space, and we notice the recurring temporal behavior of routine activities.

3.4 Visualizing the Daily Routine Data Spatially

by Manifold Learning

After building the feature representation in 3.1, the data has 39 dimensions, which
makes it very difficult for the visualization and computation of distance metrics
[35, 107]. That is why, it must be reduced to two (or three) dimensions. We give an
overview of well-performing dimensionality reduction (DR) methods and evaluate a
number of techniques.

3.4.1 Dimensionality Reduction and Manifold Learning Tech-
niques

Various DR techniques exist, and a comparative overview can be found in [36]. These
methods apply linear or non-linear transformations to reduce the data dimensions
while showing the inherent structure. One central idea is that the data lies on or
near a lower dimensional manifold. The t-distributed stochastic neighbor em-
bedding (t-SNE) is applied to visualize the high-dimensional data x1, . . . ,xN as
2D points y1, . . . ,yN [37]. It minimizes the Kullback-Leibler-divergence between
the two probability distributions of high-dimensional Gaussian and low-dimensional
Student-t kernel. Based on a gradient descent optimization, the low-dimensional
points are moved in space to achieve the highest similarity between the two proba-
bility distributions.

The found mapping is non-linear and data-adaptive, i.e., the technique performs
distinct transformations on different regions [108]. This is a result from the binary
search of σi for each point to ensure that the effective number of neighbors is 50 being
equal to the perplexity parameter. In the low-dimensional space, through the heavy-
tailed Student-t distribution the similarity to the neighbors is established, since for
distant points the probability is infinitesimal small. This means that embedded
points separated by gaps are not similar even if they are spatially close. In that
way, t-SNE accomplishes a good performance in terms of keeping the local and
global structure of the data. Moreover, the low-dimensional representation needs an
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Figure 3.4: The features over an example day (number 1) of our data set DT.
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Figure 3.5: The activity loudness histogram of our data set DT represents the nor-
malized duration in each activity loudness bin over one minute. The acceleration
activity in the first row is quantized into three categories: low, medium, and high (l,
m, and h). The loudness in the second row is quantized into three categories: quiet,
medium, and loud (Q, M, and L). The white-colored bins represent a value of zero
to increase the readability.
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initialization before the optimization starts and it is sampled from a 2D Gaussian
distribution with zero-mean and a diagonal unit covariance matrix scaled by 0.0001.
To eliminate the effect of bad initialization, multiple runs are performed, and the
best embedding is taken as output [109].

Further DR techniques are tested for 2D visualization [36]. The principal
component analysis (PCA) finds a linear transformation of the high-dimensional
data, which maximizes the amount of variance described by the data. This linear
mapping is described by the principal eigenvectors, the so-called principal compo-
nents, with the biggest eigenvalues of the covariance matrix.

Isomap addresses the problem that data might lie on a (e.g., curved) manifold
and the Euclidean distance is an inappropriate measure for the pairwise distance
between two samples on a manifold [110]. The reason is that the Euclidean distance
measures the shortest distance corresponding to the direct connection between two
points. Therefore, the geodesic distance is computed expressing the distance on
the manifold by a constructing a neighborhood graph and calculating the distance
along the graph. Afterwards, the eigenvalue decomposition finds the transformation
matrix out of the eigenvectors with the biggest eigenvalues.

The Sammon mapping is a non-linear projection technique [111], which pre-
serves the inter-sample distances between the high-dimensional and low-dimensional
point pairs, the so-called Sammon error. This should ensure that the same data
structure is preserved in both spaces. The low-dimensional points are usually ini-
tialized by a PCA transformation, and then the points are iteratively moved in space
to mimimize the Sammon error by a gradient descent optimization.

The locally linear embedding (LLE) combines several locally linear models
to fit the overall global data structure. It can be thought as a number of local PCA
transformations, which are combined for a global data projection. To do so, LLE
makes a nearest neighbor search for the construction of the weighted local neighbor-
hoods to compute a local eigenvalue decomposition for each local transformation.

The uniform manifold approximation and projection (UMAP) algorithm
assumes that the data lies on a locally connected manifold [112]. It constructs a
neighborhood graph based on the number of nearest neighbors and a minimum
distance between two points in the low-dimensional space. The minimum distance
stands for the tightness how close the embedded points are put together. UMAP
shows to be competitive for visualization purposes in comparison to t-SNE, since it
also preserves the global structure well. Depending on the data set and initialization,
the performance is similar [109]. The main advantage is, that the embedding is fast
and scalable. Both DR techniques warp the space, which means distances are less
meaningful compared to PCA. All techniques are part of the toolbox except the
UMAP technique, in [36], using the suggested settings and t-SNE performed better
by a perplexity of 50 [108].

3.4.2 Evaluating the best Dimensionality Reduction and Man-
ifold Learning Technique

To find the best embedding, we assess the informative value of the representation
on our set DT. That is why, the t-SNE embedded points are plotted with color-
encoded high-dimensional features as depicted in Fig. 3.6 for the mean of maximum
loudness feature. The spatial grouping of different routines in the t-SNE embedding
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Figure 3.6: The t-SNE embedding of our data set DT with color-encoded mean of
the maximum loudness feature in the dB SPL domain.

Table 3.1: Embedding evaluation on DH set with the Huynh labels as the clustering
output. The range plus the optimal value (the smallest (↓) or highest (↑)) of each
clustering metric are given.

t-SNE Isomap LLE PCA Sammon UMAP Range
Silh ↑ -0.03 -0.03 -0.09 -0.02 -0.03 -0.02 [-1,1]
DB ↓ 4.83 13.44 15.27 10.06 12.03 7.73 [0,∞(
SD ↓ 10.39 31.80 66.78 20.71 33.40 22.81 [0,∞(

is analyzed with the hierarchical clustering in section 3.5. Thus, the loudness feature
shows to be a characteristic property that has a strong influence on the spatial
grouping of the data points. The softest situations and environments are placed at
the positive side of the first embedding dimension, whereas loud ones are grouped
in the negative direction. Other features, which are not shown as the color-encoding
of t-SNE space, also contribute to the spatial grouping of the data points in the
embedding. Some attributes only have different values in local areas, which means
they differentiate only specific situations, whereas others play a global role in the
data grouping. For example, the wind is only active in a small subset of situations.
Thus, the corresponding feature has mostly a value of zero during the recordings,
but it helps to explain the situation in a few outside environments. In contrast to the
wind occurrence, the variance of ACC data has a global influence on the grouping,
since it provides valuable information in multiple situations. Further embeddings
are plotted in Fig. 4.3 and show a less structured ordering of routine behavior.

To assess the quality of the embeddings with the cluster coefficients in section
3.2.2, the Huynh data serves as an independent validation set. Thus, the given
ground truth (GT) is taken as the clustering output and the cluster coefficients of
different embeddings are computed in Table 3.1, where the best outcome is marked
in bold, and the possible range of metrics is given. For DB and SD, the smallest
value is the best, whereas the highest value is the best for Silh. Therefore, t-
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SNE outperforms the other representations in two of three metrics, and only at the
Silhouette coefficient PCA and UMAP are slightly better, but in this metric the
difference is very small between all embedding except for the LLE. In particular, in
the DB and SD cluster evaluation coefficients, t-SNE has a strongly smaller value
up to many times. This outcome is also visually confirmed as shown in Fig. 4.4.

In short summary, t-SNE is the best embedding and is taken for the visualization.

3.5 Confirming the Clustering and Manifold As-

sumptions

To analyze the spatial and temporal grouping behavior, we consider the cluster-
ing techniques in section 3.2.1 and tested several configurations plus methods, e.g.,
k-means, DBSCAN, and AGNES. Finally, we choose the AGNES hierarchical clus-
tering analysis, since we do not know a priori the number of clusters and AGNES
returns a dendrogram, which visualizes the spatial data structure. The horizontal
lines in a dendrogram represent the linkage distance to merge two subgroups into
one. Thus, a high linkage distance means the subgroups strongly differ in the fea-
ture characteristics. We perform the clustering on the t-SNE space of our set DT

with a Euclidean distance and average linkage measure. The results for four clus-
ters are displayed in Fig. 3.7, where the cutting level (red line) of the dendrogram
in Fig. 3.7 (c) is shown and all connected branches below the threshold form one
color-encoded cluster. We show the full dendrogram to make existing subgroups in
one cluster visible. A lower cutting level would lead to more clusters with a smaller
number of samples in each cluster and vice versa. Too many clusters make it hard
to detect the recurring behavior over time. We tested multiple values and chose
the threshold, where the clusters represent the temporal structure of the time diary
annotations in Fig. 3.7 (a). Thus, the recurring situations and environments fall
into the same clusters over different days.

Obviously, comparing the loudness-encoded t-SNE embedding in Fig. 3.6 with
the marked clusters in Fig. 3.7 (b), we notice a strong link between the loudness
feature and the clustering outcome since the clusters are strongly differentiated
by the loudness feature. Other features also contribute to the spatial grouping
and clustering by differentiating the different situations and environments. In the
following, we explain the cluster structure based on the distinguishing example of
the loudness characteristics. The green cluster 2 corresponds to relatively quiet
situations mainly like office work in a quiet room. The red cluster 4 contains louder
scenes, such as conversations during meetings, working in a busy environment, or
watching TV. The blue cluster 3 includes the walking to the canteen at day 1, the
running exercise at day 2, or the general louder environments than in clusters 2 and
3. The lunch event in the canteen environment has a very loud babble noise and is
consistently detected by the same purple cluster 1. Further included noisy scenes
are the car ride at day 2 or the power workout at day 7 with motivating bass music.
The car ride, in particular, forms an own subcluster within the purple group, which
is also visible in the dendrogram in Fig. 3.7 (c). Of course, the spatial grouping is
also determined by all other features than the loudness as described in section 3.4.2.
For example, the conversations in cluster 4 are distinguishable from the office work
of cluster 2 by the own voice activation or other speech features.
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To evaluate the clustering quality as explained in section 3.2.2, we use the ordered
distance matrix and silhouette coefficient per sample and cluster in Fig. 3.7 (d)
and 3.7 (e). The distance matrix shows the dissimilarity between the feature
points and silhouette coefficient explains how well a sample fits in its own cluster.
Both measures are computed on the high-dimensional features, since we want to
show that the t-SNE distances are relevant and correspond to the high-dimensional
data structure. In Fig. 3.7 (d), the distance matrix contains four distinct blocks
of low pair-wise distances and between them areas of high distances occur. This
block pattern stands for well grouped clusters. For example, the cluster 1 has the
highest dissimilarity with clusters 2 and 4, which are similar to each other. Thus, the
clusters form relevant and distinct groups, since the distance matrix has a clear block
structure. The sample-wise silhouette coefficients state a strong similarity within
clusters 1 and 2, because nearly all members of both clusters have a high silhouette
value over 0.7. In contrast to clusters 3 and 4, where a part of the samples has a
more distinct feature behavior, since two subgroups exist within the two clusters as
shown in Fig. 3.7 (c). This is demonstrated by the negative silhouette coefficients
for the subgroups within clusters 3 and 4, which is also expressed in the high linkage
distance of the dendrogram. The clustering evaluation states that the clusters are
representative for the high-dimensional data structure, but in two clusters valid
subgroups exist.

In Fig. 3.7 (a), we further notice the recurring patterns of the daily routine, such
as similar lunch break times, the group meeting on Tuesdays at 3 p.m., commuting
events, or working periods. These activities have a strong temporal structure and
have a longer duration up to hours. In contrast, e.g., spontaneous conversations
in red cluster 4 during the working periods do not follow a certain order and can
happen at any time but have a short duration of minutes. Thus, we found relevant
clusters for the temporal structure of the daily routine.

From these observations, we state a good detection of some characteristic situa-
tions, such as the lunch in the canteen, car, TV, or workout. These scenes are very
distinct and form own clusters within our feature space. This confirms the clustering
assumption that the data set contains distinct situations, which are recognizable by
the features. The manifold assumption is fulfilled for the connected clusters 2, 3, and
4, since nearby routine situations have similar characteristics such as the working in
a calm environment.

3.6 Grouping and Visualization Summary

In this chapter, we used unsupervised methods to visualize and group the daily rou-
tine situations and environments of our data set DT. To do so, we built a statistical
feature representation and performed a clustering method on a low-dimensional data
embedding, which we validated with clustering evaluation techniques. To validate
the dimensionality reduction methods for the visualization purposes, we applied our
approach on the public data set DH.
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Figure 3.7: The results of hierarchical clustering on the data set DT are shown as
color-encoded clusters over time in (a), in the t-SNE embedding in (b), as dendro-
gram in (c), cluster-wise ordered samples in a distance matrix in (d), and sample-wise
silhouette coefficients sorted per cluster in (e).
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Summary

� We evaluated various dimensionality reduction techniques and the t-
distributed stochastic neighbor embedding (t-SNE) found a very mean-
ingful embedding of the high-dimensional data.

� We performed the hierarchical clustering approach on the 2D embedding.
With the help of the visualization techniques, we have shown that some
characteristic situations, such as the lunch in the canteen, car, TV, or
workout are distinguishable.

� These distinct scenes form own clusters within our feature space, i.e.,
we confirm the clustering assumption that our data contains distinct
situations, which are recognizable by the features.

� The manifold assumption is fulfilled, since nearby routine situations have
similar characteristics and are locally grouped together.
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Chapter 4

Labeling the Daily Routine Data
by Semi-Supervised Learning

In this chapter, the daily routine of the data set DT with the time diary annotations
is labeled and recognized by semi-supervised learning techniques. Therefore, we use
during the labeling process the gained knowledge of chapter 3 that the situations and
environments cluster in a relevant temporal structure on our feature representation
explained in section 3.1. The semi-supervised processing scheme is introduced in
Fig. 4.1, which includes the two steps: propagating the labels in section 4.1 and the
daily routine recognition (DRR) in section 4.2. An overview of semi-supervised label
technique is given in section 4.1.1, the extended visual interactive labeling (VIL) is
introduced in section 4.1.2 and is applied on our set DT in section 4.1.3. Afterwards,
based on these annotations the classifiers are trained in section 4.2.1, the evaluation
metrics are introduced in section 4.2.2, and the performance is assessed in section
4.2.3. Furthermore, we compare the routine classification performance of different
input data variants to evaluate the impact of the sensor modalities, ACC and audio.
The Huynh data set DH serves as a reference for the evaluation of the VIL procedure.
The material introduced in this chapter is partially taken from our publication [9].

4.1 Solving the Labeling Problem

To solve the labeling problem of our routine data DT, semi-supervised learning
techniques are applied. We give an overview of existing approaches and extend the
VIL method to annotate the data set. The Huynh set is used as a reference for
evaluation purposes.

4.1.1 Labeling Techniques

In semi-supervised learning, a model is trained on a small subset of labeled data
and this knowledge is transferred to the remaining larger set of unlabeled points.
VIL combines a state-of-the-art dimensionality reduction technique with the human
perception [38]. In a nutshell, the algorithm works as follows: the user selects
objects in low-dimensional representation and labels them. Afterwards, the classifier
is trained on the manually chosen data points and predicts the remaining objects.
This procedure is repeated until the result is visually satisfying.
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Figure 4.1: The semi-supervised processing scheme follows two steps: propagating
the labels and recognizing the daily routine. To do so, the feature representation
is built on the audio and acceleration (ACC) inputs, giving a 39-dimensional data
stream. To visualize and annotate the data, the DR (dimensionality reduction) stage
extracts two dimensions. Then as a first step within the visual interactive labeling
(VIL) scheme, the user interactively labels the 2D data and a first classifier is trained
to propagate these labels from certainly known events to all other samples. Using
these annotations, a second classifier is trained within a leave-one-fold-out (LOFO)
cross-validation scheme, and the following evaluation determines the results.

In contrast to VIL, in active learning selects an algorithm the objects, which
best optimize the learning model and asks the user to label them [38]. Different
strategies exist to select the objects, contributing the most to an improved learning
model [39]. One strategy is called uncertainty sampling, i.e., an object is selected,
where the model is the most uncertain about. Thereby, distance-based classifiers like
k-nearest neighbor choose objects, which lie close to the decision boundary. Another
strategy is the error reduction, where objects are selected that reduce the training
or generalization error the most. A third strategy is called query-by-committee,
meaning an ensemble classifier judges the labeling quality and the instances are
chosen with the highest disagreement among the ensemble.

Both semi-supervised methods work well for annotating high-level activities and
daily routines with time diaries. Without too much labeling effort, high-quality
annotations are generated by a coarse collection of known activities and routines
[40].

4.1.2 Visual Interactive Labeling Technique

VIL annotates our data set DT and the reference set DH by propagating the labels
from certainly known time diary events to all remaining ones [38]. It operates
on a two-dimensional t-SNE embedding of our feature representation explained in
section 3.1. The used dimensionality reduction (DR) techniques are introduced in
section 3.4. Additionally, further improvements of VIL for the activity recognition
challenges are demonstrated. The VIL workflow is illustrated in Fig. 4.2 with the
scheme of one iteration in (a) and the annotations over several iterations in (b).
The scheme is divided in PC and user actions. At first, the unlabeled t-SNE data is
plotted with the same color for all points (iteration 0). Then, the semi-supervised
labeling scheme begins and iteratively refines the annotations and the corresponding
coloring of the 2D points within a graphical user interface (iterations: 1, 2, . . . , n).

At the start of each iteration, as a user we select single or multiple instance/s with
a lasso tool, a time or point selector. Hereby, the human visual selection strategies
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Figure 4.2: The extended visual interactive labeling (VIL) workflow is depicted in
(a) for each iteration, where the user selects and interprets the data to label certainly
known instances. Afterwards, the automatic PC actions start to train a classifier on
the labeled samples and predict the unlabeled instances. Then, the color encoding of
the classes is adapted to the predictions as shown over the iterations in (b). At the
start, the unlabeled 2D data are drawn in black, the user selected training samples
are marked with two red circles (o) and the predicted samples are color-encoded.

51



are intuitively applied to the two-dimensional scatter plot [38]. These techniques
label the map in equal spread, dense areas-, centroids- or outliers-first.

Before we can label the training data, we interpret the meaning of chosen
points corresponding to the routine behavior. Since every sample in the 2D space
represents a high-dimensional curve, the 13 inputs are separately plotted over time
as exemplary shown in Fig. 4.2. This is a big advantage against only considering
the reduced dimensions, which loses the interpretability through the DR. Therefore,
we can infer the temporal characteristics and tie them to spatial position in the
embedding space. Thus, the extended VIL framework is perfectly capable for data
exploration purposes.

Further improvements are achieved by including the time information. This
means the current labels are also illustrated in time schedule for each day as shown
in Fig. 4.3 (c). Additionally, the selected points are marked, or their timestamps
are displayed. Thus, it allows to assess the temporal behavior, i.e., if all points
occur in irregular time instances, within one or multiple intervals. This gives the big
picture over the routine occurrences. Moreover, in combination with a time diary,
we select instances based on a time interval, which certainly consist of one activity.
Afterwards, these points are marked in the 2D map, and the consistency of selection
is easily demonstrated by the proximity of chosen samples.

After two label categories are selected as red dots shown in iteration 2 in Fig.
4.2 (b), a classifier, the Gaussian kernel SVM with the same configuration as in
4.2.1, is trained on the chosen and labeled samples. Subsequently, it is applied on
remaining (test) samples and the coloring is adapted to the classifier predictions.
Then, these steps are redone until the results are visually satisfying and the time
schedule matches the coarse time dairy. Thus, the final annotations are obtained
for the classification task in section 4.2.

4.1.3 Visual Interactive Labeling Results

Starting with the labeling process on our data set DT, the analysis of the t-SNE and
VIL outcomes is performed in Fig. 4.3 (a), where the VIL annotations are color-
encoded. Other views of DR techniques are shown in Fig. 4.3 (b) to gain more
insights, but they do not turn out to be as meaningful as t-SNE. They focus on
retaining large pairwise distance by relying on the data covariance as PCA or LLE.
Likewise, large geodesic distances of Isomap are short-circuited by noise [36].

After the VIL annotation process, a clear structure within the t-SNE map is
visible in Fig. 4.3 (a), i.e., a continuous transition is obvious between similar routines
such as work and talk, which underlines the usefulness of embedding in terms of
keeping similarities. For example, some points of transport routine are embedded
within the talk routine, i.e., the points are grouped by the dominating conversational
characteristics due to the higher similarity to these neighboring points. This shows
a drawback of the labeling or classification with a hard assignment.

Moreover, the map encodes the loudness of the situations. These range from
quiet ones (e.g., work), to situations with medium loudness (e.g., talk), to louder
ones (e.g., sport with gym music). To make this obvious, the loudness is plotted as
color information of the t-SNE space in Fig 3.6. That is why, the two smaller clusters
on the left correspond to the transport routine with a stronger low-frequent noise.
To assess the consistency between the VIL annotations and time diary, the labels
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Table 4.1: VIL and DRR results on Huynh set plus a comparison to previous Huynh
DRR results [%].

Dinner Commuting Lunch Work Mean Huynh Task
Precision 15.3 70.5 31.1 92.0 52.2

VILRecall 22.9 50.2 64.6 87.1 56.2
Accuracy 79.5
Precision 82.0 88.4 89.9 94.7 88.7 86.1

DRRRecall 84.3 85.1 70.2 97.7 84.3 67.2
Accuracy 93.1

are shown over time in Fig. 4.3 (c). As expected, the working routine is the central
element within a weekday and only interrupted by some meetings and the lunch
break. Likewise, VIL allows to spot short routine occurrences, which presents
a major advantage in comparison to manual annotations, where these short events
can be easily missed. Furthermore, it can handle time offsets in the annotations
and can provide a more consistent and data-driven labeling. This is important if
annotations from multiple test subjects are fused.

The Huynh data serves as an independent validation set assessing the quality
of the VIL. The t-SNE method demonstrated in section 3.4 to produce the best
embedding for the VIL procedure, but other embeddings can be provided as well for
a different view on the data. The Huynh GT and VIL annotations are compared
in 2D plots, over time and by classification measures. Obviously, the difference
in Fig. 4.4 (a) is that VIL enforces a smooth label grouping. Thus, for the best
performance the classes should be well-grouped in the embedding, but as it is typical
in activity recognition not all classes are well separated [44]. Since similar events,
such as sitting during work or dinner, cannot be hardly distinguished only by ACC
sensors. These wrong predictions over time are evident in Fig. 4.4 by comparing
the (b) and (c) time schedule plots. In the classification metrics, this is visible in
the low recall and precision values in Table 4.1, but the overall accuracy of 79.5 is
reasonable. Therefore, the VIL results on the DT set with audio features are expected
to be better, which is confirmed by the strong temporal consistency of labels with
the time diary annotations. In general, the VIL performance depends how many
points you choose, i.e., it will converge to the true Huynh GT, the more points you
select. Comparing the VIL results to the DRR outcomes, the fully supervised DRR
performance is strongly improved since far more labeled training points are used.

4.2 Comparing the Daily Routine Recognition Rates

by Different Input Features

With the found label set on our set DT, we can recognize the daily routine with
various classification techniques and perform a classifier evaluation with different
cross-validation schemes to choose the best method. Additionally, the effect of
different input data variants is assessed and a comparison to previous work is given
on the DH set.
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(a) VIL annotations as coloring of t-SNE space.

PCA Isomap

LLE Sammon

(b) Comparison of embeddings with VIL annotations.

(c) Example day 7 with VIL annotations over daytime [h].

Figure 4.3: The results of VIL annotations are shown in the different embeddings in
(a) and (b) plus over time in (c) on the data set DT. Additionally, the class priors
are given in a pie chart and a schematic drawing presents one feature curve of an
embedded point.
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(b) Example day with Huynh GT annotations over daytime [h].
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(c) Example day with VIL annotations over daytime [h].

Figure 4.4: The Huynh ground truth (GT) and VIL annotations are shown in the
t-SNE dimensions and over time with the same coloring.

4.2.1 Classification Techniques

To recognize the daily routine with the learned labels on our set DT, the input data
is the 39-dimensional ACC and audio features. For the selection of a classifier, a
comparison between decision tree (DT: medium complexity), multi-layer perceptron
(MLP patternnet with 100 neurons), k-nearest neighbor (kNN: weighted), linear
discriminant analysis (LDA), random forest (RF: bagged trees), and SVM (coarse
Gaussian with a one-vs.-one strategy) is performed. The experiments are done in
MATLAB R2018b by the classification learner app with their respective names in
brackets except for the MLP model, which is from the deep learning toolbox. The
classifiers are explained in detail in section 5.2 except the LDA, which is similar to
the PCA projection in section 3.2.1, but it finds a linear projection on which the
data of two classes are maximally separated [113]. This is achieved by maximizing
the ratio of between-class to within-class scatter matrix. Thus, the best classifier is
searched between DT, MLP, kNN, LDA, RF, and SVM.

Afterwards, the chosen classifier is applied to compare the performance of our
approach to the previous Huynh results on their data set DH with only acceleration
features, in [18], and to show the influence of the audio features on our set DT.
Thus, we apply in one variant only the 9-dimensional ACC inputs and in another
only the 30-dimensional audio features. We compare these alternatives against the
combination with both inputs, ACC and audio. In fourth variant, the 2D t-SNE
space is the input.
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4.2.2 Classification Evaluation and Experimental Setup

For the classification evaluation, the data set DT with the learned labels of VIL
stage is randomly split up in v parts. Afterwards, the training is performed on v−1
subsets, and the performance is evaluated on the v-th set. This process is repeated
for all combinations, which gives a cross-validation (CV) scheme. Finally, the results
are averaged over all folds. A more detailed explanation is given in section 5.3.

Ideally, a leave-one-day-out (LODO) CV is applied, since it has not the prob-
lem as the leave-one-fold-out (LOFO) scheme that neighboring samples appear in
different folds and boost the classification results [114]. Unfortunately, the running
exercise and a car ride only occurred on one day in the set DT. Thus, the results
would be degraded by a LODO scheme, because either no training or test data
would exist. That is why, the two routines, sport and transport, are removed for the
LODO evaluation. But still, the LOFO CV is performed to have detection results
for all routines and to keep track of possible biases, both CV schemes are compared.
For the Huynh set, we perform a LODO cross-validation. As it is typical in activity
recognition, the accuracy, recall, and precision measures are utilized and explained
in detail in section 5.3 [44].

4.2.3 Classification Results

For the DRR, comparisons between classifiers, CV schemes, input data, and previous
work are performed. On our data set DT, a comparison of various, cross-validated
classifiers in the Table 4.2 states the very good accuracy results of a single decision
tree (DT: 92.8%) or even better as an ensemble approach (RF: 95.2%) for LOFO
CV. All other learners also perform well in a close margin up to 6.1%. The reason
for the ranking is that distances are less meaningful in 39D, which degrades the
performance for kNN and kernel SVM. For LDA, finding a linear transformation
separating the classes is not totally feasible. The RF is superior to the DT, because
ensemble approaches are in statistical advantage over single learners [115]. Thus,
the final choice is the best-performing classifier, random forest.

As mentioned in [114], the temporal correlation between samples of the same
day in different folds boosts the results of LOFO over LODO CV in Table 4.2, but
the bias is small for the RF (2.2%) and worse for distance-based classifiers like kNN
(6.2%) or kernel SVM (5.0%). The smallest bias has the MLP (0.5%).

To have detection results for all routine activities, the four input data variations
– only acceleration, only audio, ACC and audio combined, and the two t-SNE di-
mensions – are compared in a LOFO CV. The results of RF are presented in Table
4.3. When we only have the acceleration features, the overall accuracy of 80.3% is
reasonable. But it has severe problems detecting some classes like transport and
TV, since they have low precision values under 50%. That is why, the overall class-
averaged precision value has a low value of 63.8% and there is a bigger gap to the
class-averaged recall rate of 75.8%. This confusion can be explained, for example,
while watching TV and sitting the motion patterns can be like the ones of the
majority class (office) work.

In the case of only audio features, the overall accuracy of 92.8% is strongly in-
creased in comparison to only applying ACC inputs. The big enhancement of 12.5%
results from the highly improved work, transport, and TV detection, which have the
strongest improvements of precision and recall up to 32%. These classes profit from
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Table 4.2: Classifier-comparison on DT set with acceleration and audio data [%].

Classifier MLP SVM RF kNN DT LDA CV
Accuracy 92.2 90.1 95.2 90.3 92.8 89.1 LOFO
Accuracy 91.7 85.1 93.0 84.1 90.1 84.6 LODO

Table 4.3: LOFO CV results of RF classifier with four input sets: ACC, audio,
ACC and audio, and t-SNE (space) [%].

Input ACC Audio ACC and Audio t-SNE
Routine R P R P R(ecall) P(recision) R P

Talk 76.0 75.9 90.5 88.6 89.8 96.5 95.7 96.7
Transport 75.3 44.6 83.8 87.2 95.0 86.9 97.6 92.3

TV 59.9 35.7 74.0 77.6 92.7 74.6 92.6 90.5
Sport 81.5 62.4 83.5 72.4 94.5 81.2 92.9 91.8
Lunch 77.4 70.2 82.0 92.3 89.7 96.9 95.7 95.7
Work 84.4 93.8 98.9 98.7 98.9 99.2 99.5 99.8
Mean 75.8 63.8 85.5 86.1 93.4 89.2 95.6 94.4

Accuracy 80.3 92.8 95.2 97.5

the environmental audio properties, such as low-frequent noise or loudness. Obvi-
ously, the talk routine detection performance is raised as expected due to valuable
features, such as the own voice activation or speech properties. Therefore, for every
class the audio features are better than the ACC ones, i.e., the class-averaged recall
and precision values of 85.5% and 86.1% are strongly enhanced.

Adding the audio features to acceleration inputs, the overall accuracy is strongly
increased as expected by 14.9% and has a very high value of 95.2%. The class-
averaged recall and precision values of 93.4% and 89.2% are also strongly enhanced.
In particular, the transport and TV classes have highly increased detection rates
up to 42.3% by comparing the two inputs to only using ACC data. The maximal
precision value is achieved for the transport class. This means the audio dimension
delivers a lot of useful information for the classifier and describes the routines well.
By assessing the structure of the RF decision trees, the loudness feature is identified
as one of the key separators for different routines. Furthermore, by applying the
classifier on the 2D t-SNE space, the results are the best of the four scenarios
with an accuracy of 97.5%. Additionally, all recall and precision values are over
90%. This shows the effect of t-SNE mapping, which preserves the characteristics
of input space. Additionally, the classifier does not have to cope with the curse of
dimensionality as in the 39D space, which results in a higher overall performance.

Consistently, the DRR of our approach on the 36-dimensional Huynh data and
annotations is better in a LOFO CV (accuracy of 88.7%) than in LODO (accuracy
of 85.8%) due to the existing LOFO bias of neighboring samples in different CV folds
[114]. For a fair comparison to Huynh results [18], the time of day feature is added
and it highly increases the accuracy to 93.1% because of the very structured routine
shown in Fig. 4.4 (b). Their data set has less class transitions and is very repetitive
over different weekdays. In contrast to our set, where in another experiment we
added the time of day property to the ACC and audio feature vector and it does not
improve the classification results in the set DT. The reason is that the routine classes
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are less temporally repetitive. Thus, the time of day feature is a good predictor if
someone has a strong repetitive routine and does, e.g., every day the same activities
at the same time. For the daily routine recognition, the Table 4.1 states slightly
better precision values (Huynh 86.1% to 88.7%) and highly improved recalls (Huynh
67.2% to 84.3%). Thus, our method outperforms the topic model of Huynh.

4.3 Labeling Summary

In this chapter, we used semi-supervised methods to solve the labeling problem of
our data set DT. Based on these annotations, we performed the classification tasks
on four input data variants. To validate the extended visual interactive labeling
(VIL) method, we applied our approach on the public data set DH.

Summary

� We demonstrated that the extended VIL works well for consistent data
annotations in context of daily routine recognition. It offers the advan-
tages, such as spotting of short routine events or a better handling of
time-offsets with a coarse time diary.

� Based on these labels, the classification is performed on the four sets:
acceleration (ACC), audio, ACC plus audio combined, and 2D t-SNE
embedding. With only the ACC data, only for some routines a good
result is achieved.

� We enriched the situational description by including the audio features
and produced considerably better results. The classification on the t-
SNE space performed the best.

� The VIL method is validated on a publicly available data set and our
routine recognition approach outperforms the Huynh results of [18].
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Chapter 5

Classifying the Daily Routine
Data by Supervised Learning

In this chapter, our goal is the daily routine recognition (DRR) on our data set
D7, and the Huynh set DH based on the classification techniques. The supervised
processing scheme is depicted in Fig. 5.1 on our set D7 with the intention-based
classes. We first design an efficient feature representation in section 5.1 and then
introduce various classification techniques in section 5.2. This builds the ground
for the comprehensive classifier evaluation, where we compare the personalized vs.
person-independently trained model performance based on different cross-validation
schemes and evaluation metrics explained in section 5.3. Finally, the classification
results are discussed in section 5.4. The material introduced is partially taken from
our publications [10, 11].

5.1 Feature Extraction and Selection Techniques

for Classification

On our data set D7, we use the features described in section 2.4 for the classification
task and an overview of the total feature processing is displayed in Fig. 5.2. To
fuse the ACC and audio inputs on the same time grid, the calibrated ACC data is
converted to features on an activity primitive level in section 5.1.1. For the acoustic
domain, the features are precomputed in the hearing aid. After the creation of
the low-level features, the high-level statistical representation is built on a routine
activity level in section 5.1.2.

For the Huynh set DH, the low-level feature extraction is already performed.
Therefore, we use the same high-level representation as for the D7 set in section 5.1.2.

Feature Extraction
+ Selection

Classification Evaluation
13D 16D Class Results

Figure 5.1: The supervised processing scheme for the classification task on our data
set D7 with the intention-based classes, where the dashed block corresponds to the
feature section 5.1 shown in Fig. 5.2. The feature representation builds the basis for
the comprehensive classifier evaluation.
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Figure 5.2: The feature extraction and selection scheme consists of two major steps:
the low-level sensor fusion in section 5.1.1 and the high-level feature extraction and
selection (FS) in section 5.1.2.

5.1.1 Low-Level Sensor Fusion

To design optimal low-level acceleration features for the DRR, we consider a broader
set of existing human activity recognition features. These features group into the
statistical, time, or frequency domain. A few non-exhaustive examples are given.

The statistical quantities group into positional (such as minimum, mean, median,
maximum, or quantile positions) or spread measures (such as range, interquartile
range, variance, or standard deviation). The time domain includes, e.g., the inte-
gration, auto-correlation, correlation between axes, or mean-crossing rate (MCR).

The frequency-based features are fast Fourier transform bands for 1 to 6 Hz, the
spectral energy, spectral entropy, or centroid of spectrum. The mentioned charac-
teristics are helpful to detect activity primitives including walking, various gestures,
or head rotations. Thereby, lots of studies showed good recognition rates by finding
a suitable set of the introduced accelerometer features for the head and body ori-
entation [42], locomotion [43, 44], conversational gestures [45], and transportation
modalities [46].

In the following, we apply the most informative features for our daily routine
classes and explain them in more detail. The acceleration values are calibrated and
need to be transformed in an informative representation for our target activities.
In contrast to the acceleration features, the audio low-level feature extraction was
already done in the hearing aid. The 10 precomputed audio features have a rate of
2 Hz and are already explained in section 2.4.2.

To optimally transform the ACC values in a representation, which can differen-
tiate the different daily routine classes, we first consider the signal model and then
extract the low-level features. After the calibration of the raw acceleration data with
a 16 Hz rate in section 2.4.1, the calibrated triaxial ACC signal acal is ideally only
composed of gravitational g, rotational, which splits in radial aR and tangential aT,
and linear alin components:

acal = g + aR + aT + alin in [g], (5.1)

where all quantities are expressed in the hearing aid housing coordinate system
and multiples of the earth gravity g = 9.81m

s2
[87]. The vector g is only depen-

dent on the HA orientation. If no motion is present, the gravity is directly given
corresponding to the head and body orientation.

A taxonomy of possible head rotations and orientations are illustrated in Fig-
ure 5.3. The three rotations around the axes are possible. The first one is the yaw
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Yaw Pitch Roll

Figure 5.3: Taxonomy of head rotations and orientations adapted from [76] to derive
the conversational features.

rotation around the world gravity vector, which is therefore not detectable through
the gravity-based orientation estimation and stands for the gesture of saying ”no”.
The pitch rotation corresponds to the conversational gesture of expressing affirma-
tion and the tilting roll angle change shows uncertainty in a chat [116, 117]. Both
gestures can be detected by a modification of the gravity vector. Therefore, the
orientation is a key identifier to differentiate conversations and further scenes [42].
For example, in our case, the body orientation can distinguish sitting during office
work and laying down in a workout. But in case of motion, the mean is a typi-
cal estimator for the gravity component and the formula is given in Equation (3.1)
[118]. We use the low-level mean feature for the estimation of orientation to mainly
support the detection of social, listening, or physical class.

The next conversational feature uses the physical property, that the radial and
tangential ACC are given by the cross product of sensor position vector r with
angular ACC α and velocity vectors ω as shown in Equation (2.2). Therefore, both
quantities are orthogonal to each other and that is why the correlation between
axes gives clues about all three possible head rotations. This allows us to detect
conversational or listening gestures, such as head shaking or nodding [45]. The
Pearson correlation coefficient has a range in the interval [-1,1] and is computed for
a segment window of N of two attributes x.1 and x.2 by:

ρx.1x.2 =

∑N
i=1(xi1 − µx.1)(xi2 − µx.2)

σx.1σx.2

. (5.2)

Furthermore, the linear motion component is dominant in comparison to head
or body rotations, since the resulting amplitude is far stronger. For this reason,
periodic movements, such as walking or jogging, produce a high output and often
a variance feature is calculated to distinguish these from being stationary or sitting
by the motion strength [44]. The variance is useful as well for the detection of
transportation modes or sport scenes and is shown in Equation (3.2) [46]. That is
why, the variance supports the differentiation of basics to physical or transportation
class.

In addition, the mean crossing rate (MCR) informs about the motion fre-
quency by counting the number of times the signal crosses the mean value. This is
triggered, in particular, by periodic movement. Thus, walking, repeated nodding,
or shaking gestures in conversation trigger this measure. The formula is given in
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Table 5.1: Summary of applied low-level features for the classification, where the
attribute type determines the range of a feature. All ratios except the variance of
ACC are between 0 and 1, whereas the intervals have a physical meaning like the
mean of ACC between −2g and 2g.

Input Methods Type

Acceleration Mean, axes correlation (between two axes) interval
(12D) mean crossing rate , variance (all for each axis) ratio

Audio Spectral centroid, max. level, interval
(10D) low- and mid-frequency noise floor, interval

own voice activation, absolute correlation, wind, ratio
stationarity, 4 Hz modulation, onset detection ratio

Equation (3.3) and the feature is beneficial to recognize the physical, listening, or
social class. Further advanced binaural head rotation features of [84, 119, 120] are
not considered, since in our experiments we only use one HA with one acceleration
sensor. The reason is that the recorded data of two hearing aids are not synchronous
in time, which would be a condition to fuse the ACC data for binaural features.

In total the four measures - mean, axes correlation, variance, and MCR - are
extracted of the 3D ACC vector, which gives 12 dimensions. The measures are
selected to detect the described behavior of routine classes well. This is done over a
sliding window of 1 second with 50 percent overlap, which showed in other studies
a good performance for the detection of activity primitives [12]. Conveniently, this
matches the 2 Hz rate of 10 precomputed audio features, which are beneficial for
all routine classes as explained in section 2.4.2. Therefore, we have a low-level
representation of activity and sound primitives on a 2 Hz rate. This allows to detect
the various described short-term events and activities. All features are summarized
in Table 5.1 with their corresponding attribute type. Thus, we can connect these
primitives in the high-level feature extraction in the next section.

5.1.2 High-Level Feature Extraction and Selection

Out of the total 22 audio and ACC low-level features, we can build the high-level rou-
tine representation. Therefore, they are segmented in non-overlapping one-minute
frames to balance between fast audio (seconds) and slow activity (minutes) changes
[41, 92]. This window length already showed a good performance in section 4.2 on
Huynh and our set DT [9]. Afterwards, the three statistical quantities - mean,
variance (var), and mean crossing rate - are computed for all features and frames
[44]. This summarizes the information about gestures and low-level activities, e.g.,
the frequency of head rotations and strength of motion, and audio, e.g., changes in
loudness levels or own voice activation, on a routine level. Thus, for example, the
basics and physical routine can be distinguished by the level of activity. In contrast,
the transportation and social routine can be separated by the strength of speech
properties or occurrence of low-frequent noise.

To sum up, out of 22 low-level inputs three statistical measures are extracted
and 66 high-level features are returned. These attributes are normalized to zero

62



mean and unit variance by the z-score formula:

x̃ij =
xij − µx.j

σx.j

, (5.3)

where the normalization is performed attribute-wise on each sample xij plus the
mean µx.j

and standard deviation σx.j
parameters of each attribute are estimated

on the training samples. Afterwards, we apply feature selection (FS) methods for
the finding an optimal subset of features for the DRR [121]. Therefore, we first
preselect a subset of 30 features with the minimal-redundancy-maximal-relevance
criterion [122]. Then, we use the computational demanding wrapper-based approach
of sequential feature selection (SFS) on the subset in a feasible amount of time
[123]. SFS starts with an empty set of features and iteratively adds the feature,
which has the strongest increase of the recognition rate until a saturation point is
achieved. Then, the final feature representation is found. This is optimized on a
leave-one-person-out cross-validation scheme with a random forest classifier. After
the SFS, our final feature representation contains M = 16 dimensions for the routine
recognition.

For the Huynh data set DH, the low-level feature extraction is already done, since
the mean and standard deviation of each feature is calculated at a rate of 2.5 Hz
due to storage reasons. Afterwards, we apply the same three statistical quantities
in one-minute frames, which gives a 36D space. The time of day completes the
37D feature space and strongly improved the classification rates due to the very
repetitive structure of Huynh’s working days [9].

5.2 Classification Techniques

With the found ACC and audio properties in the feature vector x, we classify the
routine behavior and environments. Therefore, a set of classifiers is selected for the
supervised classification evaluation, which are computationally feasible to use in a
HA. The learning principles of all considered fixed offline classifiers are displayed in
Fig. 5.4 on the example of a two-class problem in two dimensions. In the following,
we introduce them and their specific training procedures. We perform batch learning
on the entire training data and apply the fixed classifier model on the unknown
test set for the evaluation. The training procedure depends on the chosen learning
algorithm, which can be split up into discriminative and generative techniques.
The difference lies in the learning goal. Discriminative approaches directly model
the decision boundary between the classes, whereas generative algorithms model the
probability distribution of the generated data to deduce the class label based on this
distribution. Formally, this is written as the maximum a posteriori (MAP) criterion
by the Bayesian decision theory [69]:

ĉ = arg max
j
p(cj|x), (5.4)

where the decision is made for the class ĉ having the highest posterior probability
p(cj|x) of all K classes C = {c1, . . . , cK}. It is reformulated by the class likelihood
probability p(x|cj), class prior probability p(cj), and data probability p(x) with the
Bayes rule:

ĉ = arg max
j

p(x|cj)p(cj)
p(x)

. (5.5)
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(a) The Näıve Bayes (NB) fits a Gaussian
density per class and feature as shown for
the Y component.
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(c) The Decision Tree (DT) splits the fea-
ture space by a Gini criterion.
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Figure 5.4: The overview and explanation of the main principle for each fixed offline
classifier from NB in (a) to DT in (d) on a synthetic binary classification task in
two dimensions X and Y.

The normalization factor p(x) can be ignored while finding the most probable class
or expressed to ensure the posterior probabilities add up to one by the sum rule:

p(x) =
K∑
i=1

p(x|cj)p(cj). (5.6)

The Näıve Bayes (NB) classifier follows the näıve assumption that the M = 16
different features of the vector x are independent of each other given the class [124].
Thus, the class likelihood can be expressed as a product:

p(x|cj) =
M∏
i=1

p(xi|cj), (5.7)

where a one-dimensional Gaussian density models the distribution of p(xi|cj). Thus,
we need to estimate the mean and variance parameter per feature and class as shown
in Fig. 5.4 (a) for a two-class problem on one attribute. The class prior is estimated
either with a priori knowledge or from the training data frequency.
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Figure 5.4: The continued overview and explanation of the main principle for each
fixed offline classifier from RF in (e) to SVM in (h) on a synthetic binary classification
task in two dimensions X and Y.

In contrast to NB, the Gaussian mixture model (GMM) does not assume
the independence between the features and models the likelihood by a mixture of a
multivariate Gaussian distributions [125]. In the example depicted in Fig. 5.4 (b),
two classes A and B are represented by two-dimensional Gaussian distributions with
a diagonal covariance matrix. In our case, we fit a mixture model of 8 Gaussian
components per class with a diagonal covariance matrix, which is optimized for
the tradeoff between the classification performance and computational load. The
parameter estimation of mean and covariance is solved with the iterative expectation
maximization (EM) algorithm [69]. Again, the MAP criterion is utilized for the
classification decision.

The discriminative decision tree (DT) represents a partitioning by splitting the
feature space in an axis-parallel way by optimal binary decisions of a Gini impurity
criterion [126]. An exemplary decision tree with its partitioning is illustrated in
Fig. 5.4 (c) and (d), where the two classes are separated by two splits. The Gini
impurity criterion of a node T is defined by
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Gini(T ) = 1−
K∑
j=1

[p(cj|T )]2, (5.8)

which counts the number of times a class occurs at this node. It has its minimum
of 0 if all instances fall in one class and its maximum if the instances are equally
distributed among the classes. Thus, for each node the feature that yields the highest
information gain is selected. The gain is defined by the reduction of parent, T , Gini
value minus the weighted impurity of the children nodes T1 and T2:

Ginigain = Gini(T )−
2∑

j=1

NTj

NT

Gini(Tj), (5.9)

where NT stands for the number of samples in the node T . The last node is the leaf
node, in which a decision for a certain class is made.

The random forest (RF) builds an ensemble of DTs and takes the majority
voting of these trees as the decision [115]. In Fig. 5.4 (e), we displayed the con-
struction principle of the ensemble learner for three trees. In the application, we
use 20 decision trees for the RF classifier, which is optimized for achieving a good
classification accuracy while being keeping the computational complexity low as
possible. To ensure that the deterministic tree induction produces different decision
trees, randomization is used. Therefore, for each tree only a subset of all samples is
considered by bootstrapping, i.e., every sample has the same chance to be selected.
After the bootstrapping, the same decision tree induction scheme like for the DT
is performed on each subset with one exception, that for each binary split only a
random partition of all features is chosen. In that way, it is ensured that all trees are
different and have a diverse knowledge (meaning partitioning of the feature space
into class decisions). This is preferable for the generalization abilities of the ensem-
ble classifier. That is why, the RF produces in several classification studies one of
the best outcomes [127]. Each DT has the same share in the majority voting and
the frequency of votes can be used as a soft score, i.e., it approximates the posterior
probability.

The multi-layer perceptron (MLP) is a fully-connected feed-forward neural
network with one hidden layer L = 1 shown in Fig. 5.4 (f) [128]. In case of multiple
hidden layers, it is called a deep neural network. The MLP consists of a number
of neurons, m = 100, per layer. The hidden layer performs a weighting of the
inputs x(0) plus adds a bias term b that is fed in a non-linear activation function
f : x

(1)
i = f(w

(1)
i · x(0) + b

(1)
i ). We use the rectified linear unit, ReLU, function

that returns the maximum of weighted inputs or zero: f(x) = max(x, 0). The
network output is generated by the so-called softmax function that converts the
output x

(L+1)
i = w

(L)
i · x(L) + b

(L)
i of (L+ 1)th layer to a soft score representing the

posterior probability:

p̂(cj|x) =
exp(x

(L+1)
j )∑K

j=1 exp(x
(L+1)
j )

. (5.10)

For the training the network, the weights and biases are randomly initialized and
then the iterative optimization adapts them. Thereby, the softmax output of the
forward pass is compared to actual posterior probability by the cross-entropy loss.
These results are fed back in the backward pass based on the derivatives with the
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Adam optimizer and a L2 regularization term to update the weights and biases [129].
Thus, the MLP iteratively trains a non-linear decision boundary with one hidden
layer, where 100 hidden neurons in this layer are a good tradeoff between complexity
and performance.

The k-nearest neighbor (kNN) predicts the class of the nearest neighbors by
finding the smallest Euclidean distance between the training examples and the test
sample. Thus, it follows the idea that close points within the feature space should
have the same label, since they share the same characteristics. Ideally, the different
classes are well separated in the feature space. To do so, kNN stores the training
data to compute the distance measure shown in Equation (3.5). Afterwards, the
k closest training examples are found, and the unknown class label is given by the
majority voting of all nearest neighbors. Since every neighbor has the same influence
(uniform voting) on the outcome, it can happen that more distant neighbors can
produce misclassified instances, in particular, for a larger value of k. We use k=5
neighbors to mitigate this effect. In the example depicted in Fig. 5.4 (g), this
situation happens, since the majority votes is for class A. Another way to cope
with this situation is to apply a weighted voting scheme, where the inverse distance
defines the voting share, and the highest voted class is selected. Therefore, closer
points have more influence, i.e., in the example in Fig. 5.4 (g) the weighted voting
leads to a decision for class B because of the very close neighbor. We tested both
voting schemes plus a number of values for k and the best combination is k=5 with
the uniform voting in terms of efficiency and classification outcome.

The support vector machine (SVM) is a binary classifier, which applies
a linear hyperplane as the decision boundary to separate the classes as shown in
Fig. 5.4 (h) [130]. The hyperplane is characterized similar to a MLP neuron by

wT · x + b = 0. (5.11)

The question is how to find an optimal hyperplane that generalizes well for unseen
class instances. It is assumed, that this hyperplane has a maximal margin to the
class instances, which is measured by the distance between the hyperplane and the
so-called support vectors. This works well if the problem is linearly separable like in
our example in Fig. 5.4 (h) and the maximal margin implies a small generalization
error. In non-separable cases, it is allowed that some instances are misclassified by
introducing slack variables. For a multi-class problem, the binary SVM classifier is
applied in a one-vs-all or one-vs.-one classification strategy, where the multi-class
problem is transformed in multiple binary decision problems. For a non-linear SVM
classifier, the so-called kernel trick is applied, where the data is mapped to a high-
dimensional feature space, in which the problem should be linearly solvable. A
common choice is the Gaussian radial basis function kernel, but the non-linear SVM
has a strong increase in computational complexity. Therefore, we apply the more
efficient linear SVM with a one-vs-all classification.

In this chapter, we compare the daily routine recognition performance between
the following previously classifiers with the applied parameters:

� decision tree,

� random forest ensemble of 20 decision trees,

� multi-layer perceptron with a hidden layer consisting of 100 neurons,
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Figure 5.5: Offline evaluation schemes groups the data set by person, random fold,
or day.

� k-nearest neighbor with k=5,

� Gaussian mixture model with a mixture model of 8 components per class and
a diagonal covariance matrix,

� Näıve Bayes with one Gaussian likelihood density per feature and class, and

� linear SVM with a one-vs-all classification.

5.3 Classification Evaluation and Experimental Setup

Evaluating the offline classification, the data set is split up in v parts as shown in
Fig. 5.5. Afterwards on v − 1 (black) subsets, the training is performed and on
the unseen v-th (red) set the predictions are made. This process is repeated for all
combinations, which gives a cross-validation (CV) scheme. Finally, the metrics
are computed over all subsets.

The three applied CV schemes, leave-one-person-out (LOPO), leave-one-
fold-out (LOFO), and leave-one-day-out (LODO), differ how they group the data
set. Hence, LOPO splits person-wise, LOFO groups them in five random subsets of
the same size and LODO makes one group per day for each subject. The LOPO
scheme assesses the recognition rate of a person-independent model. On contrary
to the LODO grouping, that is applied for a personalized training. As suggested
in [114] for the LOFO scheme, there might exist a possible bias. Due to random
split of the temporal data, neighboring samples can appear in different folds and are
likely to be highly correlated. This results in over-optimistic recognition rates. We
test if this bias is also present for high-level activities.

As it is typical in activity recognition, the measures,

� the confusion matrix summarized by four events: true positive (TP), true
negative (TN), false positive (FP), and false negative (FN),

� accuracy A = TP+TN
TP+TN+FP+FN

, and

� F1-measure as harmonic mean of recall TP
TP+FN

and precision TP
TP+FP

,
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are applied [44]. We use the class-averaged F1-measure and not the weighted version,
since the data set has a strong class imbalance shown in Fig. 2.4 and the overall
weighted performance would be dominated by the majority classes. That is why,
the reported F1-rates are expected to be lower than the weighted version, since the
class averaged F1-measure is independent of the class distribution [44]. Therefore,
the scores reflect better the minority class performances than the accuracy criterion,
which is affected by the class-imbalance and dominated by the majority class scores.
Thus, we can judge from the ratio between the two metrics how well a classifier is
doing in the overall performance as well as for the minority classes. This means
if a classifier has a stronger gap between the A and F1-measure, the model does
not recognize the minority classes well. However, if both metrics are on a par, all
classes are equally well detected. We use the confusion matrix for a detailed picture
of misclassified routine activities with the best-performing algorithms.

We use a statistical significance test to show that the performance differences
between two classifiers are not by chance but are statistically significant. The test
assumes that the CV scores are drawn from the same distribution and if we can reject
this null hypothesis, it means the differences in the scores are statistically significant.
We apply the non-parametric Wilcoxon’s signed-rank test that does not make a
distribution assumption on the results of the CV folds [131]. The hypothesis test
compares the cross-validation results of two classifiers. Therefore, each result per
fold is considered as a trial and the performance differences of the two classifiers are
computed. The absolute values of these differences are ranked and for each classifier
these ranks are summed, on which a classifier won. If the compared lower sum is
below a critical value, the null hypothesis is rejected. We apply a confidence level
of 5% that the performance of these classifiers is no different. Thus, one classifier is
significantly better than the other.

5.4 Classification Results

In the offline experiments on the D7 set, we analyze the A and F1 performance of
all classifiers based on three cross-validation schemes: LOPO, LOFO, and LODO.
Thereby, we assess the person-dependent and -independent classification rate and
look for a possible bias between the LOFO and LOPO CV schemes. The comparison
of various classifiers in the Table 5.2 states the very good F1 results of the MLP
network (78.7%) or the ensemble approach RF (79.2%) for the LOPO CV. To assess
the statistical significance of these results, the Wilcoxon hypothesis test is performed.
It shows that these two classifiers are significantly better than all others, but not
to each other. The most learners also perform well in a margin about 8% worse
except the density-based classifier NB, which is more negatively affected by the
class imbalance [132]. The kNN is on the third place with a medium distance up
to 4% to the MLP and RF, but it is followed in the range of 4-5% by the GMM
and SVM. Further reasons for the ranking are that the linear decision boundary of
the SVM is not complex enough to separate all classes. Thus, the MLP with a non-
linear boundary distinguishes better between the classes. The kNN classifier learns
by example and moderately generalize well over unseen data of different users. The
RF is superior to the DT, because ensemble approaches are in statistical advantage
over single learners [115].

To analyze the class imbalance effects, we compare the F1 results in Table
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Table 5.2: Results of offline classifier F1 performance [%].

CV SVM NB MLP kNN GMM DT RF

LOPO 70.1 65.9 78.7 75.2 71.2 69.0 79.2
LOFO 72.9 66.3 83.2 81.9 74.0 76.5 83.9
LODO 74.6 69.1 78.2 77.0 73.2 71.0 79.5

Table 5.3: Results of offline classifier accuracy performance [%].

CV SVM NB MLP kNN GMM DT RF

LOPO 78.8 73.2 83.2 80.7 77.1 74.9 83.8
LOFO 80.7 73.4 86.4 85.3 79.2 80.6 87.0
LODO 81.2 74.6 83.3 82.0 78.7 77.1 84.2

5.2 to the A rates in Table 5.3 for the LOPO cross-validation. The MLP and RF
classifiers have the smallest difference between F-measure and accuracy rate of 4.5%
and 4.6%, i.e., they are less affected by the class imbalance. In contrast the NB
and SVM learners, they have the largest difference of 7.3% and 8.7%, whereas kNN,
GMM, and DT are in-between with a difference of about 6%. The kNN is on the
third place in the LOPO accuracy ranking with a medium distance of 3% to the
best performers MLP and RF, but it is closely followed by the GMM and SVM.

As mentioned in [114], the temporal correlation bias between consecutive
samples in different folds boosts the F1 results of LOFO over LOPO CV in Table
5.2 in the interval of 0.4% to 7.5%, where the DT is affected the most. This bias
is smaller for the MLP network (4.5%) than for the ensemble method RF (4.7%),
but worse for instance-based classifiers like kNN (6.7%). The parametric density
estimation of NB (0.4%) and GMM (2.8%) is less affected by the temporal sample
correlation, since the parameter updates are aggregated over the whole training
data. This is also the case for the SVM parameterization of linear hyperplane and
further non-tested classifiers, which follow the same learning principle.

Furthermore, we compare the LOPO and LODO CV to assess the personal-
ization effect of the classifiers. The biggest F1 and A improvement of 4.5% and
2.4% has the SVM classifier and it is closely followed by the NB and DT with an
improved F1 rate of 3.2% and 2%. The DT has a similar accuracy enhancement of
about 2% like the SVM, whereas kNN, NB, and GMM closely follow by an improve-
ment of about 1.5%. The RF has the smallest F1 enhancement of 0.3%, whereas
the MLP slightly degrades its F1 performance, but the overall accuracy slightly im-
proves. Thus, the MLP improves the majority class performance while decreasing
the rate on the minority classes. The classifier ranking remains similar to the LOPO
case with smaller deviations. The Wilcoxon hypothesis test demonstrates that the
RF classifier is significantly better than all others in the personalized LODO cross-
validation. Therefore, we confirm the previous literature results [43, 66], where the
person-dependent model with (LODO) CV scheme performs better than the inde-
pendent one. This holds not only for low-level activities, but it is also valid for the
high-level routine activities.

The detailed results of best performer RF are presented by the confusion
matrix in Fig. 5.6, where the class-wise recall is shown in the rows. Obviously, three
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Figure 5.6: Confusion matrix of LOPO with RF.

of five classes are very well detected with over 88% of recall and they contribute as
majority to the high overall accuracy of 83.8%. The biggest confusion stems from
the listening class with basics (19.8%) and social (19.2%). This makes sense due to
the close relation between listening and social, where class transitions happen quite
often. Likewise, the difference between listening and basics is mainly detected due
to different audio characteristics, but for some situations they could be similar. For
example, there is a background conversation, and the subject does not want to follow
it. Thus, a possible source for the classifier confusion stems from this intention-based
scenery. Furthermore, the bigger mismatch of 22.4% between physical and social
happens since both classes could also be simultaneously active and then the user’s
intention decides. Here, specialized acceleration conversation or movement features
could deduce the motion behavior and the situational intention more precisely.

Additionally, we analyzed if less transmitted data due to the varying Bluetooth
data transmission, i.e., the missing feature problem, correlates with wrongly pre-
dicted samples. Therefore, a histogram with the number of transmitted samples per
segment window given the correct or wrong prediction outcome states that both dis-
tributions are nearly identical. Thus, the daily routine recognition on our statistical
features is robust to the missing feature problem.

5.5 Classification Summary

To summarize our findings in this chapter, we recognized the daily routine on our
data set D7 based on offline classification approaches. Therefore, we designed a
robust statistical feature representation and explained various classification tech-
niques. To evaluate the model performances, we introduced three cross-validation
schemes and compared the recognition rates on suitable metrics.
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Summary

� For the offline recognition on high-level activities, we confirm that the
person-dependent model is superior to person-independent classifier.

� We showed that the temporal sample correlation in different folds returns
over-optimistic results in the leave-one-fold-out cross-validation.

� We further demonstrated that the multi-layer perceptron and random
forest yielded the best F-measure of 78.7% and 79.2%.

� The remaining misclassified samples require a tailored motion represen-
tation to distinguish the intended behavior more precisely.
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Chapter 6

Improving the Daily Routine
Classification by Modeling the
Temporal Behavior

In this chapter, our goal is to improve the daily routine recognition (DRR) on
our data set D7, and the Huynh set DH by modeling the temporal behavior with
online and sequence learning methods. We use the efficient feature representation of
section 5.1 as a basis for the various online and sequence classification techniques.
The online methods in section 6.1 adapt the classification models over time based on
the incoming data stream, i.e., an offline trained person-independent start model is
personalized on daily updates that should enhance the recognition rates. This should
imitate the behavior of a real system application. In contrast to online methods,
the sequence classifiers in section 6.2 take into account the order of the routine data
to model the relationships between neighboring samples, which should improve the
temporal stability of the classification predictions and the performance. For both
scenarios, we perform a comprehensive classifier evaluation, where we compare the
model performances. Finally, the classification results are discussed and compared
to our expected improvement. The material introduced in this chapter is partially
taken from our publications [10, 11].

6.1 Adapting the Classification Models by Online

Learning

To adapt the daily routine classifiers, we introduce various online learning tech-
niques in section 6.1.1. The evaluation and experimental setup are explained in
section 6.1.2, which determines the online classification results in section 6.1.3. The
proposed procedure is only possible on the D7 set due to the multiple subjects are
needed in contrast to DT and DH sets.

6.1.1 Online Learning Techniques

For the online classification, the initial model is trained on all known subjects and
then personalized on the unknown test person P by daily online updates. The initial
training is performed in a leave-one-person-out (LOPO) manner and thus, it is called
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Online Classifier Pred Label Update

True Label Update

LOPO Data

♂ ♂ ♂ ♂

P Data Stream

♂

Start Model + Class Representatives

User Feedback

Figure 6.1: The online classifier adaptation starts with a person-independent LOPO
model and personalizes its model based on the true or predicted label updates of
the incoming personal data stream of test person P. The true labels need a user
feedback, where the predicted labels are the own model predictions. The LOPO
data refer to the training data of known subjects.

LOPO model. Then, the online learning methods adapt the classifiers, and the
principles of this process are shown in Fig. 6.1. Thereby, the online personalization
updates the classifiers based on the data of the new day in two ways either with
the true labels (”true update”) or the own predictions (”pred update”). For
the ”true update”, we assume the user annotates the new data, for example, in a
smartphone, whereas for the ”pred update”, the current model predicts the labels
of the new day and uses these for the training. Hence, we analyze if the classifier
can self-improve over time without a necessary user-feedback.

Unlike in the offline phase in section 5.2 with batch training, all classifiers are
trained in data chunks, where the first one consists of all known LOPO subjects,
and the remaining ones are the incoming data of the new test person P on a daily
basis. The one-day adaptation interval is chosen, since the daily routine activities
are conducted over a time frame of minutes to hours. In contrast to the daily adap-
tation, a shorter update interval would have a smaller number of existing instances
of different classes. Thus, we ensure a broader data variability of multiple existing
classes for each daily adaptation, which should ease the model generalization. In
doing so, we imitate the behavior of a mobile system in real life, where the updates
take place, for example, in a smartphone and only the adapted parameters are trans-
ferred to the HA. This is more computational- and energy-efficient than updates in
shorter intervals.
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in two dimensions X and Y. The old data is marked in gray, whereas the newly
incoming data chunks are in colors and are used to adapt the classifiers.

75



Since a recurring drift may occur, meaning stronger data distribution changes
due to different performed activities, e.g., between weekends and working days, we
need to ensure that the classifier does not drastically change or forgets too much
knowledge. This is achieved by adding representative feature points of the offline
LOPO data for each class to incoming personal data for each training update. To
find appropriate representative samples for each class, we use the k-means clustering
algorithm introduced in section 3.2.1, since it equally distributes the representative
samples over the space of each class. We optimized the number of centers to keep the
storage requirements low while preserving as much as possible the class knowledge.
100 centers per class showed the best trade-off. An additional benefit is that all
classes are present for each of the daily updates.

Furthermore, the classes are differently imbalanced across subjects as shown in
Fig. 2.4 and the online personalization addresses this issue by adapting the clas-
sification models. Additionally, the representative features for each class play an
important role in an imbalanced classification problem to separate the classes well
[133]. That is why, we choose the features calculated in section 5.1 in the data set
D7 to be informative and discriminative for these classes to optimally separate them.

Online Update Mechanisms

The learning principles of online classifiers are displayed in Fig. 6.2. Therefore, we
use the so-called partial or incremental fits of the MLP, NB, and SVM classifiers
[63, 134], i.e., the parameters of the neurons, Gaussian densities, and hyperplanes
are iteratively updated. Therefore, the MLP performs the same online forward and
backward passes on the personal incoming data of P as explained in section 5.2 for
the offline classification and is shown in Fig. 6.2 (a). Thereby, the weights and biases
of each node are updated.

The NB classifier updates the model parameters, mean and variance, of each Gaus-
sian likelihood per feature and class plus the prior distribution [135]. If we have N1

samples of one feature x1, x2, . . . , xN1 for the initial fitting and N2 samples of the
same feature xN1+1, xN1+2, . . . , xN for the parameter update, where in total we have
N = N1 +N2 samples. Then, the two means, µ1,N1 and µN1+1,N , are given by

µ1,N1 =
1

N1

N1∑
i=1

xi and µN1+1,N =
1

N2

N∑
i=N1+1

xi, (6.1)

which allows to compute the mean of all samples:

µ1,N =
N1µ1,N1 +N2µN1+1,N

N
. (6.2)

To calculate the variance σ2, we introduce the sum of squares, S1,N1 and SN1+1,N ,
for both subsets

S1,N1 =

N1∑
i=1

(xi − µ1,N1)
2 and SN1+1,N =

N∑
i=N1+1

(xi − µN1+1,N)2 (6.3)

and this allows to define the total sum of squares S1,N :

S1,N = S1,N1 + SN1+1,N +
N1N2

(N1 +N2)
(µ1,N1 − µN1+1,N)2 . (6.4)
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To derive the variance parameter for each class and feature, we need to normalize
the sum of squares by the number of samples N for a biased estimation or reduce it
by one to N − 1 for an unbiased estimate. In Fig. 6.2 (b) an example classification
of two classes A and B is shown, where the gray probability density functions (pdfs)
and class samples represent the results of the initial LOPO training. After the online
parameter update on the colored new samples, the pdfs are changed and slightly
shifted to the sides, since in the example only the mean component changed.

For the GMM, the adaptation of the mean parameter is used, since this is very
efficient and changing the covariance showed only a minor improvement [136]. As-
suming we have N1 samples for the initial model training of one class and N2 feature
vectors xN1+1,xN1+2 . . . ,xN for the update. For each of the m ∈ 1, . . . , L Gaussian
mean vectors, we determine the weighting or soft allocation factor λi(m) in the
interval [0,1] for each feature vector xi:

λi(m) =
wmN (xi|µm,Σm)∑L
j=1wjN (xi|µj,Σj)

. (6.5)

To update the mean vector µ
(new)
m of the m Gaussian components, the soft allocation

factor determines the influence of each feature vector on the new mean component:

µ(new)
m =

N1µ
(old)
m +

∑N
i=N1+1 xiλi(m)

N1 +
∑N

i=N1+1 λi(m)
. (6.6)

The linear SVM updates the hyperplane parameters of Equation (5.11) on the
incoming data stream based on a hinge loss and stochastic gradient descent scheme,
which shifts the hyperplane in space [130, 137]. The stochastic gradient descent is
defined by updating the weights

w(new) = w(old) − η∂E(w)

∂w
, (6.7)

where the new weights are the sum of the old weights and the negative gradient of
the error term times a learning rate factor η. An example is displayed in Fig. 6.2 (e),
where the two classes move away from each other, and the hyperplane adapts this
position to keep its margin.

In our own ensemble method, we combine the known Learn++ and online random
forest approach of [65, 66] by implementing a new extended RF technique with an
online adaptation mechanism, which adds and deletes ensemble trees over time as
shown in Fig. 6.2 (e). This adapts the model to a possibly instationary behavior
or interpersonal differences. The online RF is constructed as follows. The initial
model is trained with 10 trees and for each daily update, we train two additional
RF trees on the incoming data chunks. Thus, the adding mechanism includes new
knowledge in the ensemble. This adapts the classifier to recurring daily behavior,
like in weekends, by the daily training of new trees while preserving the old LOPO
knowledge, since we have more trees trained on the initial LOPO data. The online
training of new trees is performed in the same manner as for the offline RF trees
explained in section 5.2. The fixed baseline ensembles train 20 trees, which already
showed in section 5.4 a good classification performance. The forgetting mechanism
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checks the individual accuracy Ai of all T ensemble trees i ∈ 1, 2, · · · , T on the
incoming data and assumes the rates are Gaussian distributed. The mean µA and
standard deviation σA of all individual accuracy rates are computed. We apply a
modified z-score outlier criterion determining if a tree has a significantly weaker
performance than all other trees [138]:

Ai − µA < −2σA. (6.8)

If a tree is worse than minus two times the standard deviation of mean performance,
this tree is deleted, since it has worse a performance than approx. 98% of all other
trees. Therefore, the old non-appropriate knowledge is deleted, and the relative
performance of the ensemble is increased. The online RF has a variable number
of decision trees and starts with 10 of them. At the beginning, the number of
trees usually grows linearly since new knowledge about the previously unknown
test person is included in the ensemble classifier by the adding mechanism. In a
later stage, the forgetting mechanism removes more and more trees with outdated
knowledge based on the relative performance criterion in Equation (6.8). The final
ensemble had about 30 to 40 decision trees.

Setup of the Online Investigations

Furthermore, the online algorithms are compared to four baselines, which apply
the offline training procedure of section 5.2, fit(input data), and one variant uses
the online adaptation procedure of this section, adapt(input data). The training is
performed on the different input data variants, i.e., the varying training procedures
use the data of the known training subjects (LOPO data, ♂ ♂ ♂ ♂) or the training
data of the test person P (P data, /1 /2) or both as shown in Fig. 6.3:

� the person-independent, initially-fitted LOPO model is called: ”fit(LOPO)”,

� the person-dependent model that is only trained on the test person’s data:
”fit(P)”,

� the combination of both personal and LOPO data in one model fit:
”fit(LOPO+P)”, and

� the person-independent classifier that is fine-tuned by the personal data:
”fit(LOPO)+adapt(P)”.

The fit(LOPO) model is the lower bound for the online updates, since the initially-
fitted LOPO model should be improved by the online training. The other three
baselines denote the upper bounds for an algorithm, which should be the maximal
possible improvement for the incremental training. We have three procedures to find
the upper bounds and we compare them to figure out, which one is optimal learning
procedure for a specific classifier. Thus, if a learner solely performs better on the
personal data P or can leverage a higher predictive power from a greater amount of
training data by adding the personal-independent LOPO data. Thereby, we cross-
compare if it is more beneficial to train the classifier in one model fit, fit(LOPO+P),
or fine-tune the initial LOPO model on the personal data, fit(LOPO)+adapt(P).
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LOPO Model Test Person P

♂ ♂ ♂ ♂ ♂
Personalization

Training Sequence 1 /1 /2 /
(1)
3

Training Sequence 2 /2 /1 /
(2)
3

Figure 6.3: Online evaluation scheme is a combination of a leave-one-person-out
(LOPO) and leave-one-day-out (LODO) cross-validation, i.e., first the scheme it-
erates over the subjects and then over the days of the current test person P. This
means the model is initially trained on the person-independent LOPO data and then
personalized in daily updates on the data of the test person P. The training data
of LOPO subjects and test person P are marked in black and test days of person
P are in red. Two repetitions of training sequences 1 and 2 with the same test day
are shown. The cross-validation repeats then all combinations for the test days and
subjects.

All experiments are done in MATLAB R2019b in conjunction with classifiers
from the Python library scikit-learn 0.22.2 [134]. For all methods, the made changes
from the default parameters are explicitly mentioned. We implemented the online
RF and GMM classifiers in MATLAB with the fitting functionality of Python for
the RF trees and GMM probability distribution.

6.1.2 Online Learning Evaluation and Experimental Setup

Evaluating the online classification, we use a combination of LOPO and LODO
scheme shown in Fig. 6.3. First, the LOPO model is initially fitted on v − 1
known subjects and the unseen v-th subject is test person P, on which the online
personalization is performed. Therefore, the daily training updates are done on the
training days /1, /2 and the recognition rate is reported on the fixed test day /3

for each step. To further analyze the influence of training day order, we test all
permutations of the training sequences as seen in Fig. 6.3. For the example of
three days, the two possible training sequences /1, /2 and /2, /1 are displayed
with a fixed test day /3. These training days /1 and /2 are the personal data
of P, which is used to train three baselines. Of course, the performance metric is
always estimated on the fixed unseen test day /3 and is averaged over all repetitions
(/

(1)
3 ,/

(2)
3 ). Again, as in the LODO scheme, all day permutations are simulated,

and the results averaged over all combinations. Afterwards, the online simulation
is repeated for all subjects and the final performance is averaged over all outcomes.
Therefore, we summarize the calculations for the final online results in Table 6.1
and 6.2 plus show the computations on the example of Fig. 6.3:

1. average performance over the training sequences (/
(1)
3 ,/

(2)
3 ),

2. average performance over the test day combinations (/1,/2,/3), and
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3. average performance over the test person combinations (♂1,♂2,♂3,♂4,♂5).

To evaluate the three offline baseline approaches with personal data P, we use a
combination of LOPO and LODO scheme shown in Fig. 6.3 except we are not aver-
aging over different training sequences. The reason is that for the offline approaches
the order of training days is not considered. For the lower baseline of the fit(LOPO)
approach, a LOPO scheme is used.

As the performance metrics for the online simulations, we use the accuracy A
and class-averaged F1 measure introduced in section 5.3, since the data set has
a strong class imbalance shown in Fig. 2.4. As mentioned, the ratio between the
two quantities discloses the minority and majority class performance. Due to the
different classifier training and evaluation procedures, the offline and online results
cannot be directly compared.

6.1.3 Online Learning Results

In the online simulation on the D7 set with seven subjects, we assess a possible A
and F1 performance improvement compared to the before introduced four baselines.
This improvement is achieved by the daily model personalization updates of the
initial person-independent LOPO model trained on six known subjects. The online
training procedure is shown in Fig. 6.1 and works on the incoming either with the
true user labels (true update) or own model predictions (pred update). The online
simulation results are dependent on the training sequences. One example of the
online optimization over the nine training days for one unseen test person is
depicted in Fig. 6.4. The graph shows the mean hold-out performance of one fixed
test day over the various daily training updates with true or predicted labels and
a confidence interval of one standard deviation (std). Thus, this exemplary test
subject has in total 10 recording days and one day is the test day in each cross-
validation step. The final performance is then taken as average over all sequences
after the last training day. Obviously, the training updates improve the recognition
outcomes for true and predicted labels. These results depend on how similar the
training days and the test day are so far, which also contributes to the seen std and
it slightly grows during both updates. For training updates with the own classifier
predictions, the results depend on whether the initial LOPO model is precise enough
for the self-improvement. Otherwise, the model cannot improve or even degrade its
performance, where no example is shown. This confirms the previous study of
[65], which stated that the initial classifier model needs to have a certain level of
performance to allow self-improvement during online learning.

Afterwards, the procedure is repeated for all combinations of test days and the
performances are averaged. Then, the final online F1 and A results are obtained
for all classifiers in Table 6.1 and 6.2 by averaging over all subjects. For NB only
the true label updates are able to improve the results over the initial LOPO model
performance by F1 and A rates of 0.5% and 0.3%. In contrast to the GMM, it
slightly enhances both online updates in the accuracy measure and the F1 rate stays
constant except for the pred update with a small degradation of -0.1%. Thus, the
GMM improves the majority class detection, whereas the SVM only recognizes the
minority classes better. This is shown by the strong F1 improvements of 2.4% and
1.1% for true and pred updates, but the accuracy measure decreases by -0.4% and
-1.9%, i.e., the majority class detection is worse. The MLP classifier is not able

80



1 2 3 4 5 6 7 8 9
Time [day]

86

87

88

89

90

91

92

F
1
 [%

]

pred update
true update

Figure 6.4: Mean hold-out performance of multiple training day sequences with
a confidence interval of one standard deviation for the online RF classifier of one
subject and test day.

Table 6.1: Results of online classifiers F1 performance [%], where the best baseline
is in bold, and an improved online algorithm is cursive.

Training Classifier GMM MLP NB RF SVM

Upper Baselines
fit(LOPO+P) 71.0 77.9 65.1 78.4 69.6
fit(LOPO)+adapt(P) 70.1 76.6 65.1 77.8 71.6
fit(P) 71.6 75.4 68.1 76.8 71.5

Online
true update 70.0 75.8 65.3 77.2 70.6
pred update 69.9 75.4 63.8 76.5 69.3

Lower Baseline fit(LOPO) 70.0 76.3 64.8 75.6 68.2

Table 6.2: Results of online classifiers A performance [%], where the best baseline
is in bold, and an improved online algorithm is cursive.

Training Classifier GMM MLP NB RF SVM

Upper Baselines
fit(LOPO+P) 78.1 84.4 73.4 84.9 80.1
fit(LOPO)+adapt(P) 77.4 83.8 73.4 84.6 81.5
fit(P) 78.3 82.6 74.2 83.7 81.0

Online
true update 77.5 82.5 73.5 83.8 78.6
pred update 77.4 81.8 72.1 83.2 77.1

Lower Baseline fit(LOPO) 77.3 83.2 73.2 82.8 79.0

Table 6.3: Standard deviation of different training day sequences averaged over all
subjects (F1 [%]).

Classifier GMM MLP NB RF SVM

pred update 0.006 0.916 0.080 1.762 1.952
true update 0.005 2.564 0.000 1.520 3.796
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to improve with both online updates. The best online and overall algorithm is the
RF. It significantly improves its performance for both metrics and updates, i.e., the
RF strongly enhances the F1 and A rates up to 1.6% and 1%. Thus, the RF is the
only classifier that profits from the online adaptation with a better minority and
majority class detection. Therefore, the own model predictions are reliable enough
that some classifiers can self-improve their performance.

The online adaptation process has some room for improvement in comparison
to the three personalized upper baselines. For example, for the best online
classifier, RF, the possible gain in F-measure and accuracy is 1.2% and 1.1% by
comparing the true label update and the fit(LOPO+P) baseline. Therefore, these
batch learning schemes with personal data perform better than the online updates,
since the interday variations are high and different activities are carried out on sev-
eral days. Thus, learning with more present classes and activities generalizes better
over unseen data, which we partially addressed by adding the class representatives
during the online training. Therefore, possible improvements can be made here in
future investigations. The highest baseline for the GMM and NB are the personal-
ized models (fit(P)) with solely the data of the person of interest. In contrast to the
MLP, RF, and SVM classifiers, where the model improves more by having more data
even from other subjects (fit(LOPO+P) and fit(LOPO)+adapt(P)). This training
method generalizes better for these classifiers and marks the upper bound for the
possible online improvement. For the NB, the order of fitting does not matter, since
it updates only its count statistics and densities. That is why, fit(LOPO)+adapt(P)
and fit(LOPO+P) have exactly the same performance of 65.1% for the F1 score, but
the true update is slightly improved by adding the class representatives during the
online training.

Further analysis of the training sequence impact is depicted in Table 6.3,
where the std of recognition rates over all training sequences is computed after the
last update per person and is averaged over all subjects. Obviously, the GMM
is stable with a very low std of 0.005% to 0.006%, since it only shifts the mean
component. This update is independent of the order, because the vector sum is
associative. The MLP has a 0.916% smaller std for its own predicted labels than
true ones, because the model makes consistent predictions, but not necessarily right
ones. This is also the case for the SVM. The linear hyperplane updates are more
influenced with a std up to 3.796% by the order of training days, since the interday
variability of different classes is also high. Thus, the hyperplane shifts are too
sensitive with a small amount of data and do not generalize well. For the NB again,
it updates only counts, where the order does not matter for the same result with the
true labels. Thus, the standard deviation is very close to zero, but not exactly due to
numerical reasons. But when using their own model predictions, the order slightly
changes the models over time. Thus, the predictions produce the different count
statistics, which explains the slightly higher std of 0.080%. The RF std is similar
to the MLP, which comes from the used model construction. Since the RF has an
inherent randomization by the data bootstrapping and random feature selection,
the outputted trees are always different, which results in a slight std about 1.5%.

The systematic analysis of the interday class prior variability in Fig. 2.6
in section 2.3.2 shows that the distribution of daily class prior strongly changes
across days. Thus, for example, the basics class has a highest range from 0% up
to 70% with a medium value of 41.8%, i.e., on some days it does not occur at all,
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but on other days it clearly is the majority of the routine activities. These high
differences in the class priors across days create the previously mentioned challenges
for the detection algorithms and hinder an easy adaptation to this non-stationary
process. According to [61], these changes are the so-called concept drift, which can
occur suddenly, reoccurring, or incremental. In our case, the most relevant changes
happen on a recurrent basis, since a weekend with lots of free time activities strongly
differs to a workday in office. A sudden change typically follows an event, e.g., an
accident, which makes sport exercises impossible. That is why, the class distribution
suddenly changes, whereas incremental drifts occur over a long period. For example,
a new habit is established and every day the portion of sport exercises is slightly
increased. Therefore, we do not observe any sudden nor incremental drifts.

To summarize the findings on online learning for daily routine recognition,
it significantly improves the recognition performance of the random forest for the
true and predicted label update. For other classifiers, the improvement effect is less
strong, since the initial fitted start model is not as precise as for the RF. Thus, the
online learning is, in particular, beneficial for the RF classifier with both updates and
the person-independent start model. Obviously, the enhancement is stronger with
the true user feedback than the self-improvement with the own model predictions. A
recommended application would be a combination of both updates by incorporating
the certainty of prediction, namely the posterior probability, to only ask for a user
feedback if the classifier is uncertain [139].
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Latent l1 l2 l3 lN

Observed
x1 x2 x3 xN

. . .. . .

Figure 6.5: The HMM classifier decodes the latent state sequence generating the
observed data.

6.2 Modeling the Temporal Daily Routine Tran-

sitions by Sequence Learning

To model the temporal relationships of neighboring samples, we introduce various
sequence learning techniques in section 6.2.1. These approaches can exploit the re-
curring temporal sequence of the daily routine situations and environments. The
routine activities have a temporal correlation in their feature space as well as in
the respective routine class. These patterns repeat over time. That is why, the ex-
pected benefit of sequence classifiers is a higher temporal stability of the predictions
in comparison to the online learning, which should result in an improved classifica-
tion. The evaluation and experimental setup are explained in section 6.2.2, which
determines the sequential classification results in section 6.2.3.

6.2.1 Sequence Learning Techniques

With the found feature vector x of section 5.1, we classify the routine behavior
and environments by exploiting the sequence characteristics. Consequently, we
take advantage of the time correlation of feature vectors x1,x2, . . . ,xN and labels
l1, l2, . . . , lN during the learning process, where a label l is chosen out of the K classes
C = {c1, . . . , cK} for all of the N samples. For this task, the sequence learners, hid-
den Markov model (HMM) with different observation models and long short-term
memory (LSTM) network, are selected for the evaluation, which are computation-
ally feasible to use in a HA. We perform sequence learning on the entire training
data and apply the fixed model on the unknown test data for the evaluation.

HMM describes the observed temporal sequences of feature vectors as outcomes
of hidden states generating these observations as shown in Fig. 6.5 [69]. Since in our
supervised case the hidden states correspond to the classes, the HMM is represented
by the joint probability distribution [140]:

p(l1, . . . , lN ,x1, . . . ,xN) = p(l1)
N∏

n=2

p(ln|ln−1)
[

N∏
n=1

p(xn|ln)

]
. (6.9)

This simplifies the learning procedure of the three quantities on the training data:

� The initial probability distribution p(l1) describes the probability to start
in a certain class. This is set to the uniform distribution with probability 1

K
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that the observation model solely determines the class decision for the first
sample, i.e., p(l1,x1) = p(x1|l1)

K
. Alternatively, p(l1) can be determined by the

class prior p(l), which is estimated by the frequency of class labels.

� The transition probability aij = p(ln = cj|ln−1 = ci) defines the probability
to switch from class ci to cj and is estimated by the maximum likelihood (ML)
approach. That means the expected number of transitions from ci to cj is
divided by the expected number of times ci occurs. Two example transition
graphs are shown in Fig. 6.12 and 6.16.

� The observation probability p(xn|ln) expresses the class likelihood that a
feature vector is generated by a class.

We use three different models to generate the observation probabilities, which
are the following classifiers trained in a supervised learning scheme and the same
parameters explained in section 5.2:

� random forest ensemble of 20 decision trees,

� multi-layer perceptron with a hidden layer consisting of 100 neurons, and

� Gaussian mixture model with a mixture model of 8 components per class and
a diagonal covariance matrix.

These classifiers decide for the routine class that has the maximal posteriori proba-
bility p(ln|xn). Hence, we compare the recognition performance of the sole classifier
model against the combination with an HMM. To apply these classifiers as observa-
tion models in Equation (6.9), we need to convert their output to the class likelihood

p(xn|ln) =
p(ln|xn)p(xn)

p(ln)
(6.10)

via the Bayes rule [141]. The evidence term p(xn) is a constant and can be ignored
in the decoding of the most likely class sequence, which is given by

arg max
l1,...,lN

p(l1, . . . , lN ,x1, . . . ,xN). (6.11)

According to [69], the Viterbi algorithm decodes the most likely sequence by setting
(6.10) in (6.9), taking the logarithm, and ignoring constant factors:

log p(l1, . . . , lN ,x1, . . . ,xN) ∝ (6.12)

N∑
n=2

log p(ln|ln−1) +

[
N∑

n=1

log
p(ln|xn)

p(ln)

]
,

which can be rewritten in a recursive way:

ω(ln+1) = log
p(ln+1|xn+1)

p(ln+1)
+ max

ln
[log p(ln+1|ln) + ω(ln)] (6.13)

with initialization ω(l1) = log
p(l1|x1)

p(l1)
.
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This allows to find the most likely sequence for each time step and the optimal
sequence is found by backtracking the gone steps. For an optimal performance, we
stored the sequence of one day and did the backtracking on this sequence. In a
future online application, storing of longer sequences is not possible due the high
memory load. That is why, an online variant or a short-term Viterbi decoder need
to be used [142, 143, 144].

LSTM is capable of learning long-term relationships in data sequences [71, 72].
To do so, the LSTM can memorize information over sequential time steps by intro-
ducing a cell state vector cn and hidden state vector hn as its output [145]. The
information can flow through the network as shown in Fig. 6.7 by the cell states,
which can be updated by the forget gate output fn, cell candidate output gn, and
input gate output in:

cn = fn � cn−1 + gn � in, (6.14)

where � denotes the Hadamard product (element-wise multiplication). The forget
gate controls how much information of the previous cell state is kept and forgotten,
whereas the cell candidate and input gate include new information of the current
sample xn to update the cell state. The cell state vector allows with the output gate
output on to define the output of the LSTM hn:

hn = on � tanh(cn). (6.15)

Therefore, the LSTM has three separate processes – forget, update, and output –
to control the information flow and memorize the temporal relationships in the data
sequences. For each gate and the cell candidate, the input and hidden state vector
xn and hn−1 are multiplied by the weights and a bias term is added. Afterwards, a
sigmoid activation function σg is used for the gates and tanh activation is applied
for the cell candidate:

fn = σg(Wfxn + WR
f hn−1 + bf ), (6.16)

in = σg(Wixn + WR
i hn−1 + bi), (6.17)

on = σg(Woxn + WR
o hn−1 + bo), (6.18)

gn = tanh(Wgxn + WR
g hn−1 + bg), (6.19)

where the trainable parameters are the biases b., weights W. and WR
. for the gates

and the cell candidate.
We test these long-term memory capabilities in the routine domain, where activi-

ties last for longer periods of minutes to hours. To evaluate these recurrent networks,
we need to specify the network architecture and further hyper-parameters such as
the number of neurons per layer. Thus, we analyzed the effects of a fully-connected
(FC) pre-layer and post-layer around the LSTM layer with a softmax output unit,
which is illustrated in Fig. 6.6. Hereby, we varied the number of neurons for all lay-
ers in a range from 32 to 128 units. After an empirical architecture evaluation with
a L2-regularization to decay the weights, an Adam optimizer, and an early-stopping
criterion, the LSTM layer started very early to overfit and learned the training data
by heart if it contained too many neurons. Thus, we optimized the final architec-
ture and the number of neurons to learn the sequence relationship while keeping the
network as small as possible to avoid overfitting. The results show that the net with

86



FC Pre-layer LSTM FC Post-layer Softmax
Input Output

Figure 6.6: The LSTM network consists of a fully-connected (FC) pre-layer and
post-layer around the LSTM unit plus a softmax output stage.
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Figure 6.7: The LSTM unit is shown for one-time step, where the overlapping lines
of input xn and hidden vector hn−1 stand for a concatenation [xn; hn−1]. The unit
has three gates: forget f , input i, and output o plus the cell candidate g to control
the information flow through it and update on new input data.

64, 64, and 32 neurons for pre-layer, LSTM-layer, and post-layer is the best and we
use this network for our evaluation.

We performed the experiments in MATLAB R2019b and used the LSTM (from
the deep learning toolbox), self-implemented HMM and GMM classifiers with the
fitting functionality of Python library scikit-learn 0.22.2 for the MLP network, RF
trees, and GMM probability distribution [134].

6.2.2 Sequence Learning Evaluation and Experimental Setup

For the supervised sequence evaluation, we assess the model performance based
on a cross-validation (CV) scheme. Since the Huynh data set only contains one
person, we can only perform a leave-one-day-out scheme, i.e., the personalized model
capabilities are evaluated on the seven weekdays. In contrast, in the D7 data set we
can assess the model generalization abilities across the seven subjects with a leave-
one-person-out scheme. In general, a personalized model has a better performance
than a person-independent one [44], which we also showed for the high-level daily
routine recognition in section 5.4 [10]. We are interested in the model generalization
abilities of sequence models across multiple subjects. To deal with the strong class-
imbalance in both data sets, we require recognition metrics that make it obvious if
the classifier ignores the minority classes [146]. Thus, we compute the confusion
matrix, the accuracy (A), and the class-averaged F-measure F1 introduced in
section 5.3.

To further consider the temporal order of the predictions and ground truth, we
apply the segment error assignments of [147]. It defines a segment as a change in
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Figure 6.8: The segment error types are shown for a binary classification example
with the ground truth (GT) and an output of a classifier. The vertical dashed lines
denote the segment boundaries, and the red rectangles mark the erroneous segments.
For the exemplar segment error calculation in Table 6.4, the length of each segment
is given in the number of samples.

the ground truth or prediction output. Thus, the three error types are computed as
illustrated in Fig. 6.8:

� Insertion is a wrong class transition at the start or end of a segment or
fragments a segment of the same class in parts. For example, before or after a
social class segment, the classifier wrongly predicts a physical segment instead
of transportation or within a social segment the predictions change to the
listening class. Thus, a high number of insertions means a classifier is not
stable in time and often changes its predictions between the classes.

� Overfill is a segment that extends a ground truth segment over its boundaries,
i.e., a class segment starts too early or ends too late. That is why, a high
number of overfills stand for a classifier that changes its predictions too less.

� Merge is a special case of an overfill, where between two occurrences of the
same class no change to another class happens. For example, the ground truth
has a sequence of social, listening, and social, but the classifier just outputs
social.

Since the segments in both data sets have a variable length, we normalize the
three error types per sample duration and not per number of segments, which would
be misleading, since the variable segment lengths have a different weight. Since we
face a multi-class problem, the output is a special kind of confusion matrix, the so-
called segment error table. That is why, we simplify the analysis by summing up the
error patterns over all classes. Therefore, we do not distinguish if, e.g., an insertion
error happened for one class and not the other. Thus, the sum of these three segment
errors is 1 minus the accuracy value. Based on the three segment errors, we can judge
a classifier’s tendency to change the predictions over time a lot or be stable. An
exemplar segment error calculation is explained in Table 6.4 based on the classifier
output in Fig. 6.8. It shows as mentioned the misleading effect of a variable segment
length on the output of the segment error calculation normalized by the number of
segments. For example, only 5 samples have a merge error representing only 2.5%
of the total sample duration, but the proportion normalized by segments would be
6.25%. That is why, we use the sample duration for the normalization to avoid the
over-weighting of short segments.
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Table 6.4: Exemplar calculation of the segment errors of Fig. 6.8.

Type Sample duration Percentage # of Segments Percentage

Insertion 30 15% 3 18.75%
Merge 5 2.5% 1 6.25%
Overfill 10 5% 2 12.5%
Correct 155 77.5% 10 62.5%

Sum 200 100% 16 100%

6.2.3 Sequence Learning Results

The DRR results for the LSTM and HMM sequence learners with three observation
models are compared against the performance of classifiers without exploiting the
temporal relationship on two data sets, Huynh and our set D7.

Huynh Set

Starting the leave-one-day-out CV analysis on the Huynh set with acceleration data
and the time of day feature, we show the personalized classifier evaluation with
recognition rates and segment error analysis plus the confusion matrix of the best
performing algorithm in Fig. 6.9, 6.10, and 6.11. We first analyze the performance
of the non-sequence classifiers used as the HMM observation models in
Fig. 6.9 without modeling the sequence relationships, and then check for a possible
improvement marked as the red bar by sequence learning approaches. It is obvi-
ous that the RF classifier is the best non-sequence learning model with an F1 and
accuracy performance of 86.6% and 93.0% compared to GMM and MLP with an
accuracy of 87.8% and 87.4%. However, they both have detection problems with the
minority classes resulting in a lower F1 rate of 71.8% and 75.4%, since the minority
classes strongly overlap within the ACC space. The MLP has a higher capability
to model a complex decision boundary than the GMM, which explains the better
minority class detection. In this case, further features such as audio could ease the
detection problem. The reason for the big performance gap between the classifiers is,
that the decision trees of the RF can effectively profit from the time of day feature.
The decision trees can derive rules like from 12 a.m. to 1 p.m. it is lunch, because
the Huynh set has a very structured daily routine.

After adding the HMM sequence learner to the three classifiers, all metrics
improve, which is shown by the red bar in Fig. 6.9. The GMM-HMM classifier has
the smallest F1 and A increase of 1.2% and 1.1%, because it has the most problems
with the class overlap in the feature space. Then, the RF-HMM combination follows
and strongly improves by 5% and 2.8%. The MLP-HMM classifier nearly doubles
both metrics by 10.2% and 5%. However, the MLP model starts from a lower level
of correct decisions than the RF. Thus, adding the HMM gives more possibilities
to smooth out erroneous class transitions. In an overall comparison, the RF-HMM
combination is the best classifier even compared to the LSTM, which has an F1

and A margin of 13.9% and 9.4% compared to the best. To enhance the LSTM, the
amount of training data needs to be increased for a better model generalization. The
ranking stays the same as without the sequence modeling since the classes overlap
too much within acceleration feature space and RF is the only classifier that can
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Figure 6.9: Classifier performance evaluation on Huynh set, where the red bar de-
notes the improvement of an algorithm by adding the sequence learner HMM.
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Figure 6.10: Classifier segment error evaluation on Huynh set.

effectively exploit the time of day feature.

In comparison to the prior work of Huynh [18], we outperform both of his
methods, GMM-HMM and TM, with an F1 rate of 64.6% and 74.3%, i.e., our GMM-
HMM and RF-HMM have an F1 rate of 73.0% and 85.6%. The high margin is a
result of our well-performing high-level feature representation and the appropriate
window length of 1 minute, where Huynh used a length of 30 minutes.

Analyzing the time behavior of predictions, the results of the segment eval-
uation are depicted in Fig. 6.10. The main source of errors are insertions with
the highest number of cases for the non-sequence classifiers, GMM and MLP, with
11.7% and 11.8%. Adding the HMM highly decreases the insertion percentage by
2.2% and 5.7% while slightly increasing the overfill error by 1% and 0.4%. Thus,
the stability of classifier predictions is improved as expected, which increases the
number of overfill events. This is also the case for the RF, which has a similarly
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Figure 6.11: Confusion matrix of the best-performing RF-HMM sequence learner
on Huynh set.
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Figure 6.12: Transition graph of first CV fold on Huynh set [%].

low quantity of insertions like the MLP-HMM and even lower for the RF-HMM
with the best result of 9.5%. The reason is that the decision trees of the RF can
efficiently deal with the time of day feature, which has a very high predictive power
for the Huynh set due to the structured daily work routine. Merge errors only occur
for the RF, RF-HMM, and MLP-RF with a small percentage of 2.7% to 6.2%, be-
cause of the mostly long class duration, which makes it difficult to merge segments.
The LSTM has the worst performance with the biggest overfill error of 5.1% and a
medium insertion error of 8.5%, since it has a strong tendency to stay with its class
predictions over a longer period and changes them too less. Therefore, the sequence
learning approaches improve as expected the temporal stability of the predictions.
In some cases, the temporal stability is too strong for the LSTM algorithm.

Furthermore, we analyze in detail the confusion matrix of the best-performing
RF-HMM, where the class-wise recall is shown in the rows in Fig. 6.11. The majority
class, ”work”, is particularly well detected with a high recall of 98.7%. Only a few
errors occur due to other situations, which also consist of seated activities, e.g.,
lunch or dinner, since the activity patterns of the ACC data are very similar. Here,
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different sensors could be beneficial to distinguish these kinds of situations. Some
confusions, such as between lunch and commuting or dinner and lunch, do not
happen, even though they could have similar activity patterns. This is the case,
since Huynh’s working routine is very structured and the classes contain an implicit
time order: commute, work, lunch, work, commute to dinner. This knowledge is also
present in the transition matrix of the HMM, since some transitions, e.g., lunch to
dinner, do not happen. To show this switching behavior between the classes, we plot
the transition graph of the first cross-validation fold in Fig. 6.12, where the weight
of a transition parameter aij is displayed as the thickness of an arrow. No transition
event between two classes corresponds to no arrow in the graph, e.g., between lunch
and commuting. Obviously, the strongest transition is staying in the same class, e.g.,
97.3% for dinner, i.e., the probability mass is strongly concentrated on the diagonal
elements of the transition matrix due to the long duration of routine events. Thus,
the duration density for each class is uniformly distributed with a small spread.
Therefore, it is not optimal for an HMM, which models the transitions to decay
exponentially [69]. The only exception occurs for commuting that has a peak at the
typical period.

Our Data Set

On the contrary to the Huynh set, we perform a leave-one-person-out CV and test
the person-independent model generalization across subjects on the acceleration and
audio data. The results of the classifier evaluation are depicted in Fig. 6.13 and
6.14 as well as the confusion matrix of the best performing algorithm in Fig. 6.15.

Again, we start the analysis with the performance of the non-sequence
classifiers in Fig. 6.13 that are used for the observation models. Afterwards, the
possible gain of sequence modeling is assessed. The RF classifier is the best non-
sequence learning model with an F1 and accuracy performance of 79.4% and 83.9%.
These rates are slightly superior to MLP with 78.6% and 83.2%. The GMM lies
within a margin of 6 to 7% in both metrics. In comparison to the Huynh results, we
see a lower overall performance due to the person-independent training and the more
complex problem. The minority class recognition works relatively better because of
the smaller difference between the accuracy and F1 metrics. Here, the rich audio
features are beneficial to distinguish the routine classes.

To assess the gain of sequence modeling, we use the three classifiers as obser-
vation models for the HMM and all metrics strongly improve about 4 to 7%. Thus,
the best non-sequence classifier, RF, enhances the rates about 4% by including the
HMM, whereas the GMM-HMM gains an upgrade of almost 5%. The MLP-HMM
has the strongest F1 and A improvement of 6.7% and 5.4%. Thus, the MLP-HMM
combination is the winner even against the LSTM, which has an F1 and A margin
of 3.8% and 3.5% compared to the best. To enhance the LSTM performance, the
amount of training data needs to be increased for a better model generalization.
Additionally, the sequence training in mini-batches could be further optimized. Ac-
cording to [72], training on long sequences can be problematic, since a sufficiently
large LSTM may memorize the entire sequence resulting in a bad model generaliza-
tion. We analyze the long-term memory effect by visualizing the output scores of
the LSTM and notice a stronger tendency to stay with its class predictions over a
longer time interval.
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Figure 6.13: Classifier evaluation on data set D7, where the red bar denotes the
improvement of an algorithm by adding the sequence learner HMM.

Analyzing the time behavior of predictions, the results of the segment eval-
uation are depicted in Fig. 6.14. The main source of errors are insertions with the
highest number of cases for the non-sequence GMM classifier with 20.9%. Adding
the HMM to the GMM, it highly decreases the insertion percentage by 6.8% while
slightly increasing the overfill error by 1.7%. Thus, the GMM-HMM has a similar
level of insertion errors like the RF and MLP of about 14-15%. The RF and MLP
including the HMM strongly decrease the insertions by 9.1% and 9.5% while enhanc-
ing the number of overfills by about 4%. Thus, the stability of classifier predictions
is improved as expected, which increases the number of overfill events. The best
overall performance is achieved by the MLP-HMM. Merge errors only occur for the
RF and the sequence learners with a small percentage of 0.2% to 2.2%. The LSTM
has a medium overfill performance of 4.2% and a medium insertion error of 10.5%,
since it has a strong tendency to stay with its class predictions over a longer period
and rarely changes.

Furthermore, we analyze in detail the confusion matrix of the best-performing
MLP-HMM in Fig. 6.15. Obviously, the two majority classes, social and basics,
and transportation are very well recognized with a recall over 90% and contribute
to the high overall accuracy of 88.1%. They are mainly distinguishable through
audio characteristics, such as low-frequency car noise or own voice activation. In
contrast, the strong confusion between listening and basics (16.4%) or social (14.8%)
stems from the high similarity within the audio features and the strong dependency
of the reference class on the subjective user intention. This means a background
conversation can be either listening or basic depending on if the subject wants to
follow it. Additionally, it can quickly change to social if the subject decides to
participate in the conversation. Thus, we have many transitions between these
classes and, in general, all routine transitions are possible, which is different to
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Figure 6.14: Classifier segment evaluation on data set D7.

the Huynh set. To show this switching behavior between the classes, we plot the
transition graph of the first cross-validation fold in Fig. 6.16. Obviously, the
strongest transition is staying in the same class, e.g., for social 96.7%, i.e., the
main portion of the probability mass lies on the diagonal elements of the transition
matrix. However, on some days, not all transitions happen since an activity class
is not performed every day. The HMM inherently models a duration probability
density that is exponentially decaying [69], which is a good fit to our data set. This
is, because many events have a short duration of a few minutes, and a small number
of events have a long duration of hours. Similarly, during sport activities, we have
a high intensity in the ACC signal and a voice activation, which leads to the bigger
mismatch of 17.3% between physical and social. Thus, both classes can also occur
simultaneously and then the user’s intention decides. Here, the situational intention
needs to be better decoded from suitable motion patterns or further sensors, e.g.,
electromyograms for listening attention [148], that can deliver a more reliable input.

To summarize the findings on sequence learning for daily routine recognition,
it strongly improves the recognition performance of all tested non-sequence learners,
RF, MLP, and GMM by adding the HMM to them. For the GMM classifier, the
improvement effect is less strong than for the others. The RF and MLP outperform
the LSTM model. Thus, the sequence learning is, in particular, beneficial for the RF
and MLP classifier as the observation model for the HMM. In addition, we noticed
the expected improvement in the prediction stability over time. A recommended
application would be to apply either the RF-HMM or MLP-HMM combination.
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6.3 Improved Classification Summary

In this chapter, we improved the daily routine recognition (DRR) on two real-world
data sets D7 and DH using online and sequence learning methods. The online ap-
proaches adapted the classification models over time based on the incoming data
stream, whereas the sequence classifiers modeled the temporal relationships be-
tween neighboring samples. On this basis, we performed a comprehensive online
and sequence classifier evaluation to compare the model performances. A possible
combination of online and sequence learning was not analyzed, but it stays open for
future investigations, and it is expected to be beneficial. Thereby, the RF classifier
outperformed the other methods in online learning and also strongly performed in
sequence learning. Thus, the RF is the recommended approach and is expected to
profit the most from a combination of online and sequence learning.

Summary

� In our online simulations, the random forest (RF) enhanced the F- and
accuracy rates up to 1.6% and 1% using the true and predicted labels
compared to the baseline of the initially fitted model.

� Thus, the RF classifier was able to self-improve its model over time and
the improvement was significant. Other classifiers only enhanced either
the minority or majority class detection.

� Additionally, we analyzed the effect of the training sequence order and
demonstrated a smaller influence of less than 2% at the F-measure rate
for the RF.

� In sequence learning experiments, we demonstrated that the multi-
layer perceptron (MLP) and random forest observation model for hid-
den Markov model (HMM) achieved the best F-measure performance of
85.3% and 91.6% on our set and the Huynh set.

� Thereby, the MLP has the strongest F-measure improvement of 6.7%
and 10.2% on both sets by adding the HMM. The long short-term mem-
ory network has an F-measure of 79.7% and 77.7% on both sets.

� The segment error analysis discovers for sequence learners the improved
prediction stability over time. On our set, the remaining confusion for
classifiers mainly stems from the intention-based class decision of the
HA users.
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Chapter 7

Conclusions and Outlook

In this dissertation, we are first to propose a personalized classification system for
hearing aids (HA) based on daily routine recognition (DRR) on microphone and
accelerometer data. Thereby, the goal was to improve a state-of-the-art person-
independent HA classification system by ensuring the temporal stability of the pre-
dictions plus considering the user behavior and acoustic situations. While HA classi-
fication systems are typically trained on recordings of selected acoustic situations in
real conditions and controlled laboratory environments with only microphone data,
we solely performed our analysis on realistic unconstrained situations and environ-
ments of HA wearers following their personal daily routine. Thus, our achievements
grouped into the creation of two real-world data sets, the clustering and visual-
ization analysis of routine situations, the feature impact evaluation of microphone
and acceleration (ACC) data, labeling the daily routine data with an extended
semi-supervised approach, the offline, online, and sequence routine classification in-
vestigations.

In the following, we summarize the corresponding achievements in this disserta-
tion in section 7.1 and give an outlook for the future work in section 7.2, where the
explained material is partially published in [9, 10, 11].

7.1 Conclusions

While developing and optimizing a personalized daily routine recognition system
several achievements of this dissertation can be mentioned:

First of all, to perform the routine analysis, a data set is needed, and the public
Huynh set DH with two accelerometers on the wrist and in the pocket exists. It
contains the real life of Huynh over seven working days. Since we are dealing with
hearing aids, the sensor location is fixed to the ear position on the head, which is
not the case for the Huynh or other activity sets. In addition, the existing previous
studies did not use rich audio features over long-term periods in this high sampling
rate as we do. Hence, there was the need to construct the realistic data sets, DT with
one person and D7 with multiple subjects. Therefore, one of our main contributions
is the time-consuming creation of two large real world data sets with acoustic
and acceleration data. The set DT is recorded for the feasibility experiments to
show which situations are distinguishable and analyze the impact of ACC and audio
features. It has a length of 4016 minutes over 9 days with one subject. To com-
pare the results with the prior work on the public DH set, we used similar generic
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activity labels of a coarse time diary. With the help of data set D7, we assessed
the model generalization abilities for high-level activities across the seven subjects.
Since the very young study participants are non-representative for HA wearers,
they are expected to have a more active lifestyle, which makes our task more chal-
lenging. Thereby, we analyzed the detection performances in a personalized and
person-independent training while using audiological relevant intention-based hear-
ing routine annotations given by HA users. The set contains over 104 days or 63449
minutes of recorded data. Both large data sets are recorded in unconstrained en-
vironments and have various real-life activities of subjects following their personal
daily routine. Thereby, we bridged as one of our main contributions the literature
gap to perform several further investigations introduced in the following.

In our clustering and visualization experiments on the data sets DT and DH, we
analyzed which situations are distinguishable within the feature space. We demon-
strated on the DT set that visualization plots of ACC and audio features or
the activity-loudness map already show distinguishable routine behavior over
time. Additionally, applying dimensionality reduction techniques on the statistical
feature representation for visualization purposes on both sets, the evaluation demon-
strated that the t-distributed stochastic neighbor embedding (t-SNE) finds a very
meaningful embedding of the high-dimensional data. Using the hierarchical clus-
tering method on the t-SNE projection of the DT data, the found clusters, working,
listening, and talking, form a continuous manifold with similar labels confirming the
manifold assumption. In addition, the verifying the clustering assumption,
that, e.g., sport or transport group form own clusters in the feature space. There-
fore, we demonstrated that various situations are distinguishable by the ACC and
audio feature representation.

Labeling the daily routine data of the set DT, a semi-supervised algorithm prop-
agated the coarse knowledge of a time diary to remaining larger set of samples.
One of our contributions demonstrated that our extension of the visual interactive
labeling (VIL) method works well for consistent data annotations in context of
daily routine recognition. It offers the advantages, such as spotting of short routine
events or a better handling of time-offsets with a coarse time diary. Additionally,
the extended VIL approach is highly capable for data exploration purposes. The
VIL method is validated on the public Huynh data set with only acceleration data
and showed a weaker performance compared to the DT set, because the routine
classes overlap within the feature distributions. For the optimal VIL performance,
the classes need to be differentiable in the feature space, which we could show in
the clustering analysis for the DT set.

To find an optimal feature representation for the DRR on the set DT, we analyzed
the impact of our features for the classification tasks. That is why, the DRR is
performed on the three input sets: acceleration, audio, and ACC plus audio. With
only the ACC data, only for some routines a good result is achieved, but others
need to be improved by a better representation. One of our contribution enriches
situational details and confirms that our audio features are very informative
and improve the performance of routine classification in comparison to only apply-
ing ACC features. In addition, we demonstrated that our selected efficient feature
representation is beneficial to differentiate various daily routine situations
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and environments. Furthermore, we showed on the set D7 that our statistical
feature representation is robust against the missing feature problem, since due to
the Bluetooth data transmission, the statistical features are affected by a varying
number of samples.

For the offline daily routine recognition on high-level activities, the model general-
ization investigations are performed on our data set D7 of seven people featuring
ACC and additional audio data with different cross-validation schemes. We con-
firmed that the personalized model is superior to person-independent classifier.
We demonstrated for high-level activities that the leave-one-fold-out cross-validation
returns over-optimistic results due to the temporal correlation bias of neighboring
samples in different folds. We further showed that the best classifiers, multi-
layer perceptron (MLP) and random forest (RF), yielded the significantly
best F-measure performance. The remaining misclassified samples require a tai-
lored motion representation to distinguish the intended behavior more precisely. In
addition, we also processed the Huynh data set with our supervised scheme and
outperformed the topic model approach.

In our online simulation on our data set D7, the goal was to improve the DRR perfor-
mance. A classifier was initially trained on the known subjects and then fine-tuned
on the incoming data of the test subject. The online adaptation is performed to
personalize the model with the true user or predicted labels. Thereby, the random
forest strongly enhanced the F- and accuracy rates using the true and predicted la-
bels compared to the baseline of the initially fitted model. Thus, the RF classifier
can significantly self-improve its model over time. Other classifiers only enhanced
either the minority or majority class detection and had a weaker performance. Ad-
ditionally, we analyzed the effect of the training sequence order and demonstrated a
smaller influence at the F-measure rate for the RF. The stronger interday variations
of the active young subjects hinder an easy adaptation of the online learning, but
the effect is expected to be less strong for representative elderly HA wearers.

In the sequence learning experiments, we wanted to improve the DRR performance
by modeling the temporal correlation between neighboring samples to consider the
order of the routine data. Here, we tested the hidden Markov model (HMM)
with three classifiers as observation models and the long short-term memory (LSTM)
network. We demonstrated that the HMM with the multi-layer perceptron and
random forest observation model achieved the best F-measure performance
on our set D7 and the Huynh set. Thereby, the MLP has the strongest F-measure
improvement on both sets by adding the HMM. The LSTM has a worse F-measure
performance on both sets. We analyzed the temporal behavior of prediction errors
by defining segment errors and discovered that the sequence learners improve as
expected the temporal stability of the predictions. Thereby, the overall errors are
strongly reduced, and the predictions change less over time. However, this introduces
new errors in some situations, where the predictions are too temporally stable. On
our set, the remaining confusion for classifiers mainly stems from the intention-based
class decision of the HA users.
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7.2 Outlook

In this section, possible future investigations and improvements are outlined for the
daily routine recognition. First of all, long-term studies are proposed with repre-
sentative hearing aid users. Thereby, possible challenges, like a concept drift, and
improvements, like an automatic labeling system, are discussed. Further potential
investigations on an improved feature representation are explained with additional
data analytics on the used features and new beneficial sensor modalities are sug-
gested. Since hearing strongly depends on the situational intentions, possible solu-
tions to decode the intentions are introduced. In addition, a potential application
of DRR is explained with individual routine classes as well. Further algorithmic
enhancements are proposed to improve the daily routine recognition.

Long-term Studies with Representative Hearing Aid Wearers

In this dissertation, we performed our experiments on two data sets with non-
representative subjects and an approximated duration of about two weeks per sub-
ject. Therefore, long-term studies with representative HA wearers should be
carried out to determine the DRR performance based on these elderly people. We
can investigate, if they perform other activities, have weaker motion patterns, or
their general routine structure is different. Nevertheless, it is expected, that these
elderly users rely more on a recurring set of activities and environments [79]. In
general, old people are less socially active and mostly stay at home [7]. Thus, the
daily routine recognition should be simplified for the elderly HA wearers.

Emerging Robustness Challenges of Long-term Studies

In case of long-term recordings for many weeks, a concept drift may change the
routine distribution over time [61]. In our work so far, we only found a recurring
drift, which happens due to the different behavior of weekends and weekdays, since
more free time activities are performed at the weekend. In general, gradual behavior
changes can happen due to, e.g., a starting illness, like dementia or depression [149,
150]. This could result in reduced physical activities or less talking in conversations.
Alternatively, an abrupt change may be due to a broken leg, which results in a severe
reduction of movements. Therefore, in future work, long-term recordings should test
the system robustness against stronger routine distribution modifications.

Proposed Improvements for Long-term Studies

Since long-term recordings can be annoying for the subjects due to the constant bur-
den to label the current situation, an automatic labeling system can strongly
reduce the burden. Hence, a pretrained classification system could run in the smart-
phone and trigger a notification alarm on the mobile phone or directly as playback
tone in the HA to remind subjects to label the current situation. In particular,
a user feedback is necessary if the system is uncertain about the current situation,
which can be assessed by the outputted score of a classifier. In some non-appropriate
situations, e.g., a conversation, a subject does not want to be interrupted [27, 28].
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Thus, the system can store the time point of change to allow a retrospective labeling
when it is appropriate, again. This has the advantage that the natural behavior is
not interrupted, and people do not usually know the exact time point of the situ-
ation change, but they remember the executed activities for some time. Thus, the
quality of user feedback in terms of timing issues and forgotten annotations would
be improved.

Binaural Motion Features

Besides using a two-stage statistical feature representation, further improvements
can be made to enhance the description power of the features for the routine classes.
Since the recordings of two hearing aids are not synchronous in time, we could not
use a binaural processing of the acceleration signals for advanced head rotation
features [84]. By temporally aligning both sides, the yaw rotation detection can
particularly be enhanced, which could lead to information about the angular range
of motion or viewing direction presence probability [73, 74]. With these inputs,
conversational situations with a high yaw activity and working on a computer with
less head movements could be better differentiated. In addition, the nodding behav-
ior during conversations can be exploited more, since often a fast-nodding behavior
from a listener is seen [45].

Investigations on other Sensors

Further sensors than the ACC sensor could be as well beneficial to retrieve infor-
mation about the location, environmental parameters, physical activity, or biomed-
ical signals. An overview of different sensor modalities can be found in [2]. For
example, a built-in magnetometer in a HA allows to directly measure the absolute
yaw angle deviation from the north direction. This would be an easier alternative
to analyze the yaw rotation behavior instead of a more complex analysis of two
accelerometers. A gyroscope would allow a direct measurement of the 3D angular
velocity to detect all three possible head rotations. Furthermore, including envi-
ronmental data can be helpful to gain more context information, for example, the
location being at a restaurant, home, or work. This information can be retrieved
in a smartphone from a GPS sensor, geofencing, WiFi network connection, ambient
sensors, or cell towers [151, 152].

Investigations on Event Duration and Time of Day

In our work, the time of day feature had no successful contribution in section 4.2
on both of our data sets D7 and DT, since our younger subjects had too much
variability in the daily routine structure. For the Huynh set, a stronger beneficial
effect was found, because his working routine was strongly structured, and the set
had specific time-related classes like lunch. In general, the time of day feature may
be beneficial for other subjects. In addition, from existing studies on the use of time,
prior knowledge about a typical activity start time or duration can be incorporated
[153]. In [154], an LSTM was used to predict the event duration, which could lead to
a possible performance improvement. We also tested a duration model of an HMM
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with a Gamma distribution, but we could not show an enhancement over a standard
HMM [140], since the duration density is exponentially decaying in the set D7.

Intention based Daily Routine Classes

In our data set D7, we applied intention-based routine classes that the test subjects
choose the appropriate class based on their preferences and intentions in this situa-
tion. This setup leads to an ambiguity in some complex situations, where multiple
choices are possible. To better solve the intention problem in hearing or situation
labeling, additional biomedical sensors can provide a more reliable input. For ex-
ample, the listening effort correlates with complex hearing situations and produces
stress for the body, which can be measured by the heart rate variability [155, 156].
In addition, electromyogram to measure the listening attention [148] or electroen-
cephalography to decode brain activity [157] can distinguish the intended behavior
more precisely. Suitable motion patterns, e.g., head rotations during conversations
[2], can help as well to better decode the situational intentions. In our study with the
seven subjects, we used generic intention-based classes to make our research com-
parable between the subjects, but instead individual or group-based classes
could be applied [75]. Thus, each personal wish of a setting could be trained as one
class. In this case, the preferences of different users may overlap. That is why, the
wishes can be bundled on a group level for a target group to avoid a cold start of
the system for new users with no stored personal wishes. The real-time application
of full approach can be done in future with the integration of subject wishes and
intentions. This would allow to measure the real audiological benefit for the repre-
sentative hearing aid wearers. A possible integration in a hearing aid system with a
proposed audiological setting optimization is described in the Annex A.2 and A.3.

Algorithmic Enhancements and Deep Learning Architectures

Further algorithmic enhancements on the classifiers can be made to increase the
DRR performance. We showed the positive effect of online and sequence learning
for the classification task. Obviously, both learning paradigms can be combined.
Therefore, with online sequence learning the model parameters of an HMM
would change over time, i.e., the transition matrix is adaptive and observation model
is modified as well [158]. In addition, the decoding step needs to store the total
sequence and finds an optimal class sequence. Therefore, an online Viterbi decoding
algorithms should be tested to allow a real-time application [144, 142]. For the LSTM
network, an online variant exists and can be tested [159]. In the online learning, we
updated the model based on the true or predicted labels, but we could also update
the online model based on the predicted labels and only ask for the true user labels
if the model is uncertain. This could be measured by the output score of a classifier.
Further deep learning architectures can be tested, such as convolutional or
other recurrent neural networks like the gated recurrent unit [71, 72]. In another
variant, the deep learning can be directly applied on the low-level acceleration and
acoustic features, but it needs to be ensured that the network can either handle a
variable sampling rate or a robust sampling scheme should stabilize the rate. This
should improve the performance of the neural networks.
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Handling of Class Imbalance and Multi-Label Problem

Furthermore, algorithms to better handle the class imbalance of the routine data
sets should improve the results, because the frequency of different routine classes
strongly varies across data sets and classes. In our case on the D7 set, we tested
different sampling schemes to under-sample or upsample the instances of the minor-
ity or majority classes, but it did not improve our results. The same outcome was
yielded by introducing different costs to weight the wrong predictions. Nevertheless,
here lays some potential for a possible improvement [160, 161]. In addition, one-class
learning for the support vector machine could be beneficial [162]. In our data set
D7, some classes may occur at the same time and the user should select the intended
dominant class, which is also called an overlapping activity. Alternatively, routine
activities are started and then interrupted by another activity, but they are later on
finished, which is called an interleaved activity. We formalized the classification task
as a multi-class problem, i.e., one class is active at a time. Alternatively, the prob-
lem could be written as a multi-label problem [163] meaning multiple classes are
active at the same time. This could better handle the overlapping routine activities.
For interleaved events, a model having a longer temporal context may be beneficial.
In addition, due to different intentions in similar situations, a local neighborhood
weighting function could express the certainty of a class label [164], which is used
as input to train a classifier in the multi-label problem.
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Annex

In this chapter, the study protocol and manual to record the data set D7 is explained
in section A.1. Furthermore, a solution is proposed to find ideal hearing aid settings
based on the daily routine classes in sections A.2. In addition, two proposals are
made on how to integrate the output of the daily routine classifier in an existing
hearing aid with an acoustic classification system in section A.3.

A.1 Data Recording Study Protocol and Manual

for the D7 set

To facilitate the recordings of the data set D7 for the subjects, the study protocol
and manual was written in German and is shown in Fig. A.1. It explains the usage
of the intention-based routine labels and the steps to follow before, during, and
after the recording. The initially chosen class is miscellaneous (misc.), which stands
for unlabeled instances and these intervals are deleted later on. For each of the
other routine classes, the user has to manually select them, and a set of exemplary
activities is given in the manual to facilitate a proper selection of the routine classes.

Before starting the recording, the hearing aids need to be once paired with the
iPhone to allow the Bluetooth connection and the battery status needs to be checked.

During the recording, the user can check if the recording properly runs by an
animation of the acceleration values and can restart a broken Bluetooth. Addition-
ally, the subject can choose a routine label by selecting an option in the drop-down
menu and should alter the choice if the routine class changes.

After the recording, the data are prepared for the export to the storage server.
Therefore, the user inputs his or her initials plus the date for the reference ID of a
file. A description of the data or missed class changes can be noted in the description
field. After the successful upload, the data can be deleted from the smartphone.

A.2 Proposed Audiological Optimization of Per-

sonalized Routine Classes

After the daily routine recognition on the objective audio and acceleration data,
a corresponding personalized device setting needs to be found and linked for each
class as shown in Fig. A.2. Therefore, we propose to use the so-called sound sense
learn approach of [165], which optimizes the HA parameters in a situation based on
subjective A and B comparisons. Thus, the satisfaction of a user with its hearing
aids strongly depends on the optimal choice of the processing parameters. That is
why, the satisfaction is a function of the current device settings and the situational
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Versuchsablauf 

Erklärung der Labels: 
Bitte die Zuordnung der Aktivitäten zu der Routine beachten und die Routine nach dem aktuell 

beabsichtigten und dominanten Verhalten wählen:  

z. B: Gespräch während der Autofahrt → dominante Routine: Social 

Routine Activities 

Transportation Commuting, train, car, bus, plane, location change from A to B 

Physical (Activity) Physical exercises, workout, sport, manual work 

Basics  Hygiene, dressing, resting, eating, preparing food, housekeeping, office work 

Social (Interaction) Family, friends, conversations, play music, singing, call 

(Focused) Listening  Music, cinema, theatre, concert, lecture, TV, media 

Misc. Unregular activities, unknown/ unlabeled or does not fit   

Vor der Aufnahme: 
• HAs & Bluetooth aktivieren 
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• Aktuelle Routine unter (A) Profile auswählen  

• (B) Aufnahme starten durch auf HA/s klicken 

• Bei Änderung der Routine neues Label  

unter Profile (A) vergeben 

• Regelmäßige Kontrolle der bestehenden  

Verbindung von HA zum iPhone  

Nach der Aufnahme:  
(B) Aufnahme beenden und unter (C) exportieren gehen (Bildschirm anlassen): 

• (1) Daten exportieren 

• (2) Reference-ID vergeben: Format: 

initialen_ttmmyyyy_last z. B: tk_05122018_last 

• (3) Kurze Beschreibung geben:  

insbesondere, wenn außergewöhnliche (nicht 

typische oder „normale“) Ereignisse auftreten 

z. B: Desk work, meeting with 5 people  

• WLAN ggf. aktivieren, (4)-(9) Daten hochladen 
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iPhone löschen  
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Figure A.1: The study protocol and manual for the subjects.
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How to find ideal HI settings

Sound Sense Learn optimizes

Satisfaction
= f(HI Settings, Situation)

Daily Routine/
Environment
Recognition

Sound
Sense
Learn

Objective
Data

Preferred
Setting

Environment
Routine

Daily Routine is recognized

and a preferred setting is linked

Figure A.2: The total approach for an improved and personalized hearing aid clas-
sification systems, where the daily routine classifier recognizes the current intention
of a routine situation and, for example, the sound sense learn procedure finds a
preferred hearing aid configuration for this situation.

characteristics. By comparing two audio processing options of two configurations A
and B, the personal preference can be found out and the device settings are tuned
to maximize the satisfaction. In that way, the hearing aid could be optimized for
each daily routine class.

A.3 Integration of Personalized Daily Routine and

Person-Independent Acoustic Classification

For now, a person-independent acoustic classification is performed in the hearing
aids as stated in section 1.2. The Gaussian mixture model (GMM) is a popular
classifier example in many audio or hearing aid studies [49, 64]. That is why, we use
the GMM classifier as an example for our explanation. To integrate the personalized
daily routine recognition into a hearing aid system, two methods are proposed by
fusing the decisions in section A.3.1 or the settings in section A.3.2.

A.3.1 Fusion of Personalized and General Decision Making

The person-independent acoustic classification and the intention-based daily routine
recognition can be combined as displayed in Fig. A.3 to fuse the decisions of both
classification systems for an optimized decision making in terms of the temporal
decision stability. Thus, the short-term acoustic decisions change in range of seconds,
whereas the long-term routine recognition modifies its class decisions in the range
of minutes to hours. Therefore, a balance between both systems achieves an overall
temporal decision stability by fusing the routine and acoustic output probabilities to
a combined score. This is done, for example, by Bayes averaging the scores, training
a logistic regression, or a neural network on the combined score [166].
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Classifier System Design
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Decision Fusion

Fusion Stabilized
Decision
(Settings)
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Acoustic classification:

− Gaussian mixture model (GMM)
for the acoustic classification in quiet (Q),
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Daily Routine:
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acceleration and audio data

− Long-term effects in range of minutes to
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Figure A.3: The decision fusion of acoustic and daily routine classification, where
the short-term acoustic decisions are balanced and stabilized by the slowly changing
routine classification. The stabilized decision applies the optimized configuration.
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Acoustic classification:

− Gaussian mixture model (GMM)
for the acoustic classification in quiet (Q),
music (M), noise (N), and speech (S)

− Short-term effects in range of seconds

Daily Routine:

− Personalized classification by fused
acceleration and audio data

− Long-term effects in range of minutes to
hours

7

Figure A.4: The setting fusion of acoustic and daily routine classification, where the
acoustic decision delivers a general setting, and the personalized routine classifier
fine-tunes the configuration by the fusion of these two settings.

A.3.2 Fusion of Hearing Aid Settings from Person-Independent
and Personalized Classification

In contrast to fuse the decisions, a fusion of settings is also possible in that way the
acoustic classification provides a general setting and the recognized routine is linked
with a personalized setting as shown in Fig. A.4. Thus, the routine classifier fine-
tunes the settings of a generic acoustic classifier to an optimized preferred setting.
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Abbreviations, Acronyms, and
Symbols

ACC Acceleration
ADL Activities of Daily Life
AGNES Agglomerative Nesting aka Hierarchical Clustering
cdf Cumulative Distribution Function
CNN Convolutional Neural Network
CV Cross-Validation
dB Decibel
DB Davies Bouldin criterion
DBSCAN Density-based Spatial Clustering of Applications with Noise
DFT Discrete Fourier Transformation
DNN Deep Neural Network
DR Dimensionality Reduction
DRR Daily Routine Recognition
DT Decision Tree
EM Expectation Maximization
EMA Ecological Momentary Assessment
FFT Fast Fourier Transformation
FN False Negative
FNR False Negative Rate
FP False Positive
FPR False Positive Rate
FS Feature Selection
GMM Gaussian Mixture Model
GT Ground Truth
HA Hearing Aid
HAR Human Activity Recognition
HMM Hidden Markov Model
Hz Hertz
IMU Inertial Measurement Unit
Isomap Isomap
kNN k-nearest neighbor
LDA Linear Discriminant Analysis
LLE Locally Linear Embedding
LODO Leave-One-Day-Out
LOFO Leave-One-Fold-Out
LOPO Leave-One-Person-Out
LP Label Propagation
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LSTM Long Short-term Memory
MAP Maximum A Posteriori
MCR Mean Crossing Rate
ML Machine Learning
MLP Multi-Layer Perceptron
NB Naive Bayes
NF Noise Floor
OVD Own Voice Detection
ORF Online Random Forest
p-value Probability Value
pdf Probability Density Function
P Precision
R Recall
RF Random Forest
SC Spectral Centroid
SD Separation and Inter-cluster Distance Criterion
SFS Sequential Feature Selection
Silh Silhouette
SVD Singular Value Decomposition
SVM Support Vector Machine
std Standard Deviation
TM Topic Model
TN True Negative
TP True Positive
TPR True Positive Rate
t-SNE t-Distributed Stochastic Neighbor Embedding
UMAP Uniform Manifold Approximation and Projection
VIL Visual Interactive Labelling

α angular acceleration
Σ covariance matrix
θ angular position
λ parameter vector or scalar
µ mean
ρ correlation coefficient
σ2 variance
ω angular velocity

A Accuracy
a acceleration
a acceleration vector
acal calibrated acceleration vector
adyn dynamic acceleration vector
alin linear acceleration vector
ames measured acceleration vector
aR radial acceleration vector
aT tangential acceleration vector
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b bias
c a class or cluster ci
ch acoustic channel
C set of classes or clusters
D distance matrix
f frequency
F1 F-measure
g gravitational acceleration of 9.81m

s2

i, j indexes
K number of classes or clusters
L number of layers
l label
Lp Minkowski norm of p
lvl acoustic level
M number of dimensions
N number of samples
n noise
R rotation matrix
r radius
w weight
x feature attribute
x feature vector
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